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ABSTRACT

Image fusion is a method for merging vital elements from two images for
higher visual appeal and a better understanding of the data contained in
source images. Application areas for image fusion include the military,
space exploration, and healthcare. In this study, an attempt is made to
use the successful fusion of two images to diagnose brain diseases such as
neoplastic tumors, cerebrovascular tumors, Alzheimer’s tumors, fatal tu-
mors, and sarcoma tumors. In this case, two images are fused after being
segmented with the optimal thresholds obtained using a novel improved
Firefly (pFA) algorithm with a maximization problem employing fuzzy en-
tropy as the objective function. These segmented images are then applied
to Scale Invariant Feature Transform (SIFT) for additional deep feature
extraction. Improved features for better fusion can be obtained by this
cascaded feature extraction. Finally, fusion rules for the source images are
created using interval type-2 fuzzy (IT2FL). On various benchmark image
fusion data sets, the uniqueness of the proposed work is tested, and it is
found to perform better in terms of Peak Signal Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), Edge strength-based Simi-
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larity Measure (Qapr), and Mutual information (M1I).
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1. INTRODUCTION

Medical imaging is a technique aimed at creating
images of the human body using various medical scan-
ners for clinical purposes. These scanned images are
provided to physicians and radiologists for diagnosing
several disorders and diseases related to the human
body. With the advancement in technology, there are
many types of medical scanners which provide specific
imaging details of the human body. For instance, a
Computed Tomography (CT') image scanner provides
hard tissue images of the body, such as bones, brain,
lungs, etc. At the same time, a Magnetic Resonance
Imaging (M RI) scanner provides information about
irregularities in soft tissues such as blood vessels of
the human body. A PET (Positron Emission Tomog-
raphy) image scanner can provide functional infor-
mation about an organ in the human body. While
MRI and CT scanners provide anatomical and struc-
tural information about the body, the PET scanner
can only provide functional information. Thus any
one of these image modalities alone is not capable of

providing all relevant information of an organ in the
human body.

Image fusion can assist physicians and radiologists
with more accurate clinical information that may
not be possible usually with any one of the imaging
modalities discussed above. It is described as a tech-
nique for merging data from various imaging modali-
ties to provide an image of a particular organ that is
more instructive than individual images produced by
the many imaging modalities.This improves the accu-
racy of diagnosing the disorders or diseases about an
organ of the human body, thus enhancing the clinical
ability of medical images. Medical image fusion has
recently been the subject of a lot of ongoing research
[1-3]. Medical image fusion finds its applications in
oncology, radiology, ultrasound, cardiac disease diag-
nosis, etc.

2. RELATED WORKS

In literature, wavelet transforms, including
discrete wavelet decomposition (DWT), complex
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wavelet decomposition (CWT), stationary wavelet
decomposition (SWD), and pyramids like the Lapla-
cian pyramid are the most often utilized multi-
scale image decomposition approaches [4—6]. In [7],
the authors surveyed on various discrete wavelet
transformed-based image fusion approaches and they
contrasted them with the Laplacian pyramid tech-
niques already in use, various wavelet families that
were accessible, and various resolution levels. In con-
trast, [8] discusses numerous classifications of im-
age fusion approaches based on multi-scale decom-
position, primarily using wavelet transformation and
Laplacian pyramid techniques and their variations.
In addition, Image fusion can be carried out using
the wavelet, pyramid, Shearlet, contourlet, dual-tree
complex wavelet, and Curvelet.

The current pyramid image fusion is outperformed
by the discrete wavelet transform-based image fusion,
although DWT has issues with shift aliasing, direc-
tionality absence, and variance. The dual-tree com-
plex wavelet technique solves these issues and is suc-
cessfully used for image fusion [13]. Due to the direc-
tionality and shift-invariance properties of the dual-
tree complex wavelet, the fused image is free of arti-
facts. Additionally, the wavelet family of techniques
generally lacks the ability to represent image curves
and edges. Some cutting-edge multiscale geometric
analysis algorithms are added to image fusion in or-
der to overcome and emphasize the edges and curves
precisely. Curvelets are used to convert images to the
frequency domain for improved comprehension [14].
The use of these Curvelets for remote sensing applica-
tions is explained in[15]. In addition to contourlet and
Curvelet, there is a different transform known as the
Non-Subsampled Contourlet Transform, which is su-
perior to changing two-dimensional images and gives
images with inherent geometrical structure [16]. In
this transform, the image’s discontinuities are high-
lighted by the first Laplacian pyramid, and linear
structures are created by combining them with the
aid of a directional filter bank. The contourlet trans-
form has been successfully used for applications like
surveillance [17], medical imaging [18], and remote
sensing [19] due to its effectiveness in describing spa-
tial structures. Shift-invariance is a feature that this
contourlet transform does not possess due to the
down-sampling process. The Non-Subsampled con-
tourlet transform is the answer to this issue, but it is
a labor-intensive process. Moreover, filters employed
in contourlet transform are fixed; hence, it fails to
represent complex spatial structures in all directions
[20].In [21], image fusion is performed with a shearlet
transform successfully. Computationally complexity
in transforming the image with a Shearlet is less as
compared to a contourlet, and it provides unlimited
directions for shearing and provides different sizes
[22].

In [23], the authors proposed image fusion

techniques in multi-scale decompositions based on
weighted averages; the authors clearly explained the
effect of weights on image fusion quality. They choose
local and global weights at different scales. Based on
the input images, Gemma Piella first created a multi-
resolution segmentation, which she then used to di-
rect the fusion procedure [24]. Lately, Shen et al. pro-
posed image fusion for medical images based on novel
cross-scale rule by considering both interscale and in-
trascale consistencies. Furthermore, the weights at
different scales are optimized by using a generalized
random walker’s method, which effectively exploits
the spatial correlation among adjacent pixels [25].
Whereas in [26], Instead of employing a global op-
timization method, a guided filtering-based weighted
average is used for fusion. Finally, it is concluded,
fused image quality in multi-scale decomposition de-
pends on the level of decomposition and fusion strate-
gies.

While selecting a method that is appropriate for
our application, there is a need to consider several
criteria, including strength, direction, ridges, offset
of the image borders, and other singularities. Once
the technique is chosen, we go forward with global
optimization techniques. Global optimization seeks
to achieve our aim by identifying the optimal set of
permissible conditions. The minima and maxima of
continuous and differential functions are discovered
using this method. Krill Herd Algorithm (KHA),
Particle Swarm Optimization (PSO), Gray Wolf Op-
timization (GWO), Honey Bee Mate Optimization
(HBMO), and Firefly Algorithm are the methodolo-
gies (FA). Among them, Firefly has more significant
advantages thanks to its straightforward mathemat-
ics, simplicity in use, quick convergence, and short
processing times.

3. PROPOSED IMAGE FUSION MECHA-
NISM

Although classical FA is easy to implement, for cer-
tain problems, it provides unstable performance. One
specific reason for the unstable performance of Fire-
fly Algorithm (FA) is that each firefly in FA may be
drawn to the brighter fireflies multiple times, which
could lead to extreme oscillation. Therefore, to ad-
dress this drawback, this paper suggested a novel
method of image fusion using an improved firefly al-
gorithm (pFA) [42].The attraction of fireflies is signif-
icantly less in pFA, which can help simplify compu-
tation and improve solution accuracy. The following
section provides a more thorough description of the
proposed algorithm. With the help of the improved
firefly algorithm (pFA), the thresholds were modified,
and the outcomes were compared to those obtained
using other cutting-edge optimization methods. Af-
ter the two images have been successfully segmented,
the features of the input images are recovered us-
ing the best feature extraction algorithms. Texture,
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edge, and contour are typically considered to be an
image’s features. Scale Invariant Feature Transform
(SIFT) algorithm, created by David Lowe in 1999
[30], is used in this study to extract image features.
The SIFT method operates based on the minimal dis-
tance between the reference and the object that needs
to be detected, which determines the recognition of
new things from other images. In reference number
[31], the algorithm is described in depth. The re-
trieved features from the two images are combined us-
ing type-2 interval fuzzy fusion rules. In 1965, Zadeh
developed the fuzzy set theory [32]. Type-1 fuzzy sets
are rigid and not adaptable. To address this prob-
lem, a type-2 interval fuzzy set was proposed, which
is more flexible in solving uncertainty problems due
to its ambiguity in the membership function. As a
result, it can be modified to solve known and un-
known problems. The flow diagram of the proposed
approach is shown in Fig.1.

First Source Image

Second Source Image

Optimization
Algorithm

Threshold Optimization Threshold Optimization

Optimal Thresholding
Segmented Image

SIFT Feature Extraction

Type-2 Fuzzy Entropy
Computation

Optimal Thresholding

Segmented Image

SIFT Feature Extraction

Type-2 Fuzzy Entropy

Computation

[ Fusion Decision Map Computation ]

=

Fusion using fuzzy entropy decision map

[ Union of Segments of fused image ]

Fused Image

Fig.1: Flow diagram of the proposed technique.

The pixel thresholding-based image segmentation
methodology is one of the fundamental image seg-
mentation techniques. It is utilized in various ap-
plications, including machine vision, data segmenta-
tion, data collection, etc., because of its simple and
adaptable implementation procedure. Thresholding
of an image can be either bi-level or multi-level:bi-
level thresholding divides the image into three sec-
tions using two thresholds. In contrast, the user se-
lects the number of thresholds in the second instance
according to what is needed. The clusters or sections
are denoted by “c+1” if “c” stands for the thresh-
olds. To yield a proper segmented result, the source
image must be correctly segmented. It can be difficult
to set those restrictions for different images. This pa-
per uses an improved firefly method to optimize these
thresholds with fuzzy entropy as the objective func-
tion. The improved firefly technique, feature extrac-

tion using Scale-Invariant Feature Transform(SIFT),
the procedure of fuzzy entropy computation, type-2
fuzzy concept , and fusion Rules will all be briefly
introduced in the next section.

4. METHODS AND MATERIALS

A quick overview of the concept of fuzzy entropy,
the pFA algorithm, the feature extraction procedure
using scale-invariant feature transform, the concept
of type-2 fuzzy set, and fusion rules are covered in
this section.

4.1 Fuzzy entropy

Let ‘y’ is an event with ‘N’ elements {y1, y2,y3, - . -,
yn + with respective probabilities { P, Py, Ps, ..., Py }.
Then Shannon entropy H(y) can be defined as
H(Y) = =Y\, P(y;)log, P(y;). Fuzzy entropy,
which is considered as an extension of Shannon en-
tropy, is an entropy of a fuzzy set and is defined ac-
cording to equation (1).

HE = =3 pa)Plog(P) (1)

Here p14 is the membership function of event A. The
equation mentioned above, gives the fuzzy entropy of
an uncertain event A with regard to the uncertain
distribution P. The same concept can be applied to
image thresholding. Let the image gets portioned into
three distinguished regions Rq4, Ry, and Ry, with cor-
responding probability distribution function Pq4, Py,
and Py, by employing two thresholds, T1 and T2.The
membership functions (¢) of Rq, Rm, and Ry, are g,
Um, and up, respectively, and require six arguments
called ag,bq,c1,a9,be and cy. The values of the thresh-
olds T1 and T2 can change depending on the mem-
bership functions. After assessing the overall fuzzy
entropy, optimal thresholds are computed by using
equations (7) and (8). The fuzzy membership func-
tions for a;=40; b;=80; ¢1=100; as=140; by=180;
c2=200, and k=0 to 255 are shown in Fig.2 [33].
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Fig.2: Membership functions of three distinct re-

gions of an image.
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From Fig.2, the fuzzy membership functions of differ-
ent regions are defined as per the equations (2),(3),
and (4)
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(cl)—a(lk* (bl)—2a1) kb
—
_ <
1 (cl—al)*(cl—bl) b1<k_61
,U,m(k‘) = 1 1 < k <as (2)
(k—a2)2
1— k<b
(CQ—GQ)*gbZ—az) 2 <h=02
(k= c2) by<k<c
(CQ—QQ)*(CQ_bQ) 2 =2
k‘>02
1 k:Sal
PR
17(0 f(ak)*alb)fa) @ <k<b
palk)= 1(k—101)<21 1 by <k < )
(c1 —a1)*(c1 —by) ! =a
0 k>c
0 kS(LQ
2
(c —(ak)*a(i))—a) az <k < b
(k) = R (T (4)
1-— <
(co — ag) * (co — be) bp<kse
0 k> co

Knowing the above equations, the fuzzy entropy of
each class of objects can be expressed using equations
(5) to (7)

B 255 P % ‘u,d(]g)
Hy =—- Zk:o py *In

Hy = —2255 Pk * tm (K) * In
2 k=0 Pm

255 * k
Hy= Y fin (k)

k=0 Do Db

ln (pk x Mb(k)) (7)

The total fuzzy entropy is determined by adding the
fuzzy entropies of each region.

H(ai,bi,c1,a2,b2,c0) = Hqg+ Hp, + Hy,  (8)

An objective function that has to be optimized us-
ing optimization techniques is equation (8). By
changing a1, by, c1, as, ba, co, optimization approaches
maximise or optimize H (a1, b1, c1, as,bs, c2) function.
The following equation is used to calculate threshold
values after these values have been optimized.

pa(T1) = py, (T1) = 0.5 and )
pm (T2) = pp(T2) = 0.5

From Fig.2, it can be seen that the points T1 and T2
are where the d(k), m(k), and b(k) curves interact.
The values of T1 and T2 were obtained using the
following relations:

Tzz{ wr (627(12)*“727@2)/2 (a2 +¢2)/2< b2 <o
cy — (c2 —az) * (c2 — bz)/2 (ag < bg) < (az +c2)/2
(11)
The two-level thresholding can be expanded to
three or more levels or even limited to one level
depending on the needs of the researchers. Six
parameters must be optimized for two thresholds,
and as the threshold levels rise, so do the num-
ber of parameters that must be optimized. In
this paper, four thresholds are optimized using
improved Firefly Algorithm (pFA), and hence it
makes use of twelve parameters which are given as
alab17Claa27b27c27a37b37c37a47b4704-

4.2 Overview of Firefly Algorithm (FA)

The Firefly Algorithm (FA) is a meta-heuristic al-
gorithm inspired by nature that was first suggested
by Yang [35, 36]. This algorithm was created by em-
ulating the flashing illumination patterns that inver-
tebrates like glowworms and fireflies produce. They
produce light from their lower abdomen. Glowworms
and fireflies produce bioluminescence with various
flashing patterns that they utilize to communicate,
obtain food, and find mates with other nearby in-
sects.

The classical FA is created by taking into considera-
tion the following factors [37—40]:

1. Each firefly is unisex, and regardless of their sex,
they will all be attracted to the nearby firefly.

2. The attractiveness between two fireflies is in-
versely associated with their brilliance. For ev-
ery pair of flashing fireflies, the firefly with the
greater luminance will draw in the firefly hav-
ing the lower luminance. Due to a reduction in
brightness, the attraction between two fireflies
reduces as their distance grows. If there is not
another firefly that is brighter than it, a firefly
will migrate at random.

3. The objective function’s landscape influences or
determines a firefly’s brightness.
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4.3 Parameters of Firefly Algorithm:

The variations in light intensity and attraction be-
tween nearby fireflies are the main factors determin-
ing how effective the FA is. The increased separation
of fireflies will have an impact on these two metrics.

The following Gaussian form can be used to ex-
press brightness variation analytically:

I(r) = Ipe ™ (12)

Where + is termed as the light absorption coefficient,
I is the new light intensity, Iy is light intensity at
r = 0. Analytically, the luminance’s attractiveness
can be expressed as

B = Boe™”

Where p-attraction coefficient and [p-attractiveness
at r=0.

In the n-dimensional search space, the Cartesian
distance between two fireflies i and j at X; and X;
can be expressed mathematically as

dij = \/Z:_I(Xj,k

In FA, the inverse square law governs the light in-
tensity at a given distance d from the light source Xi.
As the distance d rises, the firefly’s light intensity I
decrease(since I dz) The position update equation
(12) can be used to predict how the attracted firefly
i will move in the direction of a brighter firefly j.

(13)

= Xj)? (14)

Xi(t+1) = X,(t) + Boe " [X,(t) — X))+ (15)

Where X;(t+1) is the updated position of the firefly

X;(t) is firefly’s initial position.

Boe ™% [Xi(t)- X;(t)] is an attraction between fireflies

1 is a randomization parameter in the range [0,1] and

is given as afrand-0.5].
Xi(t+1)

=Xi(t) +v (16)

4.4 Working methodology of Firefly Algo-
rithm

In this section, using a two-dimensional optimiza-
tion problem, the essential operation of the classical
FA is illustrated. Six fireflies are considered to be
present in total. The two-dimensional search space
contains all the fireflies at random when the algo-
rithm is initialized. In this problem, it is presumable
that there are two local best values and one global
best value in the search space, as shown in Fig.3.

As shown in Fig. 3(a), some fireflies progress to-
ward the local best (LB) values during the initial
search, while others arrive at the global best (GB)
value. Firefly 1 (FF1) is at LB1, Firefly 4 (F'F4) is
at GB, and Firefly 5 (FF5) is at LB2, according to

Global best
Local best |

Global best
Lnnlbestl
. FH rFs m
0 rn FF
Dz
K ”5 d
FF2

Loc al best2 Local best 2

(a) Initial stage of search (b) Intermediate stage

Global best

Local best 1

FF1

Local best 2

(c) Final stage

Fig.3: Working Principle of Firefly Algorithm.

Fig. 3(a). FF2, FF3, and FF6 are located between
LB1 and GB, LB2, and GB, respectively. Compared
to FF1 and FF5, FF4 produces light that is brighter
in intensity. At this point, F'/F'2 goes in the direction
of LB1 or GB according to the Cartesian distance d;;
calculated using equation (11).In this instance, the
distance (D1) between FF'1 and FF2 is smaller than
it is for FF2; hence FF2 goes in the direction of
LB1. Similar to how FF3 is more likely to be drawn
to GB than LB2, F'F'3’s Cartesian distance from FF'4
to FF3 (D3) is smaller than D4’s. Since the distance
between FF6 and FF5 (D5) is smaller than the dis-
tance between FF6 and D6 (D6), FF6 is probably
drawn to LB2.

The second phase of the search process is depicted
in Fig. 3(b). The firefly at the GB is preserved as the
search iteration increases. As the number of search
iterations increases, the attractiveness between the
fireflies at the local best value gradually declines, and
all fireflies migrate toward the GB. After optimization
search, a sizable number of fireflies are finally gath-
ered at the global best value, as shown in Fig.3(c)
[43].

4.5 Improved Firefly Algorithm (pFA)

Each firefly in FA can be drawn in by an exces-
sive number of other fireflies, which leads to extreme
oscillation. Therefore, to address this drawback, we
suggested a better method known as pFA. The at-
traction of fireflies is much less in pFA, which can
help reduce computing time complexity and improve
solution accuracy. In pFA, at first, we determine the
value of fitness (f;;) of each firefly x; using equation
(17).

1 .
fit :{H-f(xif if f(z;) > 0,

1+ |f(x;)| elsewhere

(17)

Where f(z) is an objective function. Now, those fit-
ness values larger than x;” s (specifically, i’th firefly’s)
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are added to a set K. Last but not least, we use the
roulette-wheel selection to select its neighbor; the for-
mula is given in equation (18).

o dnl)
T S Fit(wy)

Equation (18) guarantees that the better the fire-
fly is, the more chances it can have to be selected as
a neighbor. Therefore, whichever candidate is chosen
will always provide positive guidance to guide xi in
the proper direction. This tactic can lessen selection
pressure on fireflies while ensuring population diver-
sity and speeding up convergence. However, there is
a situation in which xi is the best firefly in the entire
population, and no other firefly is superior to it. As
a result, it quickly enters the local optimum. Utiliz-
ing the knowledge of xi, the opposite learning skill
is implemented to handle this situation. Therefore
the position update equation (15) of standard fire-
fly algorithm gets modified into equation (19) in the
proposed pFA algorithm.

(18)

a:,»(t + 1) =

{ 2i(t) + Boe 4 [zx(t) — 24(t)] + a(—0.5)
1+ u—a(t)

(19)

Here u and 1 are the upper and lower bounds of vari-
ables taken as 255 and 0 in the case of grayscale im-
ages. xy is selected with pg¢ from set K, and random
step « is updated using equation (20) with «g =0.7
and aq = 0.25.

(20)

Qap = QO

4.6 Improved Firefly Algorithm for Optimum
Threshold Selection

Step 1: Initialization of parameters

a. Initialize S-attraction coefficient, ~-the light ab-
sorption coefficient, 1) —randomization parameter,
population size, and Iax (maximum iterations re-
quired).

b. Set the lower and upper threshold bound-
aries.[must be between 0 and 255 because of 256
gray levels in a gray image].

c. Determine objective function as Maximization of
fuzzy entropy from equation (8)

d. Read the input grayscale image, which is to be
segmented.

Step 2: Randomly generate the values of variables

ay,by,c1,a0,bo,c0,as3,b3,c3,a4,b4,c4 between 0 and

255 for each firefly of improved firefly optimization

algorithm, as the gray values of grayscale image lie

between 0 and 255.

Step 3: Evaluate the fitness of each firefly using

equation (17).

Step 4: If there is a population with the best fitness
value, those are selected to make up set K. Select a
firefly x; from set K as a neighbor with probability
pfit computed using equation (18).

Step 5: Update the firefly positions based on equa-
tion (19)

Step 6: Repeat steps 3 through 5 until the maximum
no. of iterations is reached so that fireflies are drawn
towards a global solution.

Step 7: Once maximum no. of iterations
is reached, the wvariable values associated with
brighter firefly, which is taken as the global best
among all fireflies, are taken as optimal values of
ai, bl, C1,0a2, bg, Co2,03, bg, C3,04, b4, Cq4.

Step 8: Using the optimal values of step (7), optimal
threshold values are computed using (10) and (11).

4.7 Scale-Invariant Feature Transform.

Harris feature detectors are rotation-invariant,
meaning that they can detect corners in images both
before and after rotation, but they cannot detect an-
gles when an image is scaled. After the image has
been enlarged, corners may or may not be angled.
Thus, Scale-invariant feature transform (SIFT) [37]
was introduced in 2004 to address this drawback. The
algorithm goes through 4 steps:

4.7.1 Scale space peak selection: Potential locations
for finding features

Specific window sizes are used with various sized ar-
tifacts to distinguish key points, and this method is
known as scale-space filtering; Laplacian of Gaussian
(DoG) variance creates a window with different sizes.
The Gaussian value difference is determined by the
difference between two Gaussian images (DoGs).
4.7.2 Key point localization: This step is used for ac-
curately identifying the location of the feature key
points. After successfully defining the main points
in the first step, these points are further optimized
for accuracy by producing various window sizes de-
pending on the Taylor series, and after doing so, if
the severe position strength obtained is greater than
the user-defined threshold (contrast threshold), then
find it or otherwise disregard it. Similarly, any unnec-
essary edges located after Gaussian function discrep-
ancy, these positions are eliminated by a 2x2 Hessian
matrix as in the Harris corner detector. Moreover, af-
ter setting A and step B, only the leading edges and
main points are received.

4.7.8 Orientation assignment: This step is used to as-
sign an orientation to the identified key points In this
stage, orientation is traced between the main points
based on their size, magnitude, and direction of gra-
dients. Around 36 bins are included in this document
to cover the 360 degrees. The maximum value 'H’ is
determined from the histogram of an image, and if
any main point strength reaches 80 percent of H, it
will be found in tracing.
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4.7.4 Key point descriptor: The main aim of this step
is to describe the key point as a high-dimensional vec-
tor.The primary point descriptor is obtained via a lo-
cal gradient created in the three steps above. The gra-
dient knowledge collected is rotated to comply with
the key point direction, then weighted by Gaussian
with a variation of 1.5 key point size. A set of his-
tograms which are at the center of the key point, are
created with this data. A total of 16 histograms are
set in a 4x4 grid shape, and each column contains
eight orientation bins. Which leads to a size 128 func-
tion vector? Such vectors are called SIF'T keys, which
mark the nearest point in an image. If more than
three keys enable a specific function it will be listed
for further processing.

4.8 Type-2 Fuzzy Set

Interval type-2 fuzzy set is used to represent the
SIFT features of each segment of the source image s,
that were extracted after the optimal multi-threshold-
based segmentation and SIFT feature extraction. At
first, the membership function is selected as follows:

1
spl(ivj) —C
a

' (i,5) = 3 (21)

1+

In the above relation, I=(Iy,I5) are the source im-
ages, and (i,j) describes spatial co-ordinates of SIFT
features. c is the average of (s,!), and ‘a’ is the mini-
mum of (spf). p=1,2,3,4,5 denotes the segment num-
ber of the source image, which contains five segments
as four-level thresholding is used. Now at each posi-
tion (i,j) of the membership function, lower and upper
membership functions py, (i,j) and py (i,j) are calcu-
lated with o = 2 using equations (22) and (23).

Ip: o : I T : )
B, (i,5) = Zx7y€X[MPU($’y) tpr (@, y)] + Zw,yeX ——
Eph (i,5) = Zm yeX[NpIUl (z,y) — Npil (z,y)] + Z

B0 =3l @) - ml )+

DP(Z7.]) =1
=0

:U'pé(ia .7) = [Npl(ivj)]a
w0y 7) = Iy (3, 9)]) =

By knowing the membership functions, the fuzzy
entropy can be computed by using equation (24)
Where X is given as X={(x,y)|x= 0 to M-1, y=0 to
N-1} denotes a template of size M x N centered at
SIFT feature. Using equation (24), fuzzy entropies
of each of the SIFT features of source images I; and
I are computed using equations (25) and (26). Now
the maximum rule is used to generate a decision map
of each of the segmented regions of source images 11
and 12 as follows:

5. RESULTS AND DISCUSSIONS

The effectiveness of the suggested strategy is as-
sessed through studies on five pairs of images rep-
resenting various brain illnesses like neoplastic, cere-
brovascular, alzheimers, fatal, and sarcoma are used
to evaluate how well the suggested technique per-
forms. Further three different stages like, mild, mod-
erate, and severe, of the above diseases are also
considered to identify how the suggested technique
performs in each stage of the disease. In this pa-
per, fusion results of all three stages are presented
for the diseases considered. The medical images
used in the research are provided by https://www.
imagefusion.org/ and http://www.med.harvard.
edu/aanlib/home.html. All the simulations are per-
formed on HP Compaq LE1902X personal computer
with Matlab version 2016a.

minfu,t (2,y),1 — ppi; (2, y)]

(24)
[wr (2, 9), 1 = ppr (2, y)]
. I I
i ) =]
zyeX max[,upil (117, y)a 1- /j'pIU1 (.’IJ, y)]
zyeX maX[Up% (1‘, y)a 1- :u’p{]Q (CC, y)]
if By(i.g) > By (i) @)

elsewhere
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With the help of D,(4,j), the segments of sources images are combined as given in equation(28)

Sp" (i, 5) = Dy(i,§)*Sp" (i, §) + [1 — Dyl §)]* S, (i, 4) (28)

Where SpI ! indicates segmented regions of the first source image and SpI 2 indicates segmented regions of the
second source image, and SpF indicates fused segmented regions.The final fused image Ir is now obtained by
uniting all the fused segmented regions.

Fused Image, Ir = U;?:lSpF (29)

5.1 Performance metrics

Table 1: Performance Measures
Mathematical formulae

PSNR = 10log,, (251)

A higher value of PSNR is desired, which indicates good quality fused
image.

Performance Metric

Peak Signal to Noise Ratio
(PSNR) in dB

(z,y)
MI(X,Y) = p(z,y)logy

IGZ;( ; p(@)p(y)

MIfB = MI(A,F)+ MI(B, F)

Where MI(A,F) indicates mutual information between the first source
image, and the fused image and MI(B,F) indicates mutual information
between the second source image and the fused image. A Higher

value of MI is recommended for better fusion.

Mutual Information (MI)

SSIM =

Cugpy + C1) (204 + C2)

Measure (SSIM)

image.

(a” + " + C1)(00” + 0" + C2)

Structural Similarity Index|The degree of similarity or proximity between two images is
determined using the structural similarity index. Its range is [0, 1].
Any value close to 1 indicates good Structural Similarity in the fused

M N

Edge Strength ((Qapr))

rz=1y=1

Its range is [0, 1]. Any value of QABF close to 1 indicates good edge
preservation in a fused image.

D0 Qar(w,y)Wale,y) + Qpr(x,y)Wa(x,y)

QABF =

M N
Z Z(WA(LLV y) + WB(‘r’y))

rx=1y=1

5.2 Investigations on CT/MRI Image Fusion
Neoplastic tumor:

Neoplastic tumors are illnesses that promote the
growth of tumors. It is a particular type of tu-
mor brought on by the brain’s excessive cell growth.
Neoplastic CT and MR images were obtained for
this study for different disease phases, such as mild,
moderate, and severe, from www.med.harvard.edu/
aanlib/cases/case28/case.html. Tobacco usage
is the leading cause of this tumor. Slice 10 of CT
and MR scans represent the mild stage of this disease,
Slice 13 represents the moderate stage, and Slice 15
represents the severe stage of this disease.Fig.4 shows

fused images of various techniques along with the pro-
posed method for the mild stage of the disease, while
Table 2 presents the image quality performance mea-
sures for the fused images of the methods considered
for all three stages of the disease. In Fig.4, (a) and
(b) show CT and MR images of the mild brain tumor
connected to a neoplastic illness. The fused images
created by the recommended technique using the Krill
Herd Optimization and Firefly algorithms are shown
in figures (c) and (d), respectively.In contrast, those
produced using the pFA with Renyi and Fuzzy en-
tropy objective functions are described in figures (e)
and (f) of the same figure. The results of pFA with
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Table 2: Performance metrics for three different stages of neoplastic tumor.

Stage of the Tumor | Method | PSNR | SSIM | Qagr | MI
KHO 34.38 0.955 0.692 | 3.29

Mild stage FA 34.38 0.968 0.697 | 3.29
RpFA 34.38 0.947 0.696 3.3

FpFA 34.72 | 0.978 | 0.704 | 3.32

KHO 34.46 0.956 0.694 | 3.30

Moderate stage FA 34.52 0.97 0.702 3.3
RpFA 34.4 0.965 0.698 | 3.31

FpFA 34.8 0.978 0.71 | 3.33

KHO 34.36 0.953 0.692 | 3.29

Severe stage FA 34.42 0.967 0.700 | 3.29
RpFA 34.30 0.962 0.696 | 3.30

FpFA 34.70 | 0.975 | 0.708 | 3.32

(a)CT input image

(d) FA method

(b)MR input image

(e) RpFA method

(f) FpFA method

Fig.4: Fusion results of mild-stage neoplastic tumor.

Renyi entropy objective function is denoted by RpFA,
while that of fuzzy entropy objective function is de-
noted with FpFA.

Cerebrovascular disease: Cerebrovascular disor-
ders are conditions due to alcohol consumption that
can cause strokes and disrupt the blood supply to
the brain. For stroke and cerebrovascular disease,
hypertension is the main risk factor (high blood pres-
sure).Cerebrovascular CT and MR scanned images of
multiple embolic infarctions were obtained for this
study for different disease phases such as mild, mod-
erate, and severe from http://www.med.harvard.
edu/aanlib/cases/case34/ct1/014.html. Slice 10
of CT and MR scans represent the mild stage of this
disease, Slice 14 represents the moderate stage, and
Slice 16 represents the severe stage of this disease.
The (a) and (b) in Fig.5 depict CT and MR images
of brain tumors associated with mild cerebrovascular
illness. Figures (c) and (d) illustrate the fused images
produced by the suggested method using the KHO
and Firefly algorithms, respectively, while (e) and (f)
of the same figure describe the fused images produced
using the pFA with Renyi and Fuzzy entropy objec-
tive functions for the mild stage of the disease. Ta-

ble 3 compares the performance of these methods for
three different stages of cerebrovascular tumors us-
ing quality assessment metrics such as PSNR, SSIM,
QAB/F, and MI.

Alzheimer’s disease: Alzheimer’s disease is an ir-
reversible, progressive brain disorder that gradually
robs people of their memory, thinking abilities, and
even their ability to perform basic tasks. Alzheimer
MR-PD(proton density) and MR-T2 scanned im-
ages were obtained for this study for different
disease phases such as mild, moderate, and se-
vere from http://www.med.harvard.edu/aanlib/
cases/case29/mr2/018.html. Slice 14 of MR-PD
and MR-T2 scans represent the mild stage of this dis-
ease, Slice 16 represents the moderate stage, and Slice
18 represents the severe stage of this disease. In (a)
and (b) of Fig. 6, MR-PD and MR-T2 images of an
old man aged 73 years with mild Alzheimer’s disease
are displayed. The fused images produced by the sug-
gested technique’s KHO and Firefly algorithms are
shown in figures (c) and (d), respectively. The re-
sults obtained utilizing the Renyi and Fuzzy entropy
objective functions of the pFA are displayed in (e)
and (f) of the same figure for mild stage of alzheimers
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Table 3: Performance metrics for three different stages of cerebrovascular disease.

Stage of the Tumor | Method | PSNR | SSIM | Qagr | MI
KHO 36.56 0.989 0.702 | 3.54

Mild stage FA 34.61 0.966 0.693 | 3.35
RpFA 34.6 0.965 0.685 | 3.35

FpFA 36.67 | 0.992 | 0.724 | 3.55

KHO 33.63 0.91 0.664 | 3.25

Moderate stage FA 33.63 0.892 0.651 | 3.07
RpFA 31.77 0.890 0.650 | 3.06

FpFA 33.93 0.92 0.67 | 3.28

KHO 30.94 0.892 0.611 | 2.99

Severe stage FA 30.91 0.891 0.610 | 2.99
RpFA 30.88 0.890 0.610 | 2.98

FpFA 31.40 | 0.905 | 0.626 | 3.17

(d) FA method

(e) RpFA method

(f) FpFA method

Fig.5: Fusion results of mild-stage cerebrovascular disease.

(a) MR-PD input image

(b)MR-T2 input image

(¢) KHO method

(d) FA method

(e) RpFA method

(f) FpFA method

Fig.6: Fusion results of mild-stage Alzheimers disease.

disease. Table 4 compares the performance of these
methods for three different stages of alzheimers dis-
ease using quality assessment metrics such as PSNR,
SSIM, QAB/F, and MI.

Fatal disease: A fatal disease has no treatment and
ultimately kills the patient. Depending on the spe-

cific ailment, death might take anything from a few
hours to several years. Cancer, AIDS, severe heart
disease, dementia, etc., are a few fatal diseases. Pa-
tients could only receive palliative and supportive
care because there is no cure. Fatal MR-T1and MR-
T2 scanned images were obtained for this study for
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Table 4: Performance metrics for three different stages of Alzheimers disease.

Stage of the Tumor | Method | PSNR | SSIM | Qagr | MI
KHO 32.85 0.96 0.73 3.12

Mild stage FA 32.85 0.952 0.746 | 3.13
RpFA 32.87 0.959 0.747 | 3.17

FpFA 33.35 0.97 | 0.787 | 3.7

KHO 33.97 0.978 0.840 | 3.59

Moderate stage FA 34.07 0.981 0.843 | 3.60
RpFA 34.17 0.984 0.863 | 3.64

FpFA 34.38 | 0.990 | 0.901 | 4.12

KHO 34.75 0.979 0.866 | 4.13

Severe stage FA 34.85 0.982 0.869 | 4.14
RpFA 34.96 0.985 0.871 | 4.15

FpFA 35.170 | 0.991 | 0.876 | 4.18

(d) FA method

(b)MR-T2 input image

(e) RpFA method

(c) KHO method

(f) FpFA method

Fig.7: Fusion results of mild-stage fatal disease.

different disease phases such as mild, moderate, and
severe from http://www.med.harvard.edu/aanlib/
cases/case37/mr3/012.html. Slice 10 of MR-T1
and MR-T2 scans represent the mild stage of this dis-
ease, Slice 12 represents the moderate stage, and Slice
14 represents the severe stage of this disease. In (a)
and (b) of Fig.7, MR-T1 and T2-Weighted MR, im-
ages linked to early stages of the deadly disease are
shown. The fused images created by the KHO and
Firefly algorithms, respectively, are shown in Figures
(c) and (d) respectively. The findings obtained utiliz-
ing the Renyi and Fuzzy entropy objective functions
of the pFA are shown in (e) and (f) of the same figure.
Table 5 compares the efficacy of various strategies for
three stages of fatal disease using quality evaluation
metrics such as PSNR, SSIM, QAB/F, and MI. The
improved Firefly algorithm pFA with fuzzy entropy
objective function surpassed all competing methods
according to performance metrics for each of the three
stages of the disease.

Sarcoma disease: A malignant tumor or sarcoma
is an uncommon cancer. Fat, muscles, blood ves-
sels, nerves, bones, and cartilage are just a few
examples of connective tissue cells where sarco-

mas can develop. Sarcoma CT and MR scanned
images were obtained for this study for different
disease phases, such as mild, moderate, and se-
vere, from http://www.med.harvard.edu/aanlib/
cases/case33/ct1/020.html. Slice 17 of CT and
MR-T2 scans represent the mild stage of this disease,
Slice 19 represents the moderate stage, and Slice 20
represents the severe stage of this disease. In (a) and
(b) of Fig.8, CT and MR images of a patient with a
mild stage of sarcoma disease are displayed. Figures
(c¢) and (d) of the Fig.8 describes the fused images
obtained from the suggested methodology using the
KHO and Firefly algorithms. In contrast, (e) and
(f) of the same figure represent the fused images pro-
duced using the Renyi and Fuzzy entropy objective
functions of the pFA.

Using quality evaluation criteria such as PSNR,
SSIM, QAB/F, and MI, Table 6 evaluates the effec-
tiveness of several techniques for three distinct stages
of sarcoma illness. Performance measurements for
each of the three stages of the disease showed that
the improved Firefly algorithm pFA with fuzzy en-
tropy objective function outperformed all competing
approaches. The graphical analysis of performance
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Table 5: Performance metrics for three different stages of fatal disease.
Stage of the Tumor | Method | PSNR | SSIM | Qagr | MI
KHO 32.80 0.939 | 0.784 | 3.61
FA 32.81 0.936 | 0.776 | 3.62
RpFA 32.89 0.932 | 0.774 3.6
FpFA 34.42 | 0.968 | 0.877 | 4.1
KHO 33.09 0.946 | 0.790 | 3.94
FA 33.04 0.943 | 0.781 | 3.65
RpFA 33.12 0.939 | 0.779 | 3.63
FpFA 34.66 | 0.975 | 0.883 | 4.13
KHO 33.65 0.965 | 0.806 | 4.01
FA 33.70 0.961 | 0.797 | 3.72
RpFA 33.78 0.957 | 0.795 | 3.70
FpFA 35.36 | 0.994 | 0.901 | 4.21

Mild stage

Moderate stage

Severe stage

Table 6: Performance metrics for three different stages of sarcoma disease.
Stage of the Tumor | Method | PSNR | SSIM | Qagr | MI
KHO 33.81 0.923 | 0.669 2.9

FA 33.86 0.925 | 0.679 | 2.96
RpFA 33.8 0.928 | 0.674 2.9
FpFA 34.54 | 0.944 | 0.693 | 3.04
KHO 32.12 0.877 | 0.636 | 2.76

FA 32.17 0.879 | 0.645 | 2.81
RpFA 32.11 0.882 | 0.640 | 2.76
FpFA 32.81 | 0.897 | 0.658 | 2.94
KHO 30.80 0.841 | 0.609 | 2.64

FA 30.85 0.843 | 0.619 | 2.70
RpFA 30.79 0.877 | 0.614 | 2.64
FpFA 31.46 | 0.892 | 0.631 | 2.82

Mild stage

Moderate stage

Severe stage

(a)CT input image  (b)MR input image  (¢) KHO method

(e) RpFA method

(d) FA method

(f) FpFA method

Fig.8: Fusion results of mild-stage sarcoma disease.
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metrics for various diseases is presented in (a),(b),(c),
and (d) of Figure 9.

PSNR in dB

HKHO
FA
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¢ XS > 2
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Fig.9(a): Analysis of average PSNR of three stages
of each disease.

Structural Similarity Index
Measure (SSIM)
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Fig.9(b): Analysis of average SSIM of three stages
of each disease.

Analysis of PSNR of FpFA shows an improvement
of 8 to 16% in PSNR for the FpFA method for neo-
plastic disease than existing methods, while there is
a 1 to 2% improvement to other optimization tech-
niques considered in the proposed fusion methodol-
ogy. For cerebrovascular disease, FpFA produced a
19 to 26% improvement over existing methods while
providing a 1.5 to 11% improvement over other opti-
mization techniques considered in the proposed fusion
methodology. For alzheimers disease, FpFA offered a
3 to 6% improvement in PSNR than existing meth-
ods while offering 0.5 to 3% improvement to other
optimization techniques considered in the proposed
fusion methodology. In the case of a fatal disease,
FpFA improved PSNR by 6 to 12% more than exist-
ing methods while improving PSNR by 4 to 6% more
than other optimization techniques considered in the
proposed fusion methodology. For sarcoma disease,
FpFA produced a 3 to 10% improvement in PSNR
than existing methods while offering a 2 to 3% im-
provement to other optimization techniques consid-
ered in the proposed fusion methodology.

Analysis of SSIM of FpFA shows an improvement
of 8 to 21% in SSIM for the FpFA method for neo-
plastic disease than existing methods, while there is a
1 to 7% improvement than other optimization tech-
niques considered in the proposed fusion methodol-
ogy. For cerebrovascular disease, FpFA produced a
6 to 36% improvement over existing methods while
providing a 1 to 12% improvement over other opti-
mization techniques considered in the proposed fu-
sion methodology. For alzheimers disease, FpFA of-
fered a 9.5 to 22% improvement in SSIM than exist-
ing methods while offering a 1 to 9% improvement
over other optimization techniques considered in the
proposed fusion methodology. In the case of a fa-
tal disease, FpFA improved SSIM by 20 to 27% than
existing methods while improving SSIM by 3 to 8%
than other optimization techniques considered in the
proposed fusion methodology. For sarcoma disease,
FpFA produced a 2 to 12% improvement in SSIM
than existing methods while offering a 3 to 6% im-
provement to other optimization techniques consid-
ered in the proposed fusion methodology.

From the analysis of QABF of FpFA it is revealed
that there is an improvement of 7 to 76% in Qagr for
the FpFA method for neoplastic disease than existing
methods.In comparison, there is a 2 to 24% improve-
ment than other optimization techniques considered
in the proposed fusion methodology.For cerebrovas-
cular disease, FpFA produced an improvement of 18
to 78% over existing methods while providing a 2
to 28% improvement over other optimization tech-
niques considered in the proposed fusion methodol-
ogy.For alzheimers disease, FpFA offered a 21 to 74%
improvement in QABF than existing methods while
offering a 5 to 19% improvement over other opti-
mization techniques considered in the proposed fusion
methodology. In the case of a fatal disease, FpFA
improved QABF by 35 to 70% more than existing
methods while improving QABF by 11 to 18% more
than other optimization techniques considered in the
proposed fusion methodology. For sarcoma disease,
FpFA produced a 10 to 68% improvement in QABF
than existing methods while offering a 6 to 7% im-
provement to other optimization techniques consid-
ered in the proposed fusion methodology.

Edge Strength (QABF)
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Fig.9(c): Analysis of average QABF of three stages
of each disease.
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Mutual Information (MI)
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Fig.9(d): Analysis of average MI of three stages of
each disease.

Analysis of MI of FpFA shows that, there is an
improvement of 4 to 19% in MI for the FpFA method
for neoplastic disease than existing methods, while
there is a 1 to 12% improvement to other optimization
techniques considered in the proposed fusion method-
ology.For cerebrovascular disease, FpFA produced a
14 to 65% improvement over existing methods while
providing a 2 to 14% improvement over other opti-
mization techniques considered in the proposed fusion
methodology.For alzheimers disease, FpFA offered a
19 to 56% improvement in MI than existing methods
while offering a 10 to 30% improvement over other
optimization techniques considered in the proposed
fusion methodology. In the case of a fatal disease,
FpFA improved MI by 12 to 47% more than exist-
ing methods while improving MI by 8 to 12% more
than other optimization techniques considered in the
proposed fusion methodology. For sarcoma disease,
FpFA produced an 8 to 21% improvement in MI than
existing methods while offering a 4 to 15% improve-
ment to other optimization techniques considered in
the proposed fusion methodology.

6. CONCLUSIONS

Two MRI / CT and MRI images have been com-
bined in this study to identify illnesses like a neoplas-
tic tumor, Alzheimer’s disease, cerebrovascular dis-
ease, sarcoma tumor, and fatal tumor. Both input
images are segmented using a 2-D histogram and pro-
posed novel Firefly Algorithm, with the premise that
fuzzy entropy acts as an objective function. Scale In-
variant Feature Transform (SIFT) is used to extract
the features of the segmented portions of both source
images. Type-2 interval-based fuzzy entropy is then
used as the decision rule to combine the source im-
ages. From the quantitative and qualitative results,
it is evident that the pFA-based fusion technique out-
performs the other optimization techniques that were
taken into consideration for diagnosing the various
brain tumors.
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