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Abstract—In this paper, a novel multimodality Medical Image
Fusion (MIF) method, based on Ripplet Transform Type-I (RT)
using Pulse-Coupled Neural Network (PCNN) is presented. The
proposed MIF scheme exploits the advantages of both RT and
PCNN to obtain better results. The source medical images are
first decomposed by discrete RT (DRT). The low-frequency
subbands (LFSs) are fused using the ‘max selection’ rule. For
the fusion of high-frequency subbands (HFSs) a PCNN model is
utilized. Modified Spatial Frequency (MSF) in DRT domain is
input to motivate the PCNN and coefficients in DRT domain with
large firing times are selected as coefficients of the fused image.
Then inverse DRT (IDRT) is applied to the fused coefficients
to get the fused image. The performance of the proposed
scheme is evaluated by various quantitative measures like Mutual
Information (MI), Spatial Frequency (SF), and Entropy (EN)
etc. Visual and quantitative analysis and comparisons show the
effectiveness of the proposed scheme in fusing multimodality
medical images.

Index Terms—Image Fusion, Ripplet Transform, Multi-scale
Geometric Analysis, PCNN, Mutual Information

I. INTRODUCTION

Different modalities of medical imaging reflect different
information of human organs and tissues, and have their
respective application ranges. For instance, structural images
like Magnetic Resonance Imaging (MRI), Computed Tomog-
raphy (CT), Ultrasonography (USG), Magnetic Resonance
Angiography (MRA) etc. provide high-resolution images with
anatomical information. On the other hand, functional images
such as Position Emission Tomography (PET), Single-Photon
Emission Computed Tomography (SPECT) and functional
MRI (fMRI) etc. provide low-spatial resolution images with
functional information. A single modality of medical image
cannot provide comprehensive and accurate information. As a
result, combining anatomical and functional medical images
to provide much more useful information through image
fusion (IF), has become the focus of imaging research and
processing [1].

So far, many IF techniques have been proposed by various
researchers in the literature. Generally, IF methods can be clas-
sified into three categories based on the merging state: pixel
or sensor level, feature level, and decision level. It has been
found, that the pixel-level spatial domain IF methods usually
leads to contrast reduction. Methods based on Intensity-Hue-
Saturation (IHS), Principal Component Analysis (PCA), and
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the Brovey Transform offers better results, but suffers from
spectral degradation [2], [3]. Many Multiresolution Analysis
(MRA) based IF methods have been proposed to improve the
fusion result. Pyramidal IF schemes such that the laplacian
pyramid, the gradient pyramid, the contrast pyramid, the ratio-
of-low-pass pyramid and the morphological pyramid etc. fails
to introduce any spatial orientation selectivity in the decom-
position process, and hence often causes blocking effects [4].
The other MRA-tool, that has been used in IF extensively is
the Discrete Wavelet Transform (DWT) [5], [6]. The problem
with Wavelet Transform (WT) is that, it can preserve spectral
information efficiently but cannot express spatial characteris-
tics well. The isotropic WT is scant of shift-invariance and
multidirectionality, and fail to provide an optimal expression
of highly anisotropic edges and contours in images. So, WT
based fusion scheme cannot preserve the salient features of the
source images efficiently, and will probably introduce some
artifacts and inconsistency in the fused results [7].

Recently, a theory called Multi-scale Geometric Analysis
(MGA) for high-dimensional signals has been developed, and
several MGA tools were proposed like Ridgelet, Curvelet and
Contourlet etc. These MGA tools does not suffer from the
problems of wavelet. Few MIF methods based on these MGA
tools were also proposed to improve the fusion result [7],
[8]. We have used RT in the proposed method, because it
is capable of resolving two dimensional (2D) singularities
and representing image edges more efficiently. However, the
importance/contribution of each source images in the fused
image is unequal, thus how to measure it and combine the cor-
responding coefficients have become the most important prob-
lem in MIF methods based on MRA and/or MGA-tools. To
handle this inequality regarding the importance/contribution
of each of the source images in the fused image, different
activity level measurements (ALMs) have been applied in the
IF paradigm.

PCNN is a visual cortex-inspired neural network and char-
acterized by the global coupling and pulse synchronization
of neurons [9], [10]. PCNN and it’s modified versions have
been used in the IF paradigm by various researchers [11],
[12], [13], [14]. The results of various research works show
that PCNN outperforms the other conventional image fusion
methods. However, in most of the existing IF methods based
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on PCNN, the value of single pixel (coefficient) in spatial
or transform domain is used to motivate one neuron. But
a simple use of pixels (coefficients) in spatial or transform
domain is not effective enough because humans are sensitive
to edges and directional features. So, in this proposed method
modified spatial frequency (MSF) in the DRT domain is used
to motivate the PCNN. The LFSs are fused using the ‘max
selection’ rule, and the HFSs are fused using the PCNN and
MSE. Both visual and quantitative performance evaluations are
made and verified in the paper. Performance comparisons of
the proposed method with some of the existing MIF schemes,
show that the proposed method performs better.

The rest of the paper is organized as follows. RT is described
in Section 2. In Section 3, the standard PCNN model is briefly
reviewed. Section 4, presents the proposed MIF algorithm.
Experimental results and comparisons are given in Section 5,
and we draw conclusion in Section 6.

II. RIPPLET TRANSFORM TYPE-I (RT)

Conventional transforms like FT and WT suffer from dis-
continuities such as edges and contours in images. To address
this problem, Jun Xu et al. proposed a new MGA-tool called
RT. RT is a higher dimensional generalization of the Curvelet
Transform (CVT), capable of representing images or 2D
signals at different scales and different directions. To achieve
anisotropic directionality, CVT uses a parabolic scaling law.
From the perspective of microlocal analysis, the anisotropic
property of CVT guarantees resolving 2D singularities along
C? curves. On the other hand, RT provides a new tight frame
with sparse representation for images with discontinuities
along C? curves [15].

There are two questions regarding the scaling law used in
CVT: 1) Is the parabolic scaling law optimal for all types of
boundaries? and if not, 2) What scaling law will be optimal?
To address these questions, Jun Xu et al. intended to generalize
the scaling law, which resulted in RT. RT generalizes CVT by
adding two parameters, i.e., support ¢ and degree d. CVT is
just a special case of RT with ¢ = 1 and d = 2. The anisotropy
capability of representing singularities along arbitrarily shaped
curves of RT, is due to these new parameters ¢ and d.

A. Continuous Ripplet Transform (CRT)

For a 2D integrable function f('), the CRT is defined as
the inner product of f(7’) and ripplets pa?O(?) as given
below [15] N

R(a, b,0)=(f,p, 2,0 = [ f(@)p,72,(T)dZT (D
where R(a, b ,0) are the ripplet ‘coefficients and (.) denotes
the conjugate operator. The ripplet function of the Eq.(1), is

defined as -
p,70(T) = p,go(Re(T — b)) )

where p — (') is the ripplet element function, Ry =
cosf  sin

—sinf cos HJ

vectors; b and 6 denotes the position parameter and rotation

parameter respectively. The element ripplet function is defined

in frequency domain as

a6>0

is the rotation matrix, 7 and b are 2D

d
Balr,w) = %a%ﬁW(a : T)V(C% - w) 3)
where p,(r,w) are the fourier transform (FT) of pa30(7) in
polar coordinate system, and «a is the scale parameter. W (r)
is the ‘radial-window’ and V'(w) is the ‘angular window’.
These two windows have compact supports on [4,2] and
[—1,1] respectively. They satisfy the following admissibility

conditions: 9 dr
/ WA =1 4)
2

1
/ VE(t)dt =1 &)

-1
These two windows partition the polar frequency domain into
‘wedges’ as shown in Fig. 1(a).

The ripplets functions decay very fast outside the elliptical
effective region, which has the following property for its length
and width: width ~ length®. Length and width is the major
and minor axis of the ellipse respectively. The customizable
effective region tuned by support ¢ and degree d bespeaks the
most distinctive property of ripplets the general scaling. For
c =1, d =1, both axis directions are scaled in the same way.
So ripplet with d = 1 will not have the anisotropic behavior.
For d > 1, the anisotropic property is reserved for RT. For
d = 2, ripplets have parabolic scaling; for d = 3, ripplets
have cubic scaling; and so forth.

The CRT can only capture the characteristics of high
frequency components of f (7), since the scale parameter a
cannot take the value of infinity. So the ‘full’ CRT consists of
fine scale RT and coarse scale isotropic WT. We can perfectly
reconstruct the input function based on its ripplet coefficients.
If f(2') € L? is a high-pass function i.e., its FT vanishes for
lw| < % and ay is a constant, then f(7') can be reproduced
by its RT through

(@)= [ R(a, 7, 9),0a—b>0(?)dad?dO/a3 (6)

and a Parseval formula for f holds

- -
£, = / R(a, D, 0)[2dad b d8/a® ™

(@) (b)
Fig. 1. (a) The tiling of polar frequency domain. The shadowed ‘wedge’
corresponds to the frequency transform of the element function. Ripplet
Transform: (b) MRI image (c) Different subbands after decomposition.
B. Discrete Ripplet Transform (DRT)

As digital image processing needs discrete transform instead
of continuous transform, here we describe the discretization of
RT [15].

The discretization of CRT is based on the discretization of
the parameters of ripplet functions. a is sampled at dyadic
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intervals. b and 6 are sampled at equal-spaced intervals. a;,
b and 6; substitute a, b and 6 respectively, and satisfy
that a; = 2~ i, by = [c 277 . fy,279/4 . ko)T and 6, =
2 o-Li= 1a, I, where % = [k1, k2], and j, k1, ko, | € Z.
(- )T denotes the transpose of a vector. d € R, since any real
number can be approximated by rational numbers, so we can
represent d with d = n/m, n,m # 0 € Z. Usually, we prefer
n,m € N and n, m are both primes. In the frequency domain,
the corresponding frequency response of ripplet function is in
the form ‘ 1 ‘
pj(r,w) = W V(- 27l

where W and V satisfy the following admissibility conditions:

Z|W2J r) )

m+4n
—Qa 2n
C

m—n

mlw-D ®

L9~ li(=1/d)] | w=1)? =

ZW

l=—00
given c,d and j.
The ‘wedge’ corresponding to the ripplet function in the
frequency domain is

(10)

Hy(r,0) = {27 < || <2%,16 - = 27001/ < Za79)
C

The DRT of an M x N image f(n1,n2) will be in the form
of M-1N-1

Z Z f(n1,n2)p

ny= O’I’Lz 0
where R Ty are the ripplet coefficients.

The 1mage can be reconstructed through Inverse Discrete
Ripplet Transform (IDRT)

ZZZR

The Fig. 1(b), and Flg l(c) shows an MRI image and
the subbands of the ripplet transformed MRI image after
decomposition, respectively.

(nl,nz) (12)

nl,ng m,nz) (13)
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Fig. 2. Structure of PCNN.

III. PULSE COUPLED NEURAL NETWORK

PCNN is a single layered, two-dimensional, laterally con-
nected neural network of pulse coupled neurons. The PCNN
neurons structure is shown in Fig. 2. The neuron consists of an
input part (dendritic tree), linking part and a pulse generator.
The neuron receives the input signals from feeding and linking

inputs. Feeding input is the primary input from the neurons
receptive area. The neuron receptive area consists of the
neighboring pixels of corresponding pixel in the input image.
Linking input is the secondary input of lateral connections
with neighboring neurons. The difference between these inputs
is that the feeding connections have a slower characteristic
response time constant than the linking connections. The stan-
dard PCNN model is described as iteration by the following
equations [10], [16]:

Fi,j [n} = eiaFFiyj [TL - 1} +Vr Z wi,]-,kJY,',j[n - 1] —+ Siqj (14)
kL

Lijln]=e **Lij[n =1+ Ve Y mijrYijn—1  (5)
"ol

Ui jln] = Fi;[n](1+ BLi [n]) (16)

T

T; j[n] = e 7T, j[n — 1] + VY [n] (18)

In the Eq.(14) to Eq.(18), the indexes ¢ and j refer to the
pixel location in the image, k and [ refer to the dislocation in a
symmetric neighborhood around one pixel, and n denotes the
current iteration (discrete time step). Here n varies from 1 to
N (total number of iterations). The dendritic tree is given by
Eqgs.(14)-(15). The two main components I’ and L are called
feeding and linking, respectively. w; j; and m; ;. are the
synaptic weight coefficients and S is the external stimulus.
Ve and Vi are normalizing constants. ap and «j are the
time constants; generally, ar < ar. The linking modulation
is given in Eq.(16), where U, ;[n] is the internal state of the
neuron and [ is the linking parameter. The pulse generator
determines the firing events in the model in Eq.(17). Y; ;[n]
depends on the internal state and threshold. The dynamic
threshold of the neuron is Eq.(18), where Vr and ar are
normalized constant and time constant, respectively.

IV. PROPOSED METHOD

The notations used in this section are as follows: A, B,
R represents the two source images and the resultant fused
image, respectively. C' = (A, B, R). LS indicates the LFS
of the image C' at the coarsest scale G. Dgh represents the
HFES of the image C at scale g, (g = 1, ....,G) and direction
h. (i,7) denotes the spatial location of each coefficient. The
method can be easily extended to more than two images.

A. Fusing Low Frequency Subbands

The LFSs coefficients are fused using ‘max selection’ rule.
According to this fusion rule, select the frequency coefficients
from L& or LE with greater absolute value as the fused
coefficients:

@mbvgn|meﬁmn

L G ( ) )

otherwise (19)
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B. Fusing High Frequency Subbands

The HFSs of the source images are fused using PCNN. As
humans are sensitive to features such as edges, contours etc.,
so instead of using PCNN in DRT domain directly (i.e., using
individual coefficients), modified spatial frequency (MSF) in
DRT domain is considered as the image feature to motivate
the PCNN.

1) Modified Spatial Frequency (MSF) : Spatial frequency
(SF) proposed by Eskicioglu et al. is calculated by row and
column frequency [17]. It reflects the whole activity level of
an image, which means the larger the SF, the higher the image
resolution. We have used a modified version of SF in the
proposed MIF method. The MSF consists of row (RF), column
(CF) and diagonal frequency (DF). For a M x N pixels image
f the MSF is defined as

MSF =+/RF? + CF? + DF? (20)
where,
M N
RF = M( m; 2:; Fn = fmm-1]? QD)
1 M N
OF =\ GI -~ mZ:Q;[fm n= Fm-tal?(22)
and,
DF=P+Q (23)
where,
1 M N
P= \ M-D(V-1D mz::%; Jman = fm—1n-1]? 24
and,
1 M N
Q= M —D(N=1) n;;[fmfl,n — fman-1)? (25)

2) Fusion Using DRT-MSF-PCNN: Let, MSF{" be
the modified spatial frequency corresponding to a coefﬁc1ent
Dgh(z7 j), measured by using an overlapping window around
the concerned coefficient where C = (A, B). In order to

reduce the computational complexity, we use a simplified

PCNN:

FCn) = MSF?MC (26)

LIMC ] = e=on LM yohCin—1] @7

nl i,5,k,l

n—1+VL Y ijhkﬁ‘
k,l

UShCln] = FEMCln] « (L+ SLEMCn])  (28)

021 [n) = e 007 n — 1] + VY Cln— 1] (29)
1, UZMCn] > 60970

YQ h,C _ ) i,j i,j 30

J "] 0, otherwise (30)

18] = 79 n — 1] + Y4 n] 31)

where, the feeding input Fig;h’c is equal to the normalized

modified spatial frequency M SF;Z}L’C. The linking input
L*Z’]h’c is equal to the sum of neurons firing times in linking

range. W; ;1 is the synaptic gain strength and subscripts
k and [ are the size of linking range in the PCNN. af is
the decay constants. (3 is the linking strength, V7, and Vj are
the amplitude gains. U,g s the total internal actlvrty and
07" " is the threshold. If Uy g ! , then

the neuron will generate a pulse Yq’ =1, also called one
g,h,C

is larger than 99 ¢

firing time. The sum of Y}’ = 1 in n iteration (namely
the firing times), is used o represent the image information.
Here, rather than quj *“[n], we have analyzed Tf}h “[n), since
neighboring coefficients with similar features represent similar
firing times in a given iteration times.

C. Algorithm

The medical images to be fused must be registered to assure
that the corresponding pixels are aligned. Here we outlines the
salient steps of the proposed MIF method:

1) Decompose the registered source medical images A and
B by DRT to get the LFSs and HFSs.

2) Fused the coefficients of LFSs using the ‘max selection’
rule described in Section IV-A, to get the fused LFS.

3) Compute the MSF as described in Section IV-B1, using
overlapping window on the coefficients in HFSs.

4) Input MSF of each HFSs to motivate the PCNN and gen-
erate pulse of neurons with Eqs.(26)—(30). and compute
the firing times Tf}h’c[n] by Eq.(31).

5) If n = N, then iteration stops. Then fuse the coefficients
in the HFSs by the following fusion rule:

DY, (i,5) = {

6) Apply inverse ripplet transform (IDRT) on the fused LFS
and HFSs to get the final fused medical image.

Dy n(i,d), TN 2 T2 P IN]

S (32)
Df,h(%]),

otherwisee

The block diagram of the proposed MIF scheme is shown in
Fig. 3.

LF
subband

Source | DRT
Image A

LF subband Fused LF
Fusion Rule subband

HE Compute PCNN
subbands MSF Model

HF subband Fused HF
Fusion Rule subbands

Source | DRT
Image B

Compute PCNN
subbands MSF Model

Fig. 3.

Block Diagram of the proposed MIF method.
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V. EXPERIMENTAL RESULTS AND COMPARISONS

To evaluate the performance of the proposed MIF method,
extensive experiments were carried out on various modalities
of medical images. Fig. 4(a)-(b) and Fig. 4(c)-(d) shows two
different sets of source images used in the experiments, and
are denoted by I.S1 and 152, respectively. The CT image in
Fig. 4(a) shows the bones and the MRI image in Fig. 4(b)
displays the soft tissues information. The T1-weighted MR
image in Fig. 4(c) of 152 contains the soft tissues but no
illness information, and the MRA image in Fig. 4(d) shows the
illness information (shown by the marked ellipse) but no soft
tissues information. The decomposition parameter of DRT was
levels = [1,2,4,4]. Parameters of PCNN was set as k x [ =
3x3, ar =0.06931, ap = 0.2, 5 =0.2, V;, = 1.0, Vp = 20,

0.707 1 0.707
W = 1 0 1
0.707 1 0.707

,and N = 200.

®)

(d)

Fig. 4. Source Images: (a) CT image (SF= 4.43, EN= 1.71, STD= 44.75);
(b) MRI image (SF= 6.26, EN= 5.66, STD= 58.84); (c) T1-weighted MR
image (SF= 7.70, EN= 4.15, STD= 69.20); (d) MRA image (SF= 6.49,
EN= 4.33, STD= 25.58). ((a)-(b)) first set .51 and ((c)-(d)) second set 1,52
of images, respectively (downloaded from http://www.imagefusion.org/).

To show the effectiveness of the proposed technique, visual
as well as quantitative analysis were carried out. The selected
quantitative criterions used in the experiments are as follows:

A. Standard Deviation (STD)

It measures the contrast in the fused image. An image with
high contrast would have a high standard deviation.

1 M N
a2 2 (Fm

where M x N denotes the size of the image and F(m,n)
indicates the gray-value of the pixel of image F' at position
(m,n) and

STD = — MEAN)?, (33)

(34)

B. Entropy (EN)

The entropy of an image is a measure of information
content. It is the average number of bits needed to quantize
the intensities in the image. It is defined as

Zp

where p(g) is the probablhty of grey-level g, and the range of g
is [0,.....,L-1]. An image with high information content would
have high entropy. If entropy of fused image is higher than
parent images then it indicates that the fused image contains
more information.

) log, p(g (35)

C. Spatial Frequency (SF)

Spatial frequency can be used to measure the overall activity
and clarity level of an image. Larger SF value denotes better

fusion result:
F=+/RF?+CF2,

where RF is the row frequency and CF is the column fre-
quency:

(36)

M N
RF = ZZ n) = F(m,n - 1)),
m:l n=2 (37)
and
M N
CF = (M mzzjz:: F(m —1,n))2,
(38)

where M x N denotes the size of the image and F'(m,n)
indicates the gray-value of the pixel of image F' at position
(m,n).

D. Mutual Information (MI)

It measures the degree of dependence of the two images. A
larger measure implies better quality. Given two images x g
and xr MI is defined as [18]:

MI =1(xa;2p)+ I(xp;2R), (39)
where
L& hr r(u,v)
I(zg;zr) hr,r(u,v)log #, (40)
£ 2, 2 e 0

where hg, hr are the normalized gray level histograms of xp
and xp, respectively. hr  is the joint gray level histogram
of xp and =g, and L is the number of bins. zxz and xp
correspond to the reference and fused images, respectively.
I(zr;xp) indicates how much information the fused image
xr conveys about the reference xgr. Thus, the higher the
mutual information between xr and x g, the more likely =
resembles the ideal xp.

An expert clinician was asked to subjectively evaluate the
effectiveness of the proposed MIF method. After careful man-
ual inspection, the clinician conformed to the effectiveness of

233



TABLE I
PERFORMANCE COMPARISONS USING /51

Scheme MI SF EN STD
Scheme [7] — 6.56 | 6.39 | 53.82
Scheme [5] 2.71 — 6.73 | 57.98
Scheme [6] 2.06 — 4.98 —
Our Scheme | 3.12 | 7.07 | 6.81 | 64.13

the proposed scheme. He found that the fused images obtained
by the proposed MIF scheme, were more clear, informative
and have higher contrast which is helpful in visualization as
well as interpretation.

(b)

Fig. 5. Results of the proposed MIF scheme (a) fused image of 1S1; (b)
fused image of 152

Fig. 5, shows the resultant fused images obtained by our
proposed MIF method for the two test sets of images 151
and 1S52. It can be easily seen from the Fig. 5, that the
fused images have much more salient features and detailed
information than the source images of Fig. 4.

The Table. I, shows the performance comparisons of our
method against some of the existing schemes using IS1. In
Table. I, ‘“—" denotes the values which are not available. For
the second set of test images /.52 the values of the different
quantitative measures are MI= 4.19, SF= 8.12, EN= 6.46 and
STD= 68.99. The ‘bold’ values indicate the highest values
in the Table. I. The higher value of SF' indicates that the
fused images obtained by our proposed method, have more
activity and clarity level than the source images. Similarly the
higher values of EN and STD for the fused images show
that the fused images obtained by the proposed scheme, have
more information, as well as higher contrast than the source
images. So, it is clear from Table. I that, the fused images
obtained by the proposed MIF method based on CNT are more
clear, informative and have higher contrast which is helpful in
visualization and interpretation.

VI. CONCLUSION

We propose a novel multimodality MIF method based on
ripplet transform using modified spatial frequency motivated
PCNN. The DRT is capable of resolving two dimensional
singularities and representing image edges more efficiently,
which makes the fused images clearer and more informative.
To integrate as much information as possible into the fused
images the low frequency source subbands are fused using
‘max selection’ rule, and PCNN is used to select the ‘better’
coefficients from the decomposed source high frequency sub-
bands. To improve the result, instead of using single coefficient
to motivate the PCNN, modified spatial frequency is used as

the image feature to motivate the PCNN. The proposed MIF
method is analyzed both visually and quantitatively, and is
compared with several existing IF techniques, and the superior-
ity of the proposed scheme is established. Experimental results
show that the proposed method, can preserve more useful
information in the fused image with higher spatial resolution
and less difference to the source images.
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