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Abstract

Medical image fusion is the method of combining or merging complementary information from
two or more source images into a single image to enhance the diagnostic capability. In this work
six different fusion rules are performed for Discrete Wavelet Transform (DWT), Stationary
Wavelet Transform (SWT) and Non Subsampled Contourlet Transform (NSCT) using eight sets
of real time medical images. For fusing low frequency coefficients, average and choose max fusion
rules are used. For the fusion of high frequency coefficients choose max, gradient and contrast
fusion rules are used based on pixel based rule. The proposed technique is performed using eight
groups of Positron Emission Tomography (PET), Computed Tomography (CT) medical images.
The performance of DWT, SWT and NSCT are compared with four different quality metrics.
From experimental output average, gradient fusion rule outperforms other fusion rules from
both subjective and objective estimation. It is also observed that the time taken for the execution
of images is more for Stationary Wavelet Transform (SWT) than Discrete Wavelet Transform

(DWT) and Non Subsampled Contourlet Transform (NSCT).

Keywords: Discrete Wavelet Transform (DWT), Stationary Wavelet Transform (SWT), Non Subsampled Contourlet Transform

(NSCT), Average, Choose max, Contrast, Gradient fusion Rules.

Introduction

Image fusion refers to the practice of amalgamating two
or more images into a composite image that assimilates
the information comprised within the individual image
without any artifacts or noise. Multi-modal medical image
fusion is an easy entrance for physicians to recognize the
lesion to analyze images of different modalities [1]. This
has been emerging as a new and talented area of research
due to the increasing demands in clinical applications. The
area of biomedical image processing is a rapidly rising area
of research from last two decades [2]. Medical imaging
is sub divided into functional and structural information
where magnetic resonance imaging (MRI) and computed
tomography (CT) afford high-resolution images by means
of structural and anatomical information whereas positron
emission tomography (PET) and single-photon emission
computed tomography (SPECT) images afford functional
information with low spatial resolution. Hence the goal is
to reckon the content at each pixel location in the input
images and preserve the information from that image
which best represents the true scene significant content or
enhances the effectiveness of the fused image for a precise
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application.

Here a novel method of six different fusion rules is used
for SWT, DWT and NSCT. These fusion rules are applied
for eight sets of PET, CT images. Choose max, average
fusion rules are applied for low frequency coefficients
and for high frequency coefficients choose max, gradient
and contrast fusion rules are applied and tested both
qualitatively and quantitatively. Section 2 briefly explains
related work, proposed methodology is given in Section
3, and fusion results are given in Section 4, quantitative
analysis of different fusion rules are given in section 5,
global comparison between different fusion rules are given
in section 6 and conclusion in Section 7.

Related Work

Rajiv Singh, Ashish Khare et al., proposed complex
wavelet transform which fuses coefficient of input source
images using maximum selection rule [3] .These results
are compared with LWT, MWT, SWT and also with CT,
NSCT, DTCWT and PCA methods. For fusion of images
maximum selection rule is applied from level 2 to 8 for three
different sets of multimodal medical images. Further it is
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concluded that the results obtained proves that the quality
of fused image increases, as the level increases. Andreas
Ellmauthaler et al., proposed a fusion scheme based on
Undecimated wavelet transform [4]. This splits the image
decomposition procedure into two sequential filtering
operations by spectral factorization of analysis filters.
Here fusion takes place subsequent to convolution with
the first filter pair. Best results are obtained by applying
UWT calculation of low-frequency coefficients and the
outcome are compared with wavelets [5]. The coefficients
of two different types of images through beyond wavelet
transform are obtained and then the low-frequency and
high frequency coefficients are selected by maximum
local energy and sum modified Laplacian method.
Ultimately, the output image is procured by performing
an inverse beyond wavelet transform. The results show
that the maximum local energy is a new approach for
obtaining image fusion with adequate performance. Yi Li,
Guanzhong Liu proposed cooperative fusion mode, where
it is considered the activity levels of SWT and NSCT at the
same time [6]. Initially, every source image is decomposed
by SWT and NSCT. Later fused coefficients are attained
by combining the NSCT coefficients, by taking into
account both the SWT coefficients and NSCT coefficients.
Manoj D. Chaudhary, Abhay B. Upadhyay et al., proposed
a method where the images are extracted using SWT
initially and then global textural features are extracted by
gray level co-occurrence matrix [7]. Different DWT, SWT
based image fusion methods are discussed in [8-14].

Proposed Methodology

As fusion rules play a significant role in image fusion,
to fuse images after decomposition average, choose
max rules are applied for low frequency and for high
frequencies contrast, gradient and choose max rules are
utilized for DWT /SWT/NSCT. The simple block diagram
representation is specified below in Figure 1.

The block diagram illustration of the proposed algorithm

Low Frequency High Frequency

coefficients coefficients
(PET,CT) (PET,CT)
Choose Max /V Gradient
Fusion rule N Fusion rule
v Choose Max
Average Fusion rule
Fusion rule v
Contrast
Fusion rule

Figure 1: Different fusion rules
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Figure 2: Proposed image fusion algorithm

is specified below in Figure 2. The initial step is to acquire
PET and CT images as input. In image preprocessing after
retrieving the input images, to speed up execution time,
image resizing is performed followed by RGB to gray
conversion.

Next step is to decompose the images into LL, LH, HL and
HH frequency coefficients using DWT/SWT/NSCT. For
low frequency coefficients choose max, average rules are
applied whereas choose max, gradient and contrast fusion
rules are used for high frequency coefficients. Different
fusion rules are implemented for DWT/SWT/NSCT.
To reconstruct the original images inverse transform is
applied and to validate the results different performance
metrics are used.

Discrete wavelet transform (DWT)

The discrete wavelet transform (DWT) is a direct
transformation that works on an information vector whose
length is a whole number power of two, changing it into a
numerically diverse vector of the same length. This isolates
information into distinctive frequency components, and
studies every segment with resolution coordinated to its
scale [15]. DWT of an image delivers a non-redundant
image representation, which gives better spatial and
spectral localization compared to existing multiscale
representations. It is computed with a cascade of filters
followed by a factor 2 sub sampling and the principle
highlight of DWT is multi scale representation. By
utilizing the wavelets, given functions can be analyzed at
different levels of resolution. DWT decomposition utilizes
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a course of low pass and high-pass channels and a sub-
sampling operation. The yields from 2D-DWT are four
images having size equal to half the size of input image.
So from first input image HHa, HLa, LHa, LLa images
are obtained and from second input image HHb, HLDb,
LHb, LLb images are obtained. Here LL image contains
the approximation coefficients. LH image contains the
horizontal detail coefficients. HL image contains the
vertical detail coefficients and HH contains the diagonal
detail coefficients. One of the significant disadvantages of
wavelet transform is their absence of translation invariance
[16].

Stationary wavelet transform (SWT)

The stationary wavelet transform (SWT) is an expansion
of standard discrete wavelet transform (DWT) that utilizes
high and low pass channels. SWT apply high and low pass
channels to the information at every level and at next stage
it produces two sequences. The two new successions will
have same length as that of first grouping. In SWT, rather
than annihilation the channels at every level is altered by
cushioning them with zeroes. Stationary Wavelet Transform
is computationally more complex. The Discrete Wavelet
Transform is a time variant transform. The best approach
to restore the interpretation invariance is to average some
slightly distinctive DWT, called undecimated DWT to
characterize the stationary wavelet transform (SWT)
[17]. SWT does this by suppressing the down-sampling
step of the DWT and instead up-sampling the filters by
padding with zeros between the filter coefficients. After
decomposition, four images are generally furnished (one
approximation and three detail coefficients) which are at
half the resolution of the original image in DWT, whereas
in SWT the approximation and detail coefficients will have
the same size as the input images. SWT is like discrete
wavelet transform (DWT), however the main procedure of
down-sampling is stifled which implies that SWT is shift
invariant. It applies the DWT and excludes both down-
sampling in the forward and up-sampling in the reverse
direction. More precisely, it executes the transform at each
point of the image and saves the detail coefficients and
uses the low frequency information at each level.

Non subsampled contourlet transform (NSCT)

Wavelet transform has been considered as a ideal strategy
for image fusion [18]. Despite the fact that DWT is most
normally used, it suffers from shift variance issue. To
overcome the above issue SWT was proposed. Although
SWT is shift invariant technique, it performs better at
segregated discontinuities, yet not at edges and textured
locals. To conquer the above drawbacks and to hold the
directional and multi scale properties of the transform
non subsampled contourlet transform (NSCT) has been
proposed which decomposes the images in the form of
contour segments. Therefore, it can capture geometrical
structure of an image in a more efficient manner than
existing wavelet techniques. NSCT is an amalgamation
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of both non subsampled pyramid and non-subsampled
directional filter bank. Also this is a geometric evaluation
technique that utilizes the geometric regularity which is
present in the individual input images and furnishes an
output image with better localization, multi-direction and
shift invariance.

Fusion Rules

Selection of fusion rules plays a significant role in
image fusion. Most information of the source images is
kept in the low-frequency band as it is a smoothed and
subsampled version of original input image [19]. Higher
value of wavelet coefficients carries salient information
about images such as corners, edges and hence maximum
selection rule, gradient and contrast fusion rule has been
chosen for fusion [20].

Maximum or choose max fusion rule

Higher value of wavelet coefficients contains most
important information about images such as edges, and
corners [3]. Therefore, in maximum selection rule for
fusion, smaller magnitude complex wavelet coefficients
are replaced by means of higher magnitude complex
wavelet coefficients. For every corresponding pixel in
input images, the pixel with the maximum intensity is
chosen and used as the resultant pixel of the fused image.
The major steps of the proposed algorithm are summarized
as follows:

If,

LL1(ij) > LL2(i,)

Lout(i,j) = LL1(i,j);

else

Lout(i,j) = LL2(i,j);

Where, LL=indicates low frequency coefficients,

Lout=indicates output image value, LLIl=indicates
coefficients of CT image and LL2=indicates coefficients
of PET image.

Average fusion rule

This method is a simple one where fusion is achieved by
calculating average of corresponding pixel in each input
image.

Low frequency components are fused by averaging
method.

Mean = (LL Part of PET Image + LL Part of CT Image)/2.
Gradient rule

The term image gradient is a directional change in the
intensity or color of an image that may be used to extract
information. This considerably reduces the amount of
distortion artifacts and contrast information loss that is
observed in fused output images obtained from general
multiresolution fusion schemes [21]. This is because;
fusion in the gradient map domain considerably improves
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the reliability of information fusion processes and the
feature selection. Gradient represents the steepness and
direction of that slope. The appropriate high frequency sub
bands are chosen (LH, HL and HL) to find out the gradient
value. These values of two input images are compared and
the better values are taken as the output and given by,
dx=1;

dy=1;

[dzdx1,dzdyl] = gradient (LH1,dx,dy);

gml = sqrt ((dzdx1 .~ 2 + dzdyl ~2));

where,

dx- Slope along horizontal direction.

dy- Slope along vertical direction.

dz- Slope along diagonal direction.

Contrast rule

Contrast measures the difference of the intensity value at
some pixel from the neighboring pixels as human visual
system is very sensitive to the intensity contrast rather
than the intensity value itself. Initially the mean value for
low frequency part is calculated. Then maximum values
for the LL, HL, LH and HH part are calculated.

Contrast value = Mean/Maximum value of the visible sub
band

Contrast values of two input images are compared and
then mean and maximum of the respective sub bands are
calculated as below,

AL M =mean (mean (LL1 (i-1:i+1,j-1:j+1)));
AL M =mean (mean (LL1 (i-1:i+1,j-1:j+1)));
AL H =max (max (LHI1(i-1:1+1,j-1:j+1)));
AL _V =max (max (HL1(i-1:1+1,j-1:j+1)));
AL D =max (max (HH1(i-1:i+1,j-1:j+1)));
Con_A H (i-1,j-1)=AL H/AL M;
Con A V (i-1,j-1)=AL V/AL M;
Con_A D (i-1,j-1)=AL _D/AL M;

Results and Discussion

Itisessential to assess the fusion action from both subjective
and objective image quality feature measurement. Here
the performance of the proposed work is compared with
eight sets of real time medical images obtained from
Bharat Scans. For DWT, SWT and NSCT six sets of
fusion rules are applied for eight sets of PET, CT medical
images. For the fusion of low frequency coefficients
choose max and average fusion rules are applied whereas
choose max, gradient and contrast fusion rules are used
for high frequency coefficients. The numerical values for
the qualitative measurements are given below followed by
quantitative analysis. In Figure 3, column Al represents
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Computed Tomography (CT) and A2 represents Positron
Emission Tomography (PET) images. The results of the
corresponding outputs of CT, PET images are given as
output images from A3-A20------ H3-H20. In this, Avg.
indicates average, Con. denotes contrast, Gra. denotes
gradient and Max. denotes choose max fusion rule. Figure
4

Global Comparison

Quality assessment of the fused image is complicated in
general, as the ideal fused image is often associated by
specific tasks. Also subjective methods are complicated
to perform as they are based on psycho-visual testing.
These are also expensive in terms of time and equipment
required. Furthermore, there is slight difference between
fusion results and hence subjective means are difficult
to evaluate the correct fusion results. A lot of objective
evaluation methods have been developed for these reasons
and four of them are given below.

Peak signal to noise ratio (PSNR)

Ashigher values of PSNR gives better results, for DWT and
SWT the average, gradient fusion rule gives good results
for all eight image sets. On comparing PSNR values of
NSCT with different fusion rules average, gradient fusion
rule gives better results for image sets 2, 3, 4, 5, 6, 7 and
8 while maximum, gradient fusion rule gives better result
for image set 1.

Root mean square error (RMSE)

On comparing RMSE values of DWT with different fusion
rules average, gradient fusion rule gives better results for
image sets 2, 3, 4, 5, 7 and 8. Maximum, contrast fusion
rule gives better result for image set 1while average,
maximum fusion rule gives better result for image set
6. For SWT with different fusion rules average, gradient
fusion rule gives better results for all image sets. On the
other hand for NSCT average, gradient fusion rule gives
better results for image sets 2, 3, 4, 5, 6, 7 and 8 while
maximum, contrast rule gives better result for image set 1
as lower values of RMSE gives better results.

Entropy

Entropy of an image designates the information content
of the merged image and hence its value must be high. On
comparing entropy values of DWT with different fusion
rules average, gradient fusion rule gives better results for
image sets 1,2,4,5,6,7 and 8 while maximum, contrast
fusion rule gives better result for image set 3. For SWT with
different fusion rules average, gradient fusion rule gives
better results for images 1, 2, 3, 4, 5,6and 8 and average,
maximum fusion rule gives better result for image set 7.
On comparing entropy values of NSCT average, gradient
fusion rule gives better results for images 2, 3, 4, 5, 6, 7
and 8 and average, contrast fusion rule gives better result
for image set 1.

Percentage Residual Difference (PRD)
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4. Results for different fusion rules
OUTPUT IMAGES
INPUT IMAGES (Discrete Wavelet Transform)
Data Avg, Con Avg, Gra Avg, Max Max, Con Max, Gra Max, Max
Set (Rule-1) (Rule-2) (Rule-3) (Rule-4) (Rule-5) (Rule-6)
Al A2 A3 A4 A7
1
2
3
4
5
6
7
8
B)
OUTPUT IMAGES
INPUT IMAGES ( Stationary Wavelet Transform)
Data
Set Avg, Con Avg, Gra Avg, Max Max, Con Max, Gra Max, Max
(Rule-1) (Rule-2) (Rule-3) (Rule-4) (Rule-5) (Rule-6)
A9 All Al2 Al3 Al4

B13
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Figure 3: Results for different fusion rules
Images Peak Signal to Noise Ratio Images Root Mean Square Error
Rule-1 | Rule2 | Rule-3 | Rule-4 | Rule-S | Rule-6 Rule-1 | Rule-2 | Rule3 | Rule-4 | Rule-5 | Rule-6
1 53.4788 | 53.5208 | 53.4683 | 51.1042 | 51.1205 | 51.1004 I 02391 102919 1 02926 | 02744 | 05024 | 05047
2 54.9408 | 54.9611 | 54.8413 | 52.2713 | 52.2820 | 52.2417 > 02085 102075 102133 103854 | 05024 | 03831
3 523975 | 52.4201 | 52.3994 | 49.5386 | 49.5437 | 49.5372 3 03744 103725 103742 1 0.7231 107223 | 0.7234
4 52.1579 | 52.1688 | 52.1356 | 49.5527 | 49.1622 | 49.1541 7 03956 103946 1 03977 1 0.7895 | 07886 | 0.7901
5 52.7478 | 52.7585 | 52.7327 | 49.7505 | 49.7547 | 49.7478 5 03454 103445 103466 1 0.6387 1 0.6380 | 06891
6 523026 | 52.3079 | 52.2914 | 49.2986 | 49.3005 | 49.2957 6 03327 103822 103463 | 0.7642 1 07639 | 0.7647
7 52.5222 | 52.5379 | 52.4918 | 49.5527 | 49.5592 | 49.5496 o 03638 103625 1 03837 [ 0.7208 1 07197 [ 0.7213
8 53.8134 | 53.8275 | 53.7644 | 50.8307 | 50.8384 | 50.8202 8 0.2702 | 02694 | 0.2733 | 0.5370 | 0.5361 | 0.5383
Images Entropy Images
Rule-1 Rule-2 Rule-3 Rule-4 Rule-5 Rule-6 Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6
1 | 7.1358 | 7.1932 | 7.0739 | 6.3975 | 6.3887 | 6.5164 1 [0.5354 - 0.5367 | 0.9249 [ 0.9215 | 0.9257
2 72360 | 7.2577 | 7.2324 | 6.4944 | 6.4947 | 6.6221 2 0.3312 0.3389 | 0.6124 | 0.6109 | 0.6166
3 | 52862 | 52715 | 52897 | 6.4945 | 4.6363 | 4.7282 3 [0.8767 - 0.8763 | 1.6934 | 1.6914 | 1.6939
4 5.8567 | 5.9262 | 5.8065 | 4.4633 | 44817 44816 4 1.0826 1.0881 | 2.1603 | 2.1578 | 2.1619
5 6.5714 | 6.5945 | 6.5697 | 5.6366 | 5.6463 | 5.6660 5 0.8679 0.8709 | 1.7306 | 1.7289 | 1.7316
6 57852 | 5.8332 | 5.7621 | 4.8372 | 4.8355 | 4.9152 6 0.9464 0.9488 | 1.8900 | 1.8891 | 1.8912
7 6.1180 | 6.2015 | 6.0156 | 4.8333 | 4.8457 | 4.9556 7 0.8633 0.8694 | 1.7105 | 1.7079 | 1.7117
8 | 7.0279 | 7.0946 | 6.9855 | 6.0318 | 6.0249 | 6.0562 8 [0.5372 | (5854 | 0.5432 | 1.0675 [ 1.0656 | 1.0701
Figure 44: Quantitative analysis of Discrete Wavelet Transform (DWT)
Images Peak Signal to Noise Ratio Images Root Mean Square Error
Rule-1 Rule-2 Rule-3 Rule-4 Rule-5 Rule-6 Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6
1 53.4851 | 53.5161 | 53.4810 | 51.0924 | 51.1036 | 51.0889 1 0.2915 | 0.2894 | 0.2917 | 0.5056 | 0.5043 | 0.5060
2 54.8672 | 54.9382 | 54.8622 | 52.2336 | 52.2665 | 52.2316 2 0.2120 | 0.2086 | 0.2123 | 0.3888 | 0.3859 | 0.3890
3 52.4075 | 52.4222 | 52.4050 | 49.5366 | 49.5417 | 49.5347 3 0.3735 | 0.3723 | 0.3737 | 0.7235 | 0.7226 | 0.7238
4 52.1483 | 52.1626 | 52.1301 | 49.1485 | 49.1554 | 49.1431 4 0.3965 | 0.3952 | 0.3982 | 0.7911 | 0.7898 | 0.7921
5 52.7394 | 52.7530 | 52.7247 | 49.7434 | 49.7492 | 49.7374 5 0.3461 | 0.3450 | 0.3472 | 0.6898 | 0.6889 | 0.6908
6 522941 | 52.3044 | 52.2872 | 49.2926 | 49.2969 | 49.2899 6 0.3834 | 0.3825 | 0.3840 | 0.7653 | 0.7645 | 0.7657
7 52.5058 | 52.5261 | 52.4828 | 49.5421 | 49.5506 | 49.5341 7 0.3652 | 0.3635 | 0.3671 | 0.7226 | 0.7211 | 0.7239
8 53.7713 | 53.8104 | 53.7469 | 50.8109 | 50.8275 | 50.7981 3 0.2729 | 0.2704 | 0.2744 | 0.5395 | 0.5374 | 0.5411
Images Entropy Images
Rule-1 Rule-2 Rule-3 Rule-4 Rule-5 Rule-6 Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6
T | 7.0071 | 7.0973 | 7.0689 | 64731 | 6.3854 | 6.4352 I | 0.5346 | IS8R | 0.5351 [ 0.9274 | 0.9251 | 0.9282
2 72291 | 72510 | 7.2498 | 6.5714 | 6.5297 | 6.5637 2 0.3368 0.3372 | 0.6177 | 0.6130 | 0.6180
3 5.2654 | 52841 | 52740 | 4.6523 | 4.5862 | 4.6462 3 0.8747 0.8752 | 1.6941 | 1.6922 | 1.6949
4 57913 | 5.8295 | 5.8194 | 4.5079 | 4.5384 | 4.3933 4 1.0850 1.0895 | 2.1647 | 2.1612 | 2.1674
5 | 65592 | 6.5667 | 6.5660 | 5.6057 | 5.6007 | 5.5813 5 08696 . 0.8725 | 1.7334 | 1.7311 | 1.7358
6 5.7244 | 57378 | 5.7329 | 4.8911 | 4.8587 | 4.8758 6 0.9482 0.9497 | 1.8926 | 1.8907 | 1.8937
7 [5.9920 | 5.7378 | 6.0071 | 4.9411 | 49210 | 4.8856 7 | D666 | 0.9461 [ 0.8712 | 1.7147 [ 1.7113 [ 1.7178
8 | 69803 | 69976 | 69751 | 5.9946 | 6.0134 | 5.9528 8 [ 0.5424 | ISBES | 0.5454 | 1.0724 [ 1.0683 | 1.0755

Figure 4B: Quantitative analysis of Stationary Wavelet Transform (SWT)
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Images Peak Signal to Noise Ratio Images Root Mean Square Error

Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6 Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6
1 51.6590 | 50.9121 | 50.8977 | 51.6722 | 51.6726 | 51.6722 1 0.4438 | 0.5271 | 0.5288 | 0.4424 | 0.4425 | 0.4428
2 52.2961 | 53.0209 | 52.9893 | 52.3094 | 52.3095 | 52.3094 2 03832 | 0.3243 | 0.3267 | 0.3821 | 0.3826 | 0.3829
3 51.4155 | 51.7041 | 51.6937 | 51.4205 | 51.4212 | 51.4205 3 0.4694 | 0.4392 | 0.4403 | 0.4688 | 0.4688 | 0.4688
4 53.0847 | 55.1051 | 55.0275 | 53.1035 | 53.1038 | 53.1035 4 03196 | 02007 | 0.2043 | 03182 | 0.3182 | 0.3182
5 53.2690 | 54.9307 | 54.8690 | 53.2854 | 53.2859 | 53.2854 5 0.3063 | 0.2089 | 0.2119 | 0.3052 | 0.3051 | 0.3052
6 52.8235 | 55.0749 | 55.0182 | 52.8343 | 52.8361 | 52.8343 6 0.3394 | 0.2021 | 0.2048 | 0.3386 | 0.3384 | 0.3386
7 53.0882 | 54.4152 | 54.3581 | 53.1066 | 53.1065 | 53.1066 7 03193 | 0.2353 | 0.2384 | 0.3180 | 0.3187 | 0.3185
8 53.1605 | 54.9419 | 54.8708 | 53.1792 | 53.1799 | 53.1792 3 03141 | 0.2084 | 02118 | 03127 | 0.3129 | 0.3126

Images Entropy Images Percentage Residual Difference |

Rule-1 Rule-2 Rule-3 Rule-4 Rule-5 Rule-6 Rule-1 | Rule-2 | Rule-3 | Rule-4 | Rule-5 | Rule-6
1 72960 | 7.2959 | 7.2949 | 6.9158 | 69158 | 6.9158 1 1.3165 | 1.5636 | 1.5688 1.3127 | 13129
2 7.2960 | 7.2969 | 7.2945 | 7.2885 | 7.2885 | 7.2885 2 1.2291 1.0477 | 12253 | 1.2255 | 1.2258
3 72959 | 72961 | 7.2955 | 72574 | 72574 | 7.2574 3 1.4472 13574 | 1.4456 | 1.4456 | 1.4456
4 7.2959 | 7.2968 | 7.2960 | 7.2950 [ 7.2951 [ 7.2960 4 1.1347 07254 | 1.1298 | 1.1298 | 1.1298
5 7.2950 | 7.2969 | 7.2961 | 7.2958 | 7.2961 | 7.2940 5 1.1671 0.8075 | 1.1627 | 1.1298 | 1.1627
6 72951 | 72960 |7.2952 | 7.2955 | 7.2941 | 7.2942 6 1.0998 0.6635 | 1.0970 | 1.0970 | 1.0970
7 7.2959 | 7.2960 | 7.2958 | 7.2955 | 7.2955 | 7.2955 7 1.0965 0.8185 | 1.0919 | 1.0919 | 1.0919
8 7.2942 | 7.2966 | 7.2955 | 7.2945 | 7.2942 | 7.2939 8 1.1280 0.7608 | 1.1232 | 1.1232 | 1.1232

Figure 4C: Quantitative analysis of Non Subsampled Contourlet Transform (NSCT)

While comparing PRD values of DWT with different
fusion rules average, gradient fusion rule gives better
results for all image sets. On comparing PRD values of
SWT average, gradient fusion rule gives better results for
images 1,2,3,4,5,6 and 8 and average, contrast fusion rule
gives better results for image set 7 . For NSCT average,
gradient fusion rule gives better results for image sets 2, 3,
4,5, 6,7 and 8 while maximum, contrast fusion rule gives
better result for image set 1.

Conclusion

A novel pixel based image fusion method using using
six different fusion rules are proposed in this paper
and the results are emphasized in section 4 for discrete
wavelet transform, stationary wavelet transform and non
subsampled contourlet transform. From the observation
of the results it is clear that average fusion rule for low
frequency coefficient and gradient fusion rule for high
frequency coefficient provides better results than other
fusion rules for all discrete wavelet transform (DWT),
stationary wavelet transform (SWT) and Non subsampled
contourlet transform (NSCT). Pixel level fusion is suffered
by blurring effect that directly affects the contrast of the
image in maximum selection rule, compared to average
fusion rule. Hence for low frequency coefficients average
fusion rule is more suitable than the other. Gradient fusion
considerably minimizes the loss of contrast information
and amount of distortion artifacts in fused images. Also this
is because fusion in the gradient map domain significantly
improves reliability of information fusion processes and
the feature selection. Hence for high frequency gradient
based fusion rule is more suitable than other two. Also the
time taken for the execution of SWT is more than DWT
and NSCT. Hence from the observation it is concluded
that average and gradient based fusion rules works better
for bio medical images than other fusion rules.
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