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Image Fusion Based on WRV and NHM Rules for Medical Digital Image in
Contourlet Domain

Journal of Digital
Information Management

ABSTRACT: With the rapid development of medical in-
formation management, there are an increasing number
of medical digital images, and clinicians need to inte-
grate comprehensive multi-source images to make an
accurate diagnosis of a patient. To improve the ability to
understand the fused information of multi-source medi-
cal images, a technique for image fusion based on weighted
regional variance (WRV) and neighborhood homogeneous
measurement (NHM) rules was proposed in this article.
First, the source images were decomposed in multi-scale
and multi-direction to obtain sub-band coefficients by con-
ducting contourlet transform. Then, by analyzing the co-
efficients, the appropriate fusion rules can be selected.
The WRV rule was performed to fuse low frequency sub-
band coefficients as the characteristics of low frequency
sub-band mainly reflect the contour of an image. Addi-
tionally, the NHM rule was adopted to integrate high fre-
quency sub-band coefficients which contain a lot of use-
ful edge details of source images. Finally, an experiment
based on computed tomography (CT) and magnetic reso-
nance imaging (MRI) medical images was conducted. We
also used evaluating indexes to verify the performance of
the proposed algorithm. The simulated results show that
the proposed method can extract features from source
images and inject it into the ultimate object image, and
evaluations can also prove that the method improves the
blurring problem on edges and contours and promotes
the performance of the algorithm.
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1. Introduction

With the development of medical informatization, com-
puter technology, and biomedical engineering, medical
digital imaging equipment can enhance images with a
variety of modalities for clinical diagnostics; these im-
ages provide important information regarding human or-
gans and diseased tissue. Computed tomography (CT)
imaging has high spatial resolution and preferable geo-
metric properties, and can produce clear images of bones.
So, CT can provide a good reference for the tumor local-
ization; however, low contrast can often be found in de-
tecting soft tissue. Magnetic resonance Imaging (MRI) is
capable of displaying anatomical structures, such as soft
tissues, organs, and blood vessels, with high definition,
which is conducive to determine the lesion scope, but is
not sensitive to calcification and is apt to distort geo-
metrically when magnetic interference occurs. Single
photon emission computed tomography (SPECT) and
positron emission tomography (PET) can obtain the dis-
tribution of radioactive concentration at any angle or sec-
tion of the human body, and may reflect the metabolism
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and blood flow conditions for tissues and organs and pro-
vide functional information. However, SPECT and PET
cannot produce high resolution images; as a result, pre-
cise anatomic structures are difficult to obtain, as well as
distinguished contouring of tissues and organs. As a re-
sult, morphological and functional information obtained
from different digital imaging devices, regarding the same
anatomical place of the human body, is mutual and comple-
mentary.

In clinical diagnosis, single modality images often fail to
provide enough information for doctors; therefore, if multi-
modality medical images can be fused appropriately, en-
abling anatomical and functional information to be com-
bined organically, then it could be possible for doctors to
make more precise decisions [1]. If multi-source informa-
tion is displayed in a single digital image, doctors can
understand the diseased tissue or organ more compre-
hensively, and they can then make a more accurate diag-
nosis or develop a more appropriate treatment.

2. State of the Art

Medical digital image fusion technology is a unique appli-
cation in the information fusion field and is one of the
medical digital image processing technologies developed
from the 1990s. It combines a variety of medical image
information and provides a new standard for modern clini-
cal diagnosis. As an important image processing tech-
nology, medical digital image fusion has received wide
attention in recent years. Chen et al. [2] discussed the
value of target delineation of nasopharyngeal carcinoma
(NPC) based on MRI / CT  image fusion. The studies have
shown that the MRI / CT image fusion improved the accu-
racy of gross tumor volume (GTV) delineation of NPC.
Generally speaking, GTVs sketched by different doctors
are often not the same due to the different physiological,
psychological, and even cognitive statuses, and the ac-
curate CT / MRI image fusion is more conducive to the
implementation of precise radiotherapy. In studies of
schizophrenia treatment, the early longitudinal studies
did not show any change regarding the brain and caudate
nucleus of the patient in CT images after diazepam medi-
cation. By using registration and fusion, Randy et al. [3]
found that the caudate nucleus of five schizophrenic pa-
tients had atrophied during the past six-months, and the
brain of another three patients had swelled. Additionally,
these changes provide valuable references for diagnosing
schizophrenia in different stages. Since the identification
and diffusion of many tumors are not obvious and cannot
be determined in anatomical images (CT or MRI), the best
way to analyse tumors is to collect PET images with fluoro-
deoxy-glucose (FDG) as tracer for now, so that the regis-
tration and fusion of PET, CT, and MRI images in tumor
locating can provide references for surgery. Christian et
al. [4] found that PET / MRI may further improve diagnos-
tic accuracy in the differentiation of scar tissue from re-
currence of tumors such as rectal cancer by fusing func-
tional MRI to PET images. They also summarized the
available first experiences with PET / MRI and outlined

the potential value of PET / MRI in oncologic applications.
Liu et al. [5] developed a tumor locating system by fusing
MRI / CT images and PET / CT images, and the volume
method, gross target / common target methods were used
to evaluate the changing of nasopharyngeal neoplasm
GTV and lymph node GTV. The studies have shown that
PET / CT fusion can be used to produce more accurate
staging and a more suitable therapy plan and will influ-
ence the GTV definition further. Zhou et al. [6] discussed
the application of CT / MRI image fusion in three-dimen-
sional conformal radiotherapy GTV determination of pri-
mary liver cancer. Studies have shown that the use of CT
/ MRI image fusion technique was valuable for primary
three-dimensional conformal radiotherapy GTV determi-
nation and can reduce the side effects on surrounding
organs. Many other scholars have conducted related stud-
ies in the multi-modality image fusion domain, such as
the wavelet based transform [7,8], the neural network
based transform [9], fusion based on vision [10,11], fu-
sion based on ridgelet [10], and other methods [11–14].

Image fusion technology consists of two parts: space
domain and multi-resolution frequency domain [15].
Contourlet transform is a multi-resolution, localized and
multi-directional image representation that inherits the
scaling relation of anisotropy of curvelet transform, and it
can be considered as a digital implementation to approxi-
mate the curvelet transform in a certain sense. Contourlet
transform is a sparsely two-dimensional digital image rep-
resentation with properties of directionality and anisot-
ropy; it captures the contour information of images in sub-
bands of different scales and different directions, and it
can be applied in the field of digital image fusion effec-
tively [16]. By studying digital image fusion and contourlet
transform, this paper proposed a CT / MRI image fusion
algorithm based on weighted regional variance (WRV) and
neighborhood homogeneous measurement (NHM) rules
in the contourlet domain.

The remainder of this paper is organized as follows: Sec-
tion 3 shows how the low frequency and high frequency
sub-bands are integrated and what indexes are used to
evaluate images. In section 4, the experiments on
contourlet decomposition are conducted, and then the
performances of the different algorithms and similar algo-
rithms with different fusion rules are both compared. Lastly,
conclusions and future works are given in section 5.

3. Methodology

Perfect registration is the premise of image fusion, so a
strict registration has been made before performing digi-
tal image fusion in this article. It is valuable to conduct
image fusion only when the pixels of two medical images
at the same spatial location are mapped to the same
anatomical structure.

The structure is made up of a Laplace pyramid (LP) and
directional filter banks (DFB), which perform the multi-
scale analysis and multi-directional analysis, respectively
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[17]. The contourlet transform approximates a digital im
age by using the stripe-like base structure which is simi-
lar to the contour segment and the base structure changes
when different aspect ratios are used. Figure 1 shows the
comparison between wavelet base and contourlet base
when approximating a curve. The figure shows that
contourlet has the property of directionality and anisot-
ropy, demonstrates lines and surfaces of an image more
sparsely. Usually, coefficients with larger values corre-
spond to very few points of the image after implementing
contourlet transform, and these points concentrate most
of the information and energy of the image, so a reason-
able fusion system must take these points with larger
values into account when designing the fusion rules. Fig-
ure 2 demonstrates the profile of coefficient distribution of
a test image under contourlet domain, which is unlike the
regular distribution of two-dimensional wavelet decompo-
sition. Additionally, the coefficient distribution of contourlet
transform is related with the parameters produced by the
pyramid directional filter banks (PDFB) in the whole de-
composition process.

(a) curve approximation
by wavelet

(b) curve approximation
by contourlet

Figure 1. The difference of wavelet and contourlet bases
approximate a curve

Given that the test medical digital images have been reg-
istered, the fusion steps for CT / MRI medical image based
on WRV and NHM are shown as follows: 1) Perform multi-
scale and multi-directional contourlet transform on the two
source digital images, A  and B , separately. Multi-scale
decomposition  using LP transform to capture singularities
in the two-dimensional image must first be conducted.
Then DFB decomposes the high frequency signals on each

Figure 2. The distribution of contourlet coefficients after
decomposition

Figure 3. Flow chart for the fusion algorithm

scale and integrates singularities that distribute in the
same direction of the specified coefficient. 2) Implement
the fusion rules after analyzing the coefficients generated
by contourlet transform, so the function of fusion rules for
both low and high frequency sub-bands can be embodied
in the optimization process. The low frequency sub-band
contains the approximation of the original image, which
accounts for the energy of the image. Therefore, for medi-
cal image fusion, it is possible to choose the suitable
fusion rule only when the characteristics of different im-
aging modes have been analyzed. Coefficients with larger
absolute values in high frequency sub-bands correspond
to mutations, such as edge, texture, and other important
information of the image. The main objective in handing
the high frequency information is to increase the image
detail as much as possible. So the WRV and NHM based
fusion rules are designed for low and high frequency sub-
bands, respectively. 3) Conduct inverse contourlet trans-
form on integrated coefficients to obtain a fused image,
and evaluate the image quality from subjective and objec-
tive aspects. The image fusion process is shown in Fig-
ure 3.



154                       Journal of Digital Information Management   Volume   14    Number   3     June  2016

3.1 Rules for Low Frequency Sub-band
The low frequency sub-band acquired from the contourlet
domain mainly represents image contour. At present, the
commonly used fusion rules for low frequency sub-band
image are averaged pixel value, pixel extremum, and other
related methods. The pixel extremum method includes
two branches, maximum and minimum, which have the
advantages of simple calculations and easy implementa-
tion. However, as the gray level of one source image is
used as the gray value of the final image, in most cases,
important medical information from other source images
cannot be integrated, and sometimes distortions can also
happen. The averaged pixel value method is made up of
direct average and weighted-average, the averaging opera-
tion equates to performing smooth processing on images
and generally makes the image blurred despite the fact
that the method is effective in image fusion. Therefore, the
average method blurs edges and contours of the fused
image to varying degrees, and affects the overall contrast
of the image; as a result, the regional characteristics of
the pixel cannot be reflected accurately. Therefore, the
WRV method is adopted to fuse low frequency sub-band
coefficients in proposed algorithms, and the fusion details
for low frequency sub-band coefficients are as follows:

Let ( , )kC m n  denote the coefficient at location (m,n) of the
thk image, where = 1,2,3k . The source digital images are

A , B  and the fused digital image is F ;                 denote
the mean of the 8-neighborhood region centers at position
(m,n) ; and             represent the variance of the 8-
neighborhood centers at point (m,n)

                                                                                                (1)

Suppose α is the weighted coefficient used in WRV for
low frequency sub-band. Thus,

and the fusion coefficient for low frequency sub-band at
position (m,n) is CF(m,n), which can be calculated as fol-
lows:

      (2)

      (3)

                                                                         (4)

3.2 Rules for High Frequency Sub-band
When the image is decomposed in contourlet domain, the
high frequency sub-band coefficients embody particular
information, edges, lines, and contours of the region.
Additionally, the distribution of high frequency sub-band
coefficients exhibit directional characteristics and contain
detailed information for most of the images. For medical
images, the high frequency sub-band coefficients are
relatively stable and the contourlet coefficients are strongly
correlated. The ultimate purpose of fusing high frequency
sub-band coefficients is to retain clear details from source
images as much as possible in order to keep more primitive
medical information.

In this paper, a NHM based local self-adaptive fusion rule
is adopted in high frequency sub-band coefficients fusion
by calculating the level of similarity of the corresponding
neighborhood to decide which coefficient is suitable for
practical fusion, and the NHM can be calculated as fol-
lows:

           (5)

where                  represents the neighborhood energy
under resolution of 2j in direction i, and Ni, j (m,n) represents
the 3 × 3 neighborhood centers at point (m,n). In fact,
NHM quantifies the level of similarity of corresponding
neighborhoods from source images, and a greater NHM
value produces a higher similarity level. Because 0≤NHM

i , j (m, n)≤1,  we define a threshold T and generally have  0
< T < 1. In our experiment, we set it as 0.75 experientially
according to a series of tests; in these cases, the fused
images have shown optimal results in visual effect and
evaluation indexes. Therefore, the threshold is given as
T= 0.75, and the fusion rule of high frequency sub-band
coefficients are expressed as the following:

If NHM i,j (m,n) <  T

                                                                                               (6)Compared with other fusion rules, the WRV proposed in
the paper retains more sensitive information, as larger
variance usually means more information is contained and
the weighted coefficients in the algorithm extract sensitive
information in a better way. So, this method is superior to
the averaging approach as far as the fusion effect is
concerned.

•

•(1-NHM i,j (m, n))

•
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3.3 Quantified Evaluation Indexes
At present, the quantitative evaluation indexes for medical
digital image mainly include three classes: evaluation based
on the amount of information (class 1), evaluation based
on statistics (class 2), and evaluation based on relevance
(class 3) [17]. The indexes of class 1 include information
entropy (IE), cross entropy (CE), and joint entropy (JE),
etc. Class 2 contains mean (ME), standard deviation (SD),
average gradient (AG), edge Q index (Q Index), peak signal
to noise ratio (PSNR), mean square error (MSE), and root
mean square error (RMSE), etc. Mutual information (MI),
correlation coefficient (CC), and  relative deviation (RD),
etc. belong to class 3. In this paper, we select IE, SD, AG,
Q Index, and MI as quantitative evaluation

metrics. IE is one of the most widely used indexes, the
value of which directly reflects the amount of information
for an image. Larger IE value means that more information
is contained in an image. SD indicates the level of deviation
between the gray values of pixels and the average of the
fused image. In a sense, greater fusion effect creates a
greater SD. AG is capable of expressing the definition of
the fused image, and the level of definition is better if there
is a larger AG value of an image. MI measures the mutual
dependence of the two random variables, so a better fusion
effect produces a bigger MI. Q index measures the amount
of edge information transferred from source images to the
fused one, larger Q value indicates better algorithm
performance.

(a) CT images

(b) MRI images

(c) Fused images based on minimum coefficient

(d) Fused images based on maximum coefficient
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(e) Fused images based on average coefficient

(f) Fused images based on proposed WRV+NHM

Figure 4. Fusion results of four fusion rule in contourlet domain

4. Analysis of Results and Discussion

In our experiment, both CT and MRI images are selected
to conduct fusion purpose in which two types of comparison
are performed. Comparison 1 is implemented between
different fusion rules in the contourlet domain, while
comparison 2 is between contourlet transform and some
other varied fusion methods.

In comparison 1, the minimum, maximum, average, and
proposed WRV + NHM rules are adopted, respectively, in
analyzing fusion performance. The fusion result of
comparison 1 is shown in Figure 4, and Figures 4(a) and
4(b) are CT and MRI source images, respectively, and in
each image row, three different images are chosen to
identify the experiment. Figures 4(c), 4(d), and 4(e)
represent the fused images by using minimum, maximum,
and average coefficient rules in the contourlet domain,
respectively, for low frequency and high frequency sub-
bands fusion, and Figure 4(f) demonstrates the fused image
performing proposed WRV + NHM fusion rules.

Figure 4 shows that all four fusion methods can extract
information from both source images and eject it into the
fused image. From a subjective point of view, Figure 4(c)
produces three groups of slightly blurred and dim images
when compared to Figures 4(d), 4(e), and 4(f). In particu-
lar, the first column of Figure 4 (c) fails to integrate most of

the information that comes from the MRI image, which
implies that the minimum coefficient fusion rules are not
applicable for medical image fusion tasks in contourlet
domain in this article. Figure 4(d) shows the intensity of
the images produced by the maximum coefficient fusion
rule is enhanced relative to source images. As far as Figures
4(e) and 4(f) are concerned, images generated by average
and proposed methods are superior to the other two
methods both in definition and in the level of information
abundance. As the subjective estimation is likely to be
affected by psychological status and even mental states
of the observer, the objective criteria must be used in fusion
effect evaluation. In this paper, IE, SD, AG, Q Index, and
MI are adopted to carrying out objective evaluation. Statistic
results in Table 1 partly prove what we have seen in Figure
4 considering the limit of the paper length only data related
to column 2 is listed.

Table 1 illustrates that the minimum coefficient rule may
cause distortions for fused images during an experiment,
as a result, the source information cannot be integrated.
Both maximum and average fusion methods achieve bet-
ter fusion effects when compared with the minimum ap-
proach. The proposed WRV + NHM method in contourlet
domain outperforms the above mentioned three approaches
in four of five criteria. Of them, the indexes, IE, AG, Q, and
MI of WRV + NHM, exceed those of three methods (from
top to bottom) by 69.0%, 19.0%, and 22.8% (for IE), 72.0
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IE SD AG Q Index MI

Minimum 3.2252 7.9243 0.0344 0.4549 3.2924

Maximum 4.5775 8.8872 0.0465 0.6038 4.0606

Average 4.4369 8.7263 0.0301 0.4426 4.0262

%, 13.7%, and 75.7% (for AG), 48.3%, 11.7%, and 52.4%
(for Index Q), 63.8%, 32.8%, and 33.9% (for MI), respec-
tively, and it is slightly inferior to maximum method only
for SD. Therefore, the fused medical image created by the

proposed method has richer information,expresses rela-
tively high definition, and enjoys more edge details trans-
ferred from source images and a better fusion effect.

Table 1. Performance comparison for different fusion rules (data from column 2 of Figure 4)

(a) Fused images based on PCA

(b) Fused images based on LP

(c) Fused images based on wavelet

Figure 5. Fusion results of other three fusion methods

IE SD AG Q Index MI

PCA 4.1907 8.7886 0.0327 0.4479 3.8615

LP 6.0160 8.7618 0.0544 0.6445 3.0866

Wavelet 5.4700 8.8215 0.0535 0.5431 2.9161

Proposed 5.4510 8.8207 0.0529 0.6746 5.3926

Table 2. Performance comparison of different fusion methods (data from column 2 of Figure 5)

Proposed         5.4510   8.8207 0.0529 0.6746 5.3926
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In order to demonstrate the superiority of the proposed
algorithm further, experiments on three other methods are
performed in comparison 2. In this group of analysis, there
are three different fusion algorithms adopted, including a
statistics based method of principal component analysis
(PCA), a multi-resolution decomposition based method
of Laplace pyramid (LP) transform, and a wavelet based
method. Figure 5(a) is the fusion result of PCA method,
the basic principle of which is to obtain the principal com-
ponents of medical source images with different modality
by using PCA, then achieving the fusion image by con-
ducting a weighted average method. Figure 5(b) is the
fusion result of LP method, while the decomposition level
is selected as 4 and highpass and lowpass sub-bands
are treated by “choose max” and “average” rules, respec-
tively. Figure 5(c) shows the fusion result of the wavelet,
the number scale is set to 4, and the wavelet base is
“haar.” Table 2 evaluates the fusion results obtained by
four different methods; the PCA is based on statistics
and the other three are based on transform domain. Ex-
perimental results show that the transform domain algo-
rithms have more advantages than the former when fusing
CT / MRI medical images.

5. Conclusions

To enhance algorithm efficiency and performance, an im-
proved approach for medical digital image fusion based
on weighted regional variance (WRV) and neighborhood
homogeneous measurement (NHM) algorithm in contourlet
transform domain was proposed in this paper. The source
images were first decomposed in multi-scale and multi-
direction using the contourlet transform. Then, the WRV
and NHM fusion rules were adopted to get low-frequency
coefficients and high-frequency coefficients, respectively.
The ultimate fused image was achieved at last by inte-
grating all obtained sub-band coefficients with the inverse
contourlet transform. The main conclusions can be drawn
as follows:

1) The contourlet transform has a comparative advantage
in image fusion application field; it can be applied in CT
and MRI medical image fusion, and a WRV+NHM fusion
rule was also used in contourlet domain and achieved
satisfied results.

2) The proposed WRV+NHM algorithm achieved desired
CT / MRI fusion images when compared with the different
fusion rules in contourlet domain and even the different
fusion methods.

3) When compared to minimum, maximum, and average
fusion rules in contourlet domain, the proposed method
was superior to other three approaches in definition and
obtained the highest evaluation values in information en-
tropy, average gradient, edge Q index and mutual infor-
mation.

4) When compared to principal component analysis
(PCA), Laplace pyramid (LP), and wavelet fusion

methods, the statistics based method PCA were inferior
to other three transform domain based methods. PCA got
the last evaluation place, and it was difficult to determine
which one of the three transform domain methods was
the best in all medical image fusion tests. However, it
was a useful and valuable attempt by employing
WRV+NHM rule in contourlet domain to fuse medical
images.

At present, there are still many technical problems that
need to be solved when applying the proposed algorithm
to clinical diagnosis, and how the proposed algorithm can
be used to fused medical images with other modalities is
an important step in our future work. As the fusion meth-
ods adopted in multi-modal medical image fusion can be
different, how to establish a rational, optimized fusion
system for multi-modal medical images is one of the key
focuses for future studies.
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