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 Medical Images play a vital task in medical diagnosis for cancer and tumor treatment 
slanted information, it is essential to fuse multi
this paper, A completely unique image fusion rule in multi
proposed. Firstly, the sources images are transformed using the dt
the enhanced particle swarm optimization (EnPSO), the low pass sub
image fusion rule in intensity co-variance verification (ICV). Finally, the composite image is reconstructed by the inverse dt
performance of the proposed approach  was broadly t
show that the strategy performs quite well compared with numerous customary   existing acceptable algorithms like Principal C
Analysis (PCA) Discrete Wavelet transform (DWT), Stationary Wavelet Transform (SWT), Traditional dt
non-sub sampled contourlet transform with PCNN and dt
is additional appropriate  for the medical diagnosis.
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INTRODUCTION 
 
 Medical Image Fusion is that the 
method of be process of join one or more images into 
a build a replacement single image, holding 
necessary features of the input images. The resultant 
image is goes to be creating   by significant 
information from same or multiple 
The aspire of medical image fusion 
single modality of medical image cannot 
comprehensive and exact information and also the 
physical process of integration many
medical images is rigorous, time overwhelming , 
human error,  and wishes a great deal of 
Therefore, automatic combining multimodal medical 
images through the image fusion for one modality of 
medical image to a different to
complementary information employed in biomedical 
research and treatment planning of clinical diagnosis 
for doctors [2]. There are a variety of   medical 
images with individual the application boundaries at 
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ABSTRACT 

Medical Images play a vital task in medical diagnosis for cancer and tumor treatment preparation to furnish additional useful and 
slanted information, it is essential to fuse multi-modal medical images similar to CT-MRI, CT-PET, MRI-SPECT image and so on. During 
this paper, A completely unique image fusion rule in multi-modal medical image fusion based on dual-tree complex wavelet transform is 
proposed. Firstly, the sources images are transformed using the dt-cwt followed by the low pass subbands and high pass subbands. Then 
the enhanced particle swarm optimization (EnPSO), the low pass subbands are fused followed the high pass subbands are fused by a novel 

variance verification (ICV). Finally, the composite image is reconstructed by the inverse dt
performance of the proposed approach  was broadly tested on a variety  of multi-modal medical images and also the
show that the strategy performs quite well compared with numerous customary   existing acceptable algorithms like Principal C

orm (DWT), Stationary Wavelet Transform (SWT), Traditional dt-cwt (DTCWT), curvelet (CVT), 
sub sampled contourlet transform with PCNN and dt-cwt with PSO in terms of subjective, objective analysis, visual appearance and it 

r the medical diagnosis.   

EnPSO , CT, ICV, Medical Image Fusion, MRI. 

Medical Image Fusion is that the strategy of be 
method of be process of join one or more images into 
a build a replacement single image, holding 
necessary features of the input images. The resultant 

to be creating   by significant 
information from same or multiple modalities [1]. 
The aspire of medical image fusion could be  a  
single modality of medical image cannot offer 

information and also the 
many modalities of 

medical images is rigorous, time overwhelming , 
wishes a great deal of experiences. 

Therefore, automatic combining multimodal medical 
images through the image fusion for one modality of 
medical image to a different to get the 
complementary information employed in biomedical 
research and treatment planning of clinical diagnosis 
for doctors [2]. There are a variety of   medical 

ual the application boundaries at 

the side of   CT, MRI, PET, and SPECT etc
of CT and MRI images can preserve far more edge 
and component information and to produce a high 
quality fused image used for doctors for
more accurate diagnosis. In worldwide, the 
multimodal medical image fusion is attention of 
specialists and scholars [3]. 
  In dual approaches for image fusion offered as 
spatial domain and transform domain. In spatial 
domain oriented approach particularly pixel level 
lead to contrast reduction. Supported 
approaches, Intensity-Hue
Principal Component Analysis (PCA) and Brovey 
method supply higher results, however suffer from 
spectral degradation. In transform domain conjointly 
referred as Multi-resolution, supported on Pyra
image fusion schemes fail to introduce any spatial 
orientation selectivity within the decomposition 
process and so typically cause blocking effects. Most 
of the above mentioned schemes with its own 
limitations [4-6].  The other MRA technique 
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preparation to furnish additional useful and 
SPECT image and so on. During 

tree complex wavelet transform is 
cwt followed by the low pass subbands and high pass subbands. Then 

bands are fused followed the high pass subbands are fused by a novel 
variance verification (ICV). Finally, the composite image is reconstructed by the inverse dt-cwt. The 

modal medical images and also the experimental results 
show that the strategy performs quite well compared with numerous customary   existing acceptable algorithms like Principal Component 

cwt (DTCWT), curvelet (CVT), 
cwt with PSO in terms of subjective, objective analysis, visual appearance and it 

CT, MRI, PET, and SPECT etc. Fusion 
preserve far more edge 

and component information and to produce a high 
used image used for doctors for intend of 

more accurate diagnosis. In worldwide, the 
multimodal medical image fusion is attention of 

In dual approaches for image fusion offered as 
spatial domain and transform domain. In spatial 
domain oriented approach particularly pixel level 

Supported  the subsequent 
Hue-Saturation (IHS), 

Principal Component Analysis (PCA) and Brovey 
method supply higher results, however suffer from 
spectral degradation. In transform domain conjointly 

resolution, supported on Pyramidal 
image fusion schemes fail to introduce any spatial 

in the decomposition 
cause blocking effects. Most 

of the above mentioned schemes with its own 
The other MRA technique 
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extensively Discrete Wavelet Transform (DWT) can 
preserve spectral information powerfully, however 
cannot express spatial characteristics well [7]. 
Discrete Wavelet Transform (DWT) has been 
effectively apply to an oversized   vary of signal 
processing tasks. But  its performance is inadequate 
owing to the subsequent issues like, Oscillations of 
the coefficients at a singularity, shift variance once 
tiny changes within the input cause giant changes 
within the output, aliasing is due to down sampling 
and non-ideal filtering throughout the analysis and 
lack of directional selectivity in higher dimensions 
i.e. distinguish between +450and -450 edge 
orientations. A extensively best 
known methodology provided of shift invariance is 
to use the un-decimated quite the dyadic filter tree 
that’s obligatory, most expeditiously with a 
tros algorithmic. On the conflicting furnish, this still 
suffers from computation requirements compared to 
the fully decimated DWT and also conjointly 
exhibits high redundancy within the yield 
information [8]. 
  In the last decade, plenty of software and 
systems are developed to work out the image fusion 
downside. Altogether those strategies, based on   
multi-resolution transform fusion methods have 
fascinated a significant quantity of research thought. 
A amount of accepted transforms embody Principal 
Component Analysis (PCA)[9    ],discrete wavelet 
(DWT) [10], stationary wavelet (SWT) [11], Dual-
Tree Complex Wavelet (DTCWT) [12], curvelet 
(CVT) [13],   Non-subsampled Contourlet Transform 
(NSCT)[14] , Dual-Tree Complex Wavelet with 
PSO(DTCWT-PSO)[15],   Non-subsampled 
Contourlet Transform with SF_PCNN(NSCT_SF-
PCNN) [16]. 
 During this paper, a completely unique fusion 
rule is proposed for the fusion of multi-modal 
medical images using dual-tree complex wavelet 
transform. The most motivation is to transform on 
the source images to induce low- and high-frequency 
coefficients owing to holds the further significant 
information in low pass subbands and harmonizing 
information of high pass subbands, will  have 
associate degree an the natural  appear on the 
composite fused subbands using the proposed fusion 
rule by the Enhanced PSO and Intensity Co-variance 
Verification.    In low pass subbands frequently used 
weighted average fusion rule that average the low-
frequency coefficients entirely is to be predictable to 
reduce the contrast of the fused image in some 
extent. Due to defect of low contrast   to conserve the 
region features and emphasize all completely 
different parts adaptively,   exploitation the region 
primarily based weighted average fusion rule to fuse 
the low frequency coefficients. The weights are 
optimized with Enhanced Particle Swarm 
Optimization.   Thus, during this paper to enhanced 
and modified that optimization technique to proposed 
to enhanced PSO is anticipated to make the optimum 

fused result adaptively whereas intensity co-variance 
verification expeditiously verify the frequency 
components from the high frequency coefficients. 
The grouping of these two can preserve additional 
details in source images and further improved the 
quality of fused images. The potency of the proposed 
framework is dispensed   by the in depth fusion 
experiments on totally different multimodal CT/MRI, 
MRT1/MRT2, CT/PET and MRI/SPECT datasets. 
Further, visual and quantitative analysis show that 
the proposed framework provides a additional strong 
fusion outcome once place to ancient image fusion 
techniques. 
 The rest of this paper is organized as follows. In 
Section two summary of the DTCWT-PSO  primarily 
based image fusion theme is given. Section three 
provides the procedure of the proposed technique 
followed by some experiments in Section four and 
conclusions in Section five.  
 
1.1.Overview of the Dual-Tree Complex Wavelet 
Transform:   
A. Skeleton of the DTCWT with PSO: 
 Perform the DTCWT decomposition process up 
to level for n, to get two low frequency sub-bands and 
six high frequency sub-bands at every level. These 
sub-bands are defined as: �(���(�, �	, 
�,�� (�, �	  ⋮ � = �, �= 1,2, �= 1 … 6�                                                                           (1	     �(���(�, �	, 
�,�� (�, �	  ⋮ � = �, �= 1,2, �= 1 … 6�                                                                            (2	      
 Where ���(�, �	, ���(�, �	        Is the low frequency 
sub-bands in the t orientation are, 
�,�� (�, �	
�,�� (�, �	 
represent the high frequency sub-bands l level in the 
d orientation.   
 After decomposing input images into low-
frequency and high-frequency coefficients, fuse low- 
and high-frequency sub-bands are utilized 
in Weighted Average with PSO and most choice rules 
such as a Maximum Selection rule to get composite 
low- and high-frequency fused sub-bands.   
 Inverse DTCWT on the composite low- and 
high-frequency sub-bands up to n levels to obtain the 
Fused image F [15]. 
 
B. Fusion rule: 
 For fusion of the high-frequency coefficients, a 
common and useful image fusion rule is the 
maximum selection fusion rule formulated as:   
�
= {��, ! (",#	,$�%&'(")&

��, * (",#	,+,)(��, * (",#		-+,)(��, ! (",#		                            (3	 

 It is fundamental to suitably fuse the low-
frequency coefficients, because it conserves global 
features which help make sure a natural form of the 
fused image. The low frequency coefficients are 
usually combined by pixel based weighted average 
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fusion rule (PBAVE) to give the fused coefficients. 
But, those fusion rules are notably adjusting the 
intensity range of the images and also reduce the 
contrast in the fused image in the multi-modal 
medical images. So the region based fusion is used to 
multimodal image fusion. The region features of the 
source images, (���(�, �	 and (���(�, �	 is merged 
based on region. The segmentation map is generated 
from a false color image produced by the 
combination of (���(�, �	 and (���(�, �	. In addition, 
the corresponding regions are fused by weighted 
average fusion rule. The values of weights are 
adaptively estimated by PSO with Piella’s index to 
be the fitness function. 
 With the segmentation map, low-frequency 
coefficients are fused region by region with weighted 
average fusion rule. The values of weights are 
predicted by means of the PSO in Eq. (4). A spectral 

segmentation with multiscale graph decomposition 
called multiscale N cuts.  {/0, /1, … . /34 indicates 
the segmentation map, where Rk denotes a region. ��,56(�, �	 = 73 ×  ��,56� (�, �	 +  (1 − 73	 ×��,56� (�, �	                    (4) 
 Where ��,56(�, �	 denotes the fused coefficients 
of   Rk corresponding to ��,56� (�, �	 and ��,56� (�, �	  and 
the weights are optimized by the PSO. 
 
II. Proposed Fusion Approach using DTCWT with 
Enhanced PSO and ICV: 
 The medical images have larger sparsely, and 
the successful detail information of the images can 
be extracted by DTCWT. The block diagram of the 
proposed medical image fusion based on DTCWT is 
shown in Figure 1.   

 

 
 
Fig. 1: The block diagram of the Proposed medical image fusion based on DTCWT. 
 
 The DTCWT explained in section 2 is applied 
on source images and to get appropriate low pass 
subband and elaborate high pass subband images.  
The normalized cut segmentation algorithmic rule is 
applied on image A and B of the low pass subbands 
and n numbers of regions are segmented. The 
number of segmentation algorithms are obtainable in 

literature [17] supported on thresholding and 
clustering. However, based on those algorithms the 
partition criteria   usually generate undesired 
segmented regions. Therefore throughout this paper, 
the low pass subbabds are segmented by the    
normalized cut [18,19]   image segmentation and 
show the segmented process.  

 

                        
 
Fig. 2: Low Pass Subbands Fusion with Segmentation Process. 

 
A. Fusion of low pass subbands using weighted 
average rule with Enhanced PSO: 
 Step 1. After the decomposition process using 
DTCWT to get the low pass subbands then generate 
a segmentation map by normalized cut segmentation 
method. With the segmentation map, low pass 
subbands are fused region by region with weighted 

average fusion rule in Eq.(4) to   different parts of the 
image, weights  w1,w2,….2k for each region take 
values between 0 to 1  and the weights are optimized 
by the Enhanced PSO [20]. Here a single particle 
represents weights of K regions. That is, each particle 
xi is constructed as: 
 ;" = (7",0, … , 7",3, … , 7",<	                                 (5) 
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Where wi,k refers to the kth region’s weight of the i th 

particle. 
Step 2. Initialize the swarm particle by assigning a 
random location in the problem hyperspace to each 
particle 
Step 3. Evaluate   the fitness function for each 
particle using the equation 6.  ="(�	 = ="(� − 1	 + >0?0@�A>B�CDE�(�	 − ;"(� − 1	F+ >1?1@G�ACB�CDE�(�	− ;"(� − 1	F                                 (6	 
Step 4. For each individual particle, compare the 
particle’s fitness value with its pbest. If the current 
pbestvalue is better than the value pbest, then set this 
value as the current particle’s position.  
Step 5. Identify the particle that has the best fitness 
value. The value of its fitness function is identified as 
gbest and its position as pg. 
Step 6. Update the velocities and positions of all the 
particles and the stop searching until reach the 
maximum iteration times. 
Step 7. Repeat steps 3–5 until a stopping criterion is 
met. 

 
B. Fusion of High pass subbands using Intensity 
Co-variance Verification: 
Step 1. After the decomposition process using 
DTCWT to get the high pass subbands 
�,�� (�, �	 B�� 
�,�� (�, �	  from both images are split 
into 3 x 3 windows. 
Step 2. In each windows (both images) to estimate 
the local mean using the Eq.(7). 

∑=
N

i

ji
N

LM ),(
1

                                                          (7)
 

Step 3. Then compute the local variance using the 
below equation. �H = (
��,�(�, �	 − �I	1 / 2                                 (8) 
Where, n is no. of neighbors and LM is Local Mean 
Step 4. Estimate the sum of variance is defined as, E = �H(
��(�, �	 + �H(
��	                                    (9) 
Step 5. Compute the percentage (p) of variances in 
both images using the following equation. K = �H(
��,�(�, �		/s                                       (10) 
Step 6. Finally, choose the best values between the 0 
and 1 to the fused image. 

 
Results and Discussion 

 
 These parts present visual demonstration of 
fusion results for the proposed method. It has been 
assumed that every one source medical images are as 
it should be properly registered. Experiments have 
been performed   two totally different modality of 
images of CT and MR. CT images show superior   
density tissue and bone structures. On conflicting, 
MRI illustrates parenchyma of object of interest. 
Thus CT-MRI images to be fused will yield a 
combined image with on the contents and MRI 
fusion of proton density and   weighted images of T2 
place in harmonizing image details to the   outcome 

of fusion. Furthermore, whole totally different image 
sets such as MR-T1   & MR-T2   are conjointly used.  
Selecting a appropriate constant principle with the 
subjective measurement of the image quality is 
precise. Therefore, primary associate degree an 
evaluation index system is recognized to determine 
the proposed fusion algorithm. These indices are 
determined according to the applied with the 
statistical parameters. 
 
A. Performance of Proposed System Using the  
Quality Metrics: 
i. Standard Deviation (SD): This metric is 
additional efficient in the lack of noise. It dealings 
the contrast in the fused image. An image with high 
contrast would have a high standard deviation [21]. 
 The statistical moment MFof the fused image 
histogram (f) is defined as, 

)()(
1

0
i

n
i

n

i
F fpmfM −=∑

−

=                                                   (11)
 

 Where m is the average intensity and n is the 
maximum possible intensity levels and P(fi) is the 
probability of specific level i occur in fused image. 
Average intensity is defined as, 

∑
−

=
=

1

)"(
n

oi
ii fpfM

                                                         (12)
 

 Standard deviation σ can be defined as the 
second moment about mean [12]. 

)(2 fM=σ                                                             (13) 

 The metric based on standard deviation (σ) can 
be successfully implemented in noise free situation. 
Average contrast in fused image is represented by 
standard deviation. There is direct variation between 
the standard deviation and amount of contrast in 
given image.  
 
ii.  Structural Similarity Index Metric (SSIM):  

Structural similarity   is intended by modeling 
some image deformation as the combination of loss 
of correlation, radiometric and contrast distortion. 
Mathematically, SSIM between two variables U and 
V is defined as[22], 

LLMI(N, H	 = OPQOPOQ
2RPRQRP1 RQ1

2OPOQOP1OQ1                       (14	 

 where are RP, RQ mean intensity andOP , OQ B��  OPQare the variances and covariance respectively. 
Based on the definition of SSIM, a new way to use 
SSIM for the image fusion assessment is proposed in 
[23] and is defined as TU

=
VW
X
WYZ(7	LLMI([, \/7 + @1 − Z(7	FLLMI(], \/7	,�^ LLMI([, ]/7	 > 0.75

max fLLMI g[, \7h ,   LLMI g], \7hi                  
�^ LLMI(], \/7	 < 0.75  

k 
           (15) 
 where w is a sliding window of size, which 
moves pixel by pixel from the top-left to the bottom-
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right corner and Z (w) is the local weight obtained 
from the local image salience.   
 
iii.  Normalized Mutual Information (NMI):  

It is a quantitative appraise of the mutual 
dependence of two variables [23], It typically 
illustrate measurement of the information shared by 
two images. Mathematically, MI between two 
discrete random variables U and V  is defined as, IM(N, H	
= l l K(m, =	 log1 K(m, =	K(m	q(=	r∈Qt∈P

                           (16	 

 Where K(m, =	 the joint probability distribution 
function of U and V is whereas K(m	 B�� K(=	 are 
the marginal probability distribution function of U 
and V respectively. Based on the above definition, 
the quality of the fused image with respect to input 
images A and B can be expressed as Tuv
= 2 f IM([, \	
([	 + 
(\	
+ IM(], \	
(]	 + 
(\	i                                                     (17	 

  Where H(A), H(B) and H(F)   is the marginal 
entropy of images A,B and F respectively. 
 
Edge Similarity Index Measure (ESIM):  
 It provides the similarity between the edges 
transferred in the fusion process. Mathematically, T��/� is defined as[23], 

[ ]
[ ]∑∑

∑∑

= =

= =

+

+
=

M

i

N

j

y
ji

x
ji

M

i

N

j

y
ji

BF
ji

x
ji

AF
ji

FAB

ww

wQwQ

Q

1 1
,,

1 1
,,,,

/

                                          (18)

 

 Where A,B and F represent the input and fused 
images respectively. The definition of T��andT�� 
are same and given as, 

                            (19) 
 Where Tw#� andTx� are the edge strength and 
orientation preservation values at location (i,j) 
respectively for images and . The dynamic range for T��/� is [0,1] and it should be as close to 1 as 
possible for better fusion. 
 
Experiments on CT/MRI Image Fusion: 
 In proposed approach was evaluated  the 
performance of the image fusion with two sets of 
perfectly registered CT-MRI images and two sets of 
MR-T1-MR-T2 images are experimented on many 
set of  gathering of fusion algorithms. All the set of 
input images shown in Figs. 3  of size 256 × 256 
pixel with 256 level grey scale then applied to the 
given datasets by numerous existing and proposed 
algorithms and delivered from   database that furnish   
free access of images for educational and research 
purpose. After this validation, we have a tendency to 
demonstrate the potential of our fusion rule to fuse 
different modalities.  Proposed approach offers 
enhanced information is going to be represented and 
also useful in medical application like medical 
diagnosis for doctors.   

 

 
 
Fig. 3: Multimodal medical image data sets: i and iii CT Images , ii and iv MRI Images, v and vii MRT1 images 
      and vi and viii MRT2 Images 
 
 Based on the above sets of source images, the 
proposed fusion results are better than a few 
accessible algorithms like PCA, DWT, SWT, 
DTCWT, Curvelet, NSCT, NSCT_PCNN and 
DTCWT-PSO. The assessment of statistical 
parameters for the fused images according to totally 
varied fusion algorithms is shown in Table1 and 
visually in Fig. 4. Based on figure and table,   the 
proposed algorithm is obvious, preserves spectral 
information and also improves the spatial detail 
information overall obtainable algorithms, which can 
be simply observed by the obtained maximum values 
of evaluation indices. 
 
III .Conclusion:  
 In this paper, a brand new image fusion skeleton 
is proposed for multi-modal medical images that rely 
on Dual- Tree Complex Wavelet Transform with 

Enhanced particle swarm optimization and intensity 
co-variance verification. Two completely different 
fusion rules are used to multi-modal medical image 
fusion like, EnPSO for low pass subbands whereas 
ICV is adopted because the fusion measurement for 
high pass subbands and ICV    by that additional 
information can be preserved within the fused image 
with improved quality.   All of the assessment 
evaluations point out the proposed method holds 
additional image features and more information are 
conserved in the fusion process. From analysis 
above, the conclusion is that the proposed algorithm 
also demonstrates momentous enhancement over the 
some obtainable fusion methods, whether ot not in 
subjective evaluation or objective evaluation 
criterion. In our proposed technique of medical 
image fusion we have a tendency to get further 
superior image and employment well for edges, 



71         C.G. Ravichandran and R. RubeshSelvakumar, 2015 /Journal Of Applied Sciences Research 11(22), November, Pages:66-72 

corners and aids in reduction of the restricted to 
small area errors. From the a variety of image quality 
estimation table and graphs, it has been obvious that 
the proposed fusion technique outperforms 

alternative ways in terms of standard deviation, 
normalized mutual Information, structure similarity 
index measure and edge similarity index measure.  

 

 
 
Fig. 4: The multimodal medical image fusion results of different fusion algorithms: Fused images from (a1), 

(b1), (c1), (d1) PCA based technique; (a2), (b2), (c2), (d2) DWT based technique; (a3), (b3), (c3), (d3) 
SWT based technique; (a4), (b4), (c4), (d4) DTCWT based techbuque; (a5), (b5), (c5), (d5) Curvelet 
based technique; (a6), (b6), (c6), (d6) NSCT based technique; (a7), (b7), (c7), (d7) DTCWT-PSO 
based technique; (a8), (b8), (c8), (d8) NSCT-PCNN based technique; (a9), (b9), (c9), (d9) proposed 
technique. 

 
Table 1: Evaluation  Performance for Fused Medical Images by Various Quality Metrics. 

Image 
Modalities 

Quality 
Metrics 

PCA DWT SWT DTCWT Curvelet NSCT DTCWT_PSO NSCT-
PCNN 

PROPOSED 

 
Data Set I 
CT and 
MRI 

SD 68.131 55.2629 56.371 60.9285 79.7313 71.7845 55.0581 81.3321 55.7155 
NMI 0.858 0.6653 0.661 0.6212 0.6015 0.5925 0.6197 0.7345 0.8467 
SSIM 4.772 4.71 3.736 3.048 2.9422 3.2162 2.8175 3.3007 2.7958 
ESIM 0.509 0.3536 0.464 0.5366 0.5193 0.5321 0.4966 0.541 0.5933 

Data Set II 
CT and 
MRI 

SD 60.907 55.5307 56.324 58.7205 75.6006 68.8948 61.9303 77.226 64.0278 
NMI 0.811 0.7391 0.752 0.7167 0.6067 0.5934 0.6837 0.7706 0.8784 
SSIM 4.651 4.6315 3.818 3.2453 3.1098 3.219 3.2695 3.3189 3.3579 
ESIM 0.362 0.3343 0.439 0.4825 0.4473 0.4364 0.4732 0.4237 0.4715 

Data Set III 
MRT1 and 
MRT2 

SD 62.926 58.2552 58.755 61.6584 79.0135 69.9583 60.4221 77.6972 60.439 
NMI 0.883 0.7791 0.776 0.7256 0.7209 0.7856 0.7302 0.8251 0.8946 
SSIM 3.727 3.3917 3.107 2.8399 3.1472 3.2173 2.7892 3.3027 3.8187 
ESIM 0.421 0.3643 0.439 0.5093 0.4901 0.4543 0.4994 0.4828 0.5799 

Data Set IV 
MRT1 and 
MRT2 

SD 63.479 62.5586 62.938 64.717 79.2613 71.4532 66.3287 75.7893 65.9677 
NMI 0.78 0.7502 0.75 0.7544 0.6756 0.6983 0.7197 0.8229 0.8904 
SSIM 3.441 3.6191 3.393 3.1298 3.1244 3.3546 3.001 3.1598 3.9138 
ESIM 0.375 0.3693 0.407 0.5017 0.4629 0.4312 0.4868 0.4438 0.4974 
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