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ABSTRACT

In medical applications such as radiotherapy and
guided-image surgery, data fusion for diagnostic imaging
has emerged as a critical issue. Because the objective
of medical image fusion is to improve patient diagnosis
accuracy, the fused image is created by preserving the
source images’ prominent details and features. It has
been demonstrated that the Multi-Level Local Extrema
(MLE) representation has numerous advantages over
traditional image modeling approaches. We propose
an innovative MLE-based fusion method for multimodal
medical images in this paper. In the MLE schema,
the proposed algorithm decomposes source images into
coarse and detailed layers, then fuses the source images
using weights calculated from these detail images using
image statistics. We visually and quantitatively com-
pared the efficacy of the suggested approach to that of
existing methods using five different types of medical
images from various sources. The experimental results
showed that the proposed scheme outperforms other
current typical schemes in terms of both qualitative
image quality and objective evaluation. From the
quantitative results it is concluded that the proposed
algorithm provides an improvement of 64.2% in mutual
information,12.3% improvement in image entropy, 26.5%
improvement in spatial frequency, 21.8% improvement
in standard deviation, 44% improvement in Structural
similarity index, 66.6% improvement in edge strength
of fused image than existing methods considered for
comparison.

Keywords: Multi-Level Local Extrema, Medical Image
Fusion, Image Statistics, Qualitative Evaluation

1. INTRODUCTION

With the advancement of computer science and sensor
technology, medical imaging has become an essential
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tool in a variety of clinical applications such as surgical
navigation, medical diagnosis, treatment planning, and it
is an essential tool for the doctors to accurately diagnose
a particular disease[1]. Medical images are commonly
produced by various imaging mechanisms that focus on
specific organ or a tissue information , such as computed
tomography (CT), magnetic resonance imaging (MRI),
and X-ray. While CT images are being used to precisely
localize dense structures such as bones and implants, MRI
images could provide sufficient soft tissue information
with more functional information [2]. Image fusion’s
primary goal is to create a comprehensive image that
contains the distinctive features of multimodal medical
images in it, allowing physicians to make more accurate
diagnosis [3]. Multiscale transform (MST) methods for
image fusion have gained considerable interest in recent
years. Among the traditional MST tools are Laplacian
Pyramid (LAP) [4], Discrete Wavelet Transform (DWT)
[5], and contourlet transform [6]. Da Cunha et al.
[7] suggested Non-Subsampled Contourlet Transform
(NSCT) in order to achieve higher selectivity and regu-
larity than Contourlet Transform and to remove pseudo-
Gibbs manifestations along the edges to some extent. In
comparison to other decomposition techniques, NSCT
requires more computation. Non-Subsampled Shearlet
transform (NSST) was suggested by Zhang et al. [8]
to reduce the computational complexity of NSCT; NSST
inherits the key characteristics of Shearlet and wavelet,
such as anisotropy and processing speed, and possesses
the shift-invariance of Non-Subsampled processes.

As a result, NSST has a substantial advantage when
it comes to acquiring more information for image fusion.
Edge-preserving filtering is frequently employed as an
image decomposition technique in image fusion because
of its superior feature of edge preservation [9-10]. Edge-
preserving filtering decomposition, in contrast to MST
decomposition, fully utilizes the spatial information of
the image and can produce a wider variety of decom-
position outputs. Bilateral filtering (BF) [11], Gaussian
curvature filtering (GCF) [12], and Guided image filtering
(GF) [13] are examples of common edge preserving
algorithms. A crucial step in image fusion is learning
how to create a thorough weight map in addition to
choosing a good decomposition technique. Traditional
transform domain fusion approaches used simple rules
like average or choose-max to construct the weight
maps. This type of fusion rule ignores the relationship
among pixels, which reduces the contrast of the fused



2 ECTI TRANSACTIONS ON ELECTRICAL ENGINEERING, ELECTRONICS, AND COMMUNICATIONS VOL.22, NO.1 FEBRUARY 2024

Iniensity

100 200 300 400 500 600

X coordinare

(®)

Fig. 1: Illustration of local maxima and minima envelopes.

image and causes salient information to be lost to some
extent. The proposed scheme generates weight maps by
evaluating the strength of information in a detail image
utilizing image statistics. Many neural network models
for image fusion have been proposed, including pulse
coupled neural networks (PCNNs) and self-organizing
feature maps (SOFM). A SOFM network cluster input
sampled by competitive learning, with the winner chosen
as the ultimate fusion component, was proposed by
Zhang et al. [14], but the total number of required output
neurons had to be adjusted manually prior to each fusion.
Wang et al. [15-16] performed multi-focus image fusion
using dual channel PCNNs, however, the initial PCNN
parameters had to be manually adjusted again, and the
average brightness of the fused image was little lower
than that of original source.

The following are some restrictions and problems
associated with Artificial Neural Network-based fusion:
(1) the ANN’s longer iteration time and require manual
parameterization before every fusion; and (2) a rare
malfunction to converge, like with the pulse coupled
neural networks based method whenever few neurons do
not fire throughout the entire iteration. To conquer the
complex computations in MST-based fusion, and manual
parameterization and the longer iteration time in ANN
based fusion, we suggest an innovative fusion algorithm
at pixel-level for multi-modal image data based on the
local extrema, drawing inspiration from the work of Subr
et al. [18]. We decompose an image into the multi-
layers with the same size as that of the original image
by iteratively applying the MLE technique on the low
frequency components of the image, initially starting
with source image. The uniqueness of the suggested
approach is in the fusion step, which creates weight maps
for the pixels by using the detailed layer at each scale.
This is accomplished by employing the horizontal and
vertical Eigen vectors of detail layers. Pixels with high
Eigen values are classified as edge pixels with important
saliency features, whilst those with lower values are
treated as inconsequential saliency features because
Eigen values more accurately capture the ambiguity of
the pixel information.

The remainder of this paper is structured as follows.

The concept of coarse and detailed layers is explained
in the following section. Section 3 describes a local
extrema-based image fusion algorithm, and Section 4
and 5 provides our experimental data and compares the
effectiveness of different methods. Finally, the paper is
concluded with summarization on the obtained fusion
results.

2. MECHANISM OF COARSE AND DETAIL LAYER
DECOMPOSITION

An image could be divided into coarse and detail
layers. As shown in Fig. 1, the coarse layer could
be formed by taking the average of the local minimum
and local maximum envelopes, while the detail layers
could be thought of as the vibration between such
envelopes [18]. In order to construct the local minima
and maxima envelopes, the local minima and maxima
are individually interpolated. The average of these
two interpolates at each pixel makes up the coarse
layer, which gives an approximate representation of the
local mean around which the vibrations occur. The
detail layer could be extracted by subtracting the coarse
layer from the actual image. The coarse layer includes
the original image’s intensity distribution and easily
discernible intensity variations. The detail layer contains
the original’s local edge information and texture pattern.
The coarse layer in a medical image replicates functional
and anatomical information about organs and tissues,
while the detail layer conveys local edges and texture of
the tissue.

The purpose of medical image fusion would be to
incorporate as much diagnostically helpful data as is
possible from multiple sources into a single image. In
addition to texture and local boundaries of the tissue,
the information about anatomical organs and functioning
tissues, is always the most crucial. Information with a
high diagnostic value is primarily found in areas where
both the approximate and detail layers have experienced
significant alterations.

The algorithm for obtaining the detailed and coarse lay-
ers from an input grayscale image F(x,y), where (x,y)
represent the image’s spatial coordinates and F(x,y) is the
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Fig. 2: Multiscale image decomposition using MLE.

pixel intensity at (x,y) location is explained as follows:
All pixels along four borders of F are considered extrema
points, with either L,,,, or L,,;,. On the extrema pixels,
Delaunay interpolation is used to create the extrema
envelopes E, . and E,;,. Averaging E, . and E,,,
yields the coarse layer M, while subtracting M from
the original image F yields the detail layer D.An image
is decomposed into coarse and detail layers in order
to separate the image’s edge and texture information.
This mechanism produces quite similar results as like
convoluting an image with a Gaussian mask [1] , by
taking the average of the local minima and maxima
envelopes. The final image cannot fully capture all
of the texture information that is still available in
the convoluted version of the image after it has been
subtracted from it. Our decomposition scheme is capable
of separating texture from the original image more
effectively.

3. PROPOSED METHODOLOGY
3.1 Multiscale Image Decomposition

Let A and B are two input images obtained from
different imaging modalities. The source images are
decomposed into a coarse layer and multiple detail layers
using the local extrema envelope method at different
scales [21]. The coarse layer is an estimation of an orig-
inal image, while the detail layers show high frequency
details such as textures and edges at different levels of
the wxw sample window. The multiscale decomposition
mechanism of an input image into a coarse layer M and
detail layers d;, L = 1,2,3,....N is illustrated in Fig. 2.

From Fig. 2, an image I is divided into coarse and
detail layers at different scales L=1,2... N, which are
labeled as C; and D; . The final coarse layer M of an
image Ican be obtained from the Eq. (1) by averaging all
the coarse layers at different scales. Using M, the detail
layers at various levels are computed using equation (2),
which are obtained by adding the difference between
final coarse layer M and coarse at each scale C; to the
detail layer at that scale Dj.

N
1
M= — C 1
NLZ:I y (1)

dp =Dy +(Cp — M) ()

In this manner, the detail layers at different levels
(four levels in our work) are obtained for each source
image A and B which are designated as d,{L} and
dp{L} respectively.

3.2 Weight computation using image statistics

Image weights are evaluated in our scheme using
statistical properties of detail coefficients (based on
vertical and horizontal edge strengths). To determine
the optimum weight, a square window of size nxn (in
this work it is taken as 5) considered as a neighborhood
around detail coefficients d,{L} for each level and is
denoted by a matrix X. Determine the covariance matrix
of X using Eq. (3) and unbiased estimate of X, CZ;U(X )
using Eq. (4) at pixel location (u, v) by treating the row
as an observation and the column as a variable.

Covariance(X)) = E[(X-E [X])X-E [X] )T] (3)
=S x T -% @
H()—m;(z— )X, - X) (4)

The variance vector is given by the diagonal elements
of C}'{’U(X ). Find the Eigen values of C;{’U(X ), which
are given by Ag. The sum of these Eigen values yields
horizontal strength of detail layer d 4, { L}, which is given

by Eq. (5).

B wv) =Y Iy (5)
j=1

Using the same procedure, vertical estimate CIL;’U(X )is
obtained at pixel location (u, v) by treating the column as
an observation and the row as a variable. Now find the
Eigen values of CIL;’U(X) and are given by Ay,. The sum of
these Eigen values gives vertical strength of detail layer
d4{L} and is given by Eq. (6).

By wv)= Y 4, (6)
=1

J

From fy (u,v) and fy (u,v), the optimal weight of
pixel located at (u,v) in the detail layer d 4, { L} is obtained
using the Eq. (7).

w (u’ U) = ﬁH (u7 U) + ﬁV (u7 U) (7)

3.3 Proposed image fusion algorithm

The flow diagram of proposed algorithm is presented
in Fig. 3.
Algorithm
Step 1: Read two input images A and B which are to be
fused.
Step 2: Apply multiscale decomposition (four levels)
based on local extrema and compute coarse and detail
layers of each source image using Eqs. (1) and (2) to yield
My, d4{L} and Mp dp{L} respectively.
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Fig. 3: Flow diagram of proposed algorithm.

Step 3: Designate the detail layers of A obtained from
Step 2 at four different levels as d 4 {1},d4{2},d4{3} and
ds{4}.

Step 4: Designate the detail layers of B obtained from
Step 2 at four different levels as dg{1},dp{2}.dg{3} and
dp{4}.

Step 5: Apply Egs. (3) to (7) on Steps 3 and 4, to
compute the optimal weights of each detail layer given as
W, {1} W, {2}, W4{3},and W, {4} for detail layers of A
and Wgp{1},Wg5{2},W{3} and Wy {4} for detail layers
of B.

Step 6: Find the overall weights W, of source image
A and Wj of source image B using the following

pseudocode.
foru=0 : 255
forv =10 : 255

W, (u, v) = max (WA {1}, v), ..., W, {4} (u, U))
Wy(u,v) = max (W {1}, v), ..., Wg{4}(u,v))
end
end

Step 7: Obtain the final fused image F of the source
images A and B using the weighted average rule given

in Eq. (8).

Wy*A+ Wy B
final fused image,F = Wa 5*B) (8)
(W 4+ Wp)

4. SUBJECTIVE ANALYSIS

To illustrate the efficacy of the suggested fusion
method, five pairs of MRI and CT images named
“Dataset-17, “Dataset-2”, “Dataset-3”, “Dataset-4”, and
“Dataset-5” of brain are chosen . They are all 256x 256
in size and cover 256 grey levels. . Dataset-1 depicts
the brain of a healthy patient, Dataset-2 the brain of a
patient who suffered a fatal stroke, Dataset-3 the brain
images of a patient with a neoplastic tumor, Dataset-4 the
sagittal plane images of the brain skull, and Dataset-5 the
brain images of a patient who had a cerebellar metastasis.
The Benchmark Brain Atlas, which is accessible at
http://www.med.harvard.edu/aanlib/home.html, served
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as the source for all the datasets. Fig. 4 depicts the fusion
results for the Dataset-1 image set using various methods.
Figs. 4 (a) and (b) show MRI and CT images, respectively.
The fusion results produced from Sparse Representation
(SR), Discrete Wavelet Transformation (DWT), Non-
Subsampled Shearlet Transformation (NSST), Laplacian
Pyramid (LAP), guided filter methods as well as the
proposed approach are shown in Figs. 4(c)-(h). The
fused results primarily preserve bony structures of the
CT image along with the soft tissues of the MRI image.
The approaches do, however, differ slightly in how they
preserve detail and contrast.

We used a yellow rectangle to highlight the differences
in comparison methods. The fusion results have slightly
low intensity in the marked region, as shown in Figs.
4(c) and (d). Even though the fusion images utilizing
NSST and LAP shown in Figs. 4 (e) and (f) retain
more information from the CT image, but they tend to
lose some details from the MRI image. With regard to
visual clarity, the guided filter performs similarly to our
proposed algorithm, which can completely preserve the
features of the source images, but its contrast is lower
than our method as shown in Figs. 4(g)-(h).

Fig. 5 depicts the second medical image set, Dataset-
2. The use of DWT results in a lack of hard tissue
information such as bone structures and a poor visual
effect as evident from Fig. 5(d); the problem of low
contrast is also present in Fig. 5(c). With respect to
results of the remaining three existing methods, there
were no significant differences. The proposed method
outcome is inferior in terms of preserving CT details
compared with that of guided filter outcome as our
method in this case fail to recognize the row and column
wise frequency variations of pixels in CT image.

Fig. 6 compares the proposed method to other
comparison algorithms on the third medical image set
Dataset-3; the fused image obtained from the suggested
algorithm has good contrast and completely preserves
the soft tissue information, as revealed in Fig. 6(h).

In Figs. 7 and 8 for Dataset-4 and Dataset-5, the SR,
DWT, and NSST methods lose source image details, and
bone structure information is insufficient. The proposed
method produces results with more details, sharp edges,
and increased contrast.

5. QUANTITATIVE ANALYSIS

A quantitative evaluation metric, in addition to qual-
itative evaluation, is an essential tool for measuring
fusion performance. The quantitative evaluation met-
rics like mutual information (MI) ,image entropy (IE) ,
mean structural similarity (MSSIM) , spatial frequency
(SF),standard deviation (SD) , and margin information
retention (Q 4 p/r) are used in this paper to evaluate the
efficacy of different fusion methods [22-25].

1. MI depicts the relationship between two events.
The mutual information of two independent random

variables X and Y is given below:

Y. D plx, ylog,

xeX yeY

MI(X,Y) = 2y
p(x) p(y)

where p(x,y) represents the joint probability distribution
of X and Y and p(x) and p(y) represent the marginal
probability distributions of X and Y, respectively. To
denote the difference in fusion quality, the amount of
MI between each of the two input images and the fused
image can be calculated, and then the total mutual
information measure can be defined as follows:

(10)

Eq. (10) represents the total amount of information
transferred into the fused image F(i, j) from both source
images A(i, j) and B(i, j). A higher value of MI depicts
that the more information is extracted from the source
images.

MI}® =MI(A F)+ MI(B,F)

2. Standard Deviation (SD) is an indicator of the level
of dispersion of an average set of image data. For fused
image, standard deviation is calculated using Eq. (11).

1 M

1 M N
=M—22F(l,j)

i=1 j=1

SD = (F (i, )) — u)?

Mz

(11)

1

(12)

where u is called mean and F(i, j) is the fused image
pixel value at the location (i,j).This metric represents the
clearness of the fused output image; the greater the SD
value, the better is the image quality.

3. Spatial Frequency (S F) is defined as the sum of column
frequency (CF) and row frequency (RF).It is computed
using Eq. (13).

1 M N
SF = —ZZ(CF+RF) (13)
MN i=1 j=I

Here F(i,j) signifies the image’s pixel value and MxN
denotes the image size. The higher the score of this
metric, the higher is the resolution of the fused image.

4. Image Entropy (I E) signifies the quantity of data avail-
able inside a fused image. If the grey level distribution
of an image I is P = {P(,P;,... P;_;},Px indicates the
probability of occurrence of k™ grey level in an image
, and L indicates number of grey levels in an image (256
for grey scale image), IE could be calculated as follows:

L-1

= D (D) logyp (i) (16)
i=0
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(e) NSST (g) Guide filter (h) Proposed

Fig. 4: Fused images of dataset-1 for proposed and different existing methods.

(b) CT source image

(e) NSST (f) LAP (g) Guide filter (h) Proposed

Fig. 5: Fused images of dataset-2 for proposed and different existing methods.

(b) CT source image

(e) NSST (g) Guide filter (h) Proposed

Fig. 6: Fused images of dataset-3 for proposed and different existing methods.

The higher the IE score, the more is the information 5. The Mean Structural Similarity Index Measure
contained in the fused image. (M SSIM) is a useful measure of image similarity that
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(e) NSST

(g) Guide filter (h) Proposed

Fig. 7: Fused images of dataset-4 for proposed and different existing methods.

(e) NSST

(f) LAP

(g) Guide filter (h) Proposed

Fig. 8: Fused images of dataset-5 for proposed and different existing methods.

can be calculated as follows:

SSIM (A, F)+SSIM(B, F)

MSSIM = >

17)

Here SSIM(A, F)and SSIM(B, F) are the correla-
tion coefficients of image A and image B with fused image
respectively.

(2t + C1) Qo + C2)
(U2 + up2 + Cly(c 2 + 0,2 + C2)

SSIM =

where y, is the mean of a and y;, is the mean of b, o is
the co-variance of a and b, 0'02 is the variance of a and
0,2 is the variance of b. Two constants, C1 and C2,
are employed to prevent instability that can arise from
a division with a value close to zero. A possible range for
SSIM values is 0 to 1, with 0 denoting low quality and 1
denoting great quality.The higher the MSSIM score, the
lower is the distortion in the fused image.

6. The transition degree of the edge information of
the input images into the fused image is represented by

Qp/F. It can be evaluated as follows:

N
2 (Qarp(i, DWaG. ) + Qpri, HWp(i, )

j=

M=

1l
—_
—

Oupir =

M=

N
2 (Wali, )+ Wi, )

Jj=

(19)
where Q 4 signifies the edge strength and orientation
preservation value between image A and fused image F.
Similarly Q g signifies the edge strength and orientation
preservation value between image A and fused image
F. W,(,j), Wg(,j) are the weights of O, and
QOprrespectively. If the Q4p/r value increases and
approaches unity, it indicates that the fused image has
little edge information loss.

Table 1 displays the quantitative objective evaluations
based on image assessment metrics. The best results
are marked italic. The proposed scheme of image
fusion yields better performance in terms of Image
Entropy, MI, QAB/F,MSSIM, and the remaining metrics
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Table 1: A comparison of quantitative evaluations of various methods.

Mutual Image Spatial Standard Edge
Dataset type Method Information | Entropy | Frequency | Deviation | MSSIM | Strength
(1) (H) (SF) (SD) (QAB/F)
SR 2.57 5.80 11.68 30.82 0.5122 0.5756
DWT 1.92 6.17 17.13 44.71 0.5246 0.6073
Dataset1 NSST 2.05 6.20 17.05 44.16 0.5366 0.6816
LAP 2.43 6.07 18.10 52.89 0.5518 0.7184
Guided filter 2.31 6.52 16.97 52.89 0.5634 0.7210
Proposed 5.58 6.72 20.05 57.35 0.9902 0.8912
SR 3.42 4.94 17.76 51.40 0.8248 0.5178
DWT 3.19 5.19 22.15 55.73 0.7915 0.5051
Dataset2 NSST 3.34 5.12 20.95 54.56 0.8160 0.5887
LAP 3.34 4.89 21.93 59.92 0.8146 0.5888
Guided filter 3.79 5.20 20.25 55.68 0.8207 0.6028
Proposed 4.94 4.92 21.44 58.23 0.9900 0.8441
SR 3.18 4.52 20.19 61.50 0.7640 0.5157
DWT 3.12 4.86 25.11 66.53 0.7489 0.5473
Dataset3 NSST 3.20 4.88 24.52 65.89 0.7733 0.5971
LAP 3.38 4.39 25.99 69.60 0.7775 0.6042
Guided filter 3.34 5.05 24.39 69.63 0.7762 0.6119
Proposed 4.19 5.30 25.41 70.06 0.9869 0.8046
SR 3.33 7.56 28.98 69.84 0.6532 0.4964
DWT 3.08 7.41 35.94 76.80 0.6263 0.4699
Dataset4 NSST 3.23 7.44 34.60 79.49 0.6628 0.5349
LAP 3.26 7.31 37.03 79.84 0.6462 0.5171
Guided filter 3.52 7.76 34.30 75.36 0.6602 0.5510
Proposed 4.07 7.67 29.68 72.48 0.9858 0.8570
SR 3.19 5.24 17.58 51.71 0.7427 0.4823
DWT 2.80 5.36 22.28 55.72 0.7098 0.4573
Dataset5 NSST 2.94 5.44 21.47 53.79 0.7311 0.5226
LAP 3.18 4.83 23.06 61.11 0.7448 0.5214
Guided filter 3.23 5.78 21.56 66.98 0.7342 0.5330
Proposed 4.21 5.65 24.98 64.99 0.9897 0.8704
Mutual Information Entropy
6 9
8
5 7
4 I N g EDWT 6 EDWT
5 HLAP 5 o LAP
i NSST-SCM 4 M NSST-SCM
2 SR ; o SR
! M GFF 1 o GFF
0 M Proposed 0 M Proposed
&L &S &
FF LS & °
Q7 Q7 QO QO O Q
(a) Comparison bar chart of MI (b) Comparison bar chart of IE
MSSIM Edge Strength Q, g/
1.2 1
0.9
: os ]
0.8 HDWT 0.7 I HDWT
HLAP 0.6 HLAP
0.6 0.5
& NSST-SCM 0.4 & NSST-SCM
04 HSR 03 M SR
0.2 M GFF 0-2 M GFF
0.1
0 M Proposed 0 U Proposed
A ) 5 AT S )
@"‘ .@"‘ .@f’é’ (zf’éi'b"é 'S’x ’b"é @"’é' @"é 'b"é'
PP P PRSP P

(c) Comparison bar chart of MSSIM

(d) Comparison bar chart of Qap/rs

Fig. 9: Bar chart analysis of quantitative metrics of Table 1.
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differ slightly from one another, demonstrating that the
proposed method is competent at preserving saliency
information and edge details. Furthermore, the four
important relative assessment metrics MLIE,QAB/F and
MSSIM, will be intuitively represented as bar charts, as
illustrated in Fig. 9.

6. RESULT ANALYSIS

To sum up the experimental findings, the fusion
results produced by the Sparse Representation (SR)
and DWT methods are substandard because of poor
intensity and lack of sufficient information related to
bone structures. Although the visual impact of NSST,
LPP, and Guided filter methods are satisfactory, the
edge and texture in the yellow highlighted region have
not been completely retained. The proposed method,
on the other hand, achieves better and high intensity
fused images by preserving saliency features, which
produces bone structure and information related to
the soft tissues to the greatest extent possible. Following
this, we go over the quantitative evaluations of the fusion
approaches in depth. Among the six considered metrics,
image entropy(I E), spatial frequency(S F'), and standard
deviation(S D) represent the internal features of a single
image and are commonly used to assess the quality
of fused image. The data entropy of the fused image is
represented by the IE. The SF reveals the image’s clarity.
The contrast of fused image is described by the S'D. The
spread of the image’s grey level dispersion increases with
larger S'D, and increased contrast results in improved
viewing of the fused image. However, some existing
methods have more redundant features, which raises
the value of these three metrics. In order to conduct
more comprehensive objective analysis, three additional
metrics are introduced in this work: M I, QAB/F, and
M SSITM, which can replicate the internal relationship
between the source images and fused image more accu-
rately. The M I depicts the similarity of the correspond-
ing image pair’s intensity distributions and approximates
how much data is gathered from the input images. The
higher the M I value, the more details and information
are obtained from CT and MRI images, as well as the
more clarity and activity level within the fused images.
The M S'SIM measures the amount of distortion in the
fused image. Furthermore, the Q 45/ assess the quantity
of edge information relocated from the input images to
the fused image. This metric is critical for medical image
fusion because the higher the value, the more edge details
like texture and bone structure are fused, which aids
in precise pathological analysis. From the quantitative
evaluation of the experimental results of proposed and
existing methods, the suggested technique achieves an
excellent performance in terms of M1, QAB/F , and
M SSIM metrics, which also implies that the fused
image has had sufficient dense structures, soft tissue
information, salient features and edge details with less
distortion. The proposed method’s results are better
suited for assisting doctors in the precise diagnosis of

diseases.

7. CONCLUSION

A novel method of fusion for MRI and CT medical
images is proposed in this paper by incorporating multi-
scale local extrema mechanism and image statistics in the
spatial domain. MLE is used in the proposed method to
decompose the input images at multiscale, while image
statistics are used to calculate the strength of details in
the source images, based on which the input images are
fused using the weighted average rule to obtain the fused
image. Extensive contrast experiments on various pairs
of CT and MR images have been performed, demonstrat-
ing the supremacy of the suggested approach in both
qualitative as well as objective evaluation. Furthermore,
the results show that the proposed fusion scheme has
potential applications in the medical field.
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