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A B S T R A C T

Due to the rapid growth of imaging modalities in clinical analysis and the indispensable requirement of brain
images from various imaging modalities for diagnosing a disease, multi-modal brain image fusion has become
an intriguing problem among researchers. Thus, the main motive of this paper is to obtain all the necessary
information about the source images in a single fused image of high contrast with clear boundaries and without
unnecessary noise. Accordingly, this paper proposes a new approach to eradicate the indeterministic and
uncertainty present in brain images with the benefits of the neutrosophic set. Also, a novel neutrosophic
entropy is developed to acquire the accurate edge details of the image. In addition, to extract requisite
features from the images, Tamura features are implemented. Finally, the fusion is performed by comparing
the extracted feature values from the images. Subsequently, the experiment is conducted with three different
sets of brain datasets and compared with six other fusion algorithms to prove the efficiency of the proposed
method. To support this, qualitative and quantitative assessments for each dataset are executed, and the results
are tabulated. The results clearly show that the information is accurately represented, preserving the curves
and edges. Moreover, this algorithm consistently produces the highest metric values and remains reasonably
efficient in time consumption, thus balancing performance and efficiency.
1. Introduction

In this contemporary world, imaging technology has shown a steep
increase in growth due to the advances in capturing different organ
information. There are various imaging technology available with the
stipulated applications, and they can be used according to the needs of
the radiologist for analyzing the problem. In this aspect, the commonly
used imaging technologies are X-rays, computed tomography, magnetic
resonance imaging (MRI), positron emission tomography, single-photon
emission tomography (SPECT) and so on. Notably, a different sequence
of MRI, such as T1-weighted MR, T2-weighted MR, and FLAIR, is also
available that differs in the radio frequency, and these have peculiar
applications in characterizing the tissues. All these imaging modalities
have many advantages with some limitations. In this concern, the
advantages and limitations of the imaging technologies considered in
this paper are tabulated below (see Table 1). From the table, it is
perceived that all imaging modalities are unavoidable, despite their
limitations. Also, sometimes clinicians require both the anatomical and
functional details for the etiological analysis of the disease. Thus,
this paves the way for medical computer-aided image fusion which
gains the advantages of imaging modalities in a single image [1].
Consequently, it improves diagnostic precision and provides unbiased
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decisions [2]. Due to these properties, they are applied in various areas
such as neurological research, lesion examination, etc. Further, all the
images obtained from various imaging technologies require separate
high storage capacity for each image; thus, a fusion of those images
aids in reducing the storage capacity. On the whole, medical image
fusion provides a single high-resolution image from complementary
low-resolution images with all the requisite information rather than
redundant information at a low storage cost [3].

In literature, there are three levels of image fusion available, namely
pixel-level fusion, feature-level fusion and decision-level fusion. Mainly,
the pixel-level fusion is divided into two categories: spatial domain
and transform domain. In the spatial domain, simple operators such
as minimum, maximum and rank methods are used to fuse the source
images. These methods suffer from large spectral degradation. Also,
statistical methods such as principal component analysis, independent
component analysis [4] and linear discriminant analysis are classi-
fied under a spatial domain. However, these methods are sensitive
to variations in illuminations. While considering the transform do-
main, it is further divided into multi-resolution analysis (MRA) meth-
ods and multi-scale analysis (MSA) methods. The MRA method in-
cludes the simple transform methods, like the pyramid decomposi-
tion method, wavelet transformation methods such as discrete wavelet
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Table 1
Advantages and limitations of imaging modalities.
Imaging Images Advantages Limitations

modalities

T1-weighted MR

Responsive for the analysis The abnormalities in the

of soft tissues and portrays tissues are not detected

the inflammation. properly.

T2-weighted MR

Highly sensitive for soft Poorly concentrates on

tissues and shows the non-invasive diseases.

thickness of tumor.

SPECT

Interprets the metabolic Gives images with very

activity of cells and low resolution.

characterizes the tumor.
transform [5], multi wavelet transform, dual-tree complex wavelet
transform [6], lifting wavelet transform and empirical mode decom-
position [7]. All these methods need more shift-invariance and direc-
tionality. Then, in the MSA method, transformations such as curvelet
transform, contourlet transform, and shearlet transform [8] are avail-
able. The above-mentioned methods alter the spectral information and
introduce artifacts.

In addition to the above fusion methods, there is some requirement
for strategical methods which inspect the medical images and provide
the result according to it. In this aspect, some strategical fusion methods
developed now are guided filtering techniques [9], fuzzy methods,
dictionary learning methods, sparse representation [10], and neural
networks [11]. Among them, the fuzzy methods contribute more to
medical image fusion since medical images are usually vague. The
fuzzy set was initially proposed by Zadeh in the year 1965 to deal
with uncertain data [12]. In image fusion, the fuzzy set (FS) gives
the degree of belongingness for a pixel in the image, and fusion takes
place accordingly. Many fuzzy image fusion algorithms are present in
the literature. Manchanda et al. used fuzzy transform to handle the
data loss of the error image and then fused the image with preci-
sion [13]. However, sometimes, there is a dilemma in choosing the
membership function for fuzzy image fusion, and the requirement to
study the hesitancy in assigning the membership function has arisen.
In that case, the generalization of FS called intuitionistic fuzzy set (IFS)
developed by Atanassov [14] in 1983 can be used. Thus, three aspects
to analyze the uncertain image are involved: membership degree, non-
membership degree and hesitation degree. By considering this ideology,
many authors proposed a fusion algorithm using IFS. Tirupal et al.
framed IFS based medical image fusion that is obtained from a Sugeno
generator and eradicated the noise present in the image [15]. But, here,
the hesitation degree depends on the membership and non-membership
degree. Nevertheless, in some incomplete problems, there is a need
to find the indeterminate value without the aid of membership and
non-membership functions. Therefore, Smarandache, in 1998, intro-
duced the neutrosophic set (NS), which is the generalization of FS and
IFS [16]. NS has three independent membership functions to determine
the inherent uncertainty of data: truth, false and indeterminacy mem-
bership functions. These are defined on the non-standard unit interval
]0−, 1+[, which cannot be applied to real-life problems. To eradicate this
issue, in 2005, Wang et al. introduced the concept of a single-valued
neutrosophic set (SVNS), defined on the standard interval [0, 1] [17].
For simplicity, the SVNS is always referred to as NS in real-world prob-
lems. Thus, NS is implemented by many researchers in processing the
2

indeterministic properties of medical images. In particular, Premalatha
and Dhanalakshmi proposed the fusion algorithm to merge the MRI
brain images using the NS and evaluated the algorithm in objective
and subjective aspects [18].

This paper mainly concentrates on the fusion of brain images from
various medical imaging modalities. The motivation to consider brain
images for fusion is because it is a delicate and complicated organ with
many neurons, up to 100 billion. Therefore, it is necessary to study the
inter and intra cerebral problems with attention since some may lead to
death [19]. Three main issues that cause problems in fusing multimodal
brain images are impreciseness, unclear edges and indistinguishable
features. The first issue, vagueness and impreciseness with noise, is due
to the limiting factors of imaging modalities. Thus, it can be handled
effectively using NS for brain image fusion. The second issue in fusing
the brain images is to optimally produce the edges of the source images
without any deterioration. For this purpose, neutrosophic entropy is
used, which is the measure of imperfection in the set. Majumdar and
Samantha [20] initially gave the axiomatic definition of neutrosophic
entropy, and then many authors devised neutrosophic entropy accord-
ing to their usage. Pritpal Singh devised a neutrosophic entropy-based
clustering algorithm to segment Parkinson’s disease [21]. Then, Bian
et al. used neutrosophic entropy to segment the melanoma images [22].
Then, the third issue can be resolved by implementing feature ex-
traction, which has a significant responsibility in distinguishing the
normal tissues from the affected tissues in the brain. Especially, texture
feature tends to group similar and recurring pattern in the brain image.
Many texture feature extraction methods are available in the literature,
such as gray level co-occurrence matrix [23], Local binary pattern,
wavelet methods, etc. To be specific, the Tamura texture feature [24]
is the statistical approach to determine the psychophysical structures.
This feature includes coarseness, contrast, directionality, line-likeness,
regularity and roughness, and many researchers utilized this to fuse
images. Xiaoming et al. employed Tamura features and the wavelet
transform to extract the features and then used the Hausdorff distance
to measure similarity [25].

Based on the analysis, first, the proposed method involves a trans-
formation of crisp brain images into a neutrosophic domain (comprising
truth, false, and indeterminate values) to assess impreciseness within
the source images. Next, a unique neutrosophic entropy is devised to
enhance fusion while preserving contour details. This novel approach
utilizes the truth, false, and indeterminate values derived from the
neutrosophic domain to generate a neutrosophic entropy image. Sub-
sequently, the fusion process follows two tracks to produce the final



Applied Soft Computing 155 (2024) 111462K.G. Lavanya et al.

s
t



a
t

w
(
i



t

𝜂

T



w
t



T



D
i
c
a

a

fused image: one emphasizes high contrast and noise reduction, and
the other focuses on detailed contour information. This is achieved by
extracting features from the obtained truth image (containing absolute
information) and the neutrosophic entropy image (highlighting edge
details). Therefore, Tamura’s coarseness and contrast features are uti-
lized for the truth and neutrosophic entropy images, respectively. Thus,
the coarseness feature value is employed to merge the truth images of
the source images, while the contrast feature value is used to blend the
neutrosophic entropy images of the source images. Consequently, the
two resulting fused images are combined into a single comprehensive
image. This integrated image encapsulates all necessary information
from the source images, including contour details, while ensuring
freedom from unwanted artifacts. Experimental trials are carried out to
evaluate the effectiveness and performance of the proposed algorithm.
The significant contribution of the proposed framework is given below:

(i) The brain images from medical imaging modalities are usually
incomplete and indeterministic. This state of brain images is
addressed effectively by using NS; so that the misleading of the
fusion process is avoided.

(ii) A novel neutrosophic entropy is framed with all three NS do-
mains to fetch the minuscule edge details of the brain image.
This aids in merging the information of brain images with curves
and contour details.

(iii) Coarseness and contrast features are extracted from the truth and
neutrosophic entropy image. Thus, the decision to fuse the brain
images is taken using these feature values.

The remaining part of the manuscript is arranged as follows: Section 2
presents the basic concepts needed for this work. In Section 3, the pro-
posed methodology with the framework of novel neutrosophic entropy
is delineated. Then, the experimental results and analysis are given in
Section 4. Finally, Section 5 illustrates the conclusion of this work and
future direction is also provided.

2. Conceptual basis

The notable definitions and the required theoretical concepts to
decipher the proposed neutrosophic entropy and Tamura-feature based
multi-modal medical image fusion (NETMMF) method are given in this
section.

Definition 1 (NS). [16] Let  be the universal set and the neutrosophic
et  in  is represented by using the neutrosophic components such
hat  = {

⟨

𝑧,  (𝑧), (𝑧), (𝑧)
⟩

|𝑧 ∈ } where  (𝑧),  (𝑧),  (𝑧)
denotes the truth, indeterminacy and falsity membership function re-
spectively and it is defined on the standard and the non-standard unit
interval ]0−, 1+[ with the condition 0− ≤  (𝑧) +  (𝑧) +  (𝑧) ≤ 3+.

Definition 2 (SVNS). [17] SVNS is the direct outcome of NS which
is defined on the standard unit interval [0, 1] with the condition 0 ≤
 (𝑧) +  (𝑧) +  (𝑧) ≤ 3. Let  be the finite universal set such that
 = {𝑧1, 𝑧2,… , 𝑧𝑛}. If  is continuous, then for each element  in SVNS
can be expressed as

 = ∫𝑁

⟨

 (𝑧), (𝑧), (𝑧)
⟩

∕𝑧, 𝑧 ∈  (1)

Similarly, if  is discrete, then for each element  in SVNS can be
indicated as

 =
𝑛
∑

𝑖=1

⟨

 (𝑧𝑖), (𝑧𝑖), (𝑧𝑖)
⟩

∕𝑧𝑖, 𝑧𝑖 ∈ . (2)

Definition 3 (Neutrosophic image).[26] Let  be the classical source
image of dimension 𝐴 × 𝐵 with 𝐿 level of grayness. Then, any pixel
(𝑞, 𝑟) can be converted into neutrosophic image ( ) as given below

(𝑞,𝑟)=𝑔𝑙  (𝑔𝑙), (𝑔𝑙), (𝑔𝑙)
3

 ∶ 𝐴 × 𝐵 ←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ 𝐺 ←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ [0, 1]
where  (𝑔𝑙), (𝑔𝑙), (𝑔𝑙) denotes the belongingness, indeterminacy
nd non-belongingness membership values of the image. First, to de-
ermine the truth membership, the local mean value 𝑔𝑙 is computed,

which is given as

𝑔𝑙(𝑞, 𝑟) = 1
𝑤𝑖𝑛 ×𝑤𝑖𝑛

𝑞+ 𝑤𝑖𝑛
2

∑

𝑎=𝑞− 𝑤𝑖𝑛
2

𝑟+ 𝑤𝑖𝑛
2

∑

𝑏=𝑟− 𝑤𝑖𝑛
2

𝑔𝑙(𝑎, 𝑏)

here 𝑤𝑖𝑛 ×𝑤𝑖𝑛 denotes the size of the window and the pixel value at
𝑎, 𝑏)𝑡ℎ location is notated as 𝑔𝑙(𝑎, 𝑏). Therefore, the truth membership
s evaluated by

 ((𝑞, 𝑟)) =
𝑔𝑙(𝑞, 𝑟) − 𝑔𝑙𝑚𝑖𝑛
𝑔𝑙𝑚𝑎𝑥 − 𝑔𝑙𝑚𝑖𝑛

(3)

such that 𝑔𝑙𝑚𝑎𝑥, 𝑔𝑙𝑚𝑖𝑛 refers to the maximum and minimum value of
𝑔𝑙(𝑞, 𝑟). Second, to determine the indeterminacy membership value of
he image, the absolute value is found such that

(𝑞, 𝑟) = 𝑎𝑏𝑠(𝑔𝑙(𝑞, 𝑟) − 𝑔𝑙(𝑞, 𝑟))

hen, the indeterminacy membership value is given as

 ((𝑞, 𝑟)) =
𝜂(𝑞, 𝑟) − 𝜂𝑚𝑖𝑛
𝜂𝑚𝑎𝑥 − 𝜂𝑚𝑖𝑛

(4)

here 𝜂𝑚𝑎𝑥, 𝜂𝑚𝑖𝑛 is the maximum and minimum value of 𝜂(𝑞, 𝑟). Lastly,
he falsity membership value of the image is determined as

 ((𝑞, 𝑟)) = 1 −  ((𝑞, 𝑟)) (5)

o conclude, the domain of neutrosophic image is given as follows

 =

{

⟨(𝑞, 𝑟),  ((𝑞, 𝑟)), ((𝑞, 𝑟)), ((𝑞, 𝑟))⟩ ; 0 ≤ 𝑞 ≤ 𝐴 − 1,

0 ≤ 𝑟 ≤ 𝐵 − 1, 0 ≤ (𝑞, 𝑟) ≤ 𝐿 − 1, 0 ≤  , , ≤ 1

}

Definition 4 (Neutrosophic entropy). The entropy is utilized to quantify
the uncertainty present in the set. Since SVNS deals with the uncer-
tainty of the data like FS and IFS, the computation of their uncertainty
is attainable. The higher the value of the entropy represents the likeness
for the probability of intensity with even distribution and vice-versa.
Therefore, the entropy of SVNS can be defined as 𝐸𝑁𝑇 ∶  → [0, 1]
which fulfills the following axioms [20]

(i) 𝐸𝑁𝑇 () = 0 ⟺  is crisp set.
(ii) 𝐸𝑁𝑇 () = 1 ⟺  (𝑧) =  (𝑧) and  (𝑧) = 0.5, ∀𝑧 ∈ 

(∵ (𝑧) = 1 −  (𝑧)).
(iii) 𝐸𝑁𝑇 () ≥ 𝐸𝑁𝑇 () ⟺  is more uncertain than .

(ie.) | (𝑧) −  (𝑧)| ≤ |(𝑧) − (𝑧)| and | (𝑧) − 𝑐 (𝑧)| ≤
|(𝑧) − 𝑐 (𝑧)|.

(iv) 𝐸𝑁𝑇 () = 𝐸𝑁𝑇 (𝑐 ),∀ ∈  .

efinition 5 (Tamura-feature). Tamura feature extraction consists of six
tems considered mandatory features in an image. In this work, two
omponents are taken into account among them, namely, coarseness
nd contrast [24]. As discussed in the Definition 3, consider an image
of dimension 𝐴 × 𝐵. Then, the coarseness of an image is calculated

s follows

(a) Coarseness
The mean at each pixel with neighborhood of size 2𝑚 × 2𝑚 is
computed as follows

𝑀𝑒𝑎𝑛𝑚(𝑞, 𝑟) =
𝑞+2𝑚−1−1

∑

𝑎=𝑞−2𝑚−1

𝑟+2𝑚−1−1
∑

𝑎=𝑟−2𝑚−1

𝑔𝑙(𝑎, 𝑏)
22𝑚

From this, the horizontal and vertical parts are computed with
the difference between mean intensity 𝑀𝑒𝑎𝑛𝑚 of the non-
overlapping neighborhood.

𝐷 (𝑞, 𝑟) = |𝑀𝑒𝑎𝑛 (𝑞 + 2𝑚−1, 𝑟) −𝑀𝑒𝑎𝑛 (𝑞 − 2𝑚−1, 𝑟)|
𝑚,ℎ 𝑚 𝑚
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and,

𝐷𝑚,𝑣(𝑞, 𝑟) = |𝑀𝑒𝑎𝑛𝑚(𝑞, 𝑟 + 2𝑚−1) −𝑀𝑒𝑎𝑛𝑚(𝑞, 𝑟 − 2𝑚−1)

Thus, 𝑚𝑎𝑥
1≤𝑚≤𝐿

(𝐷𝑚,ℎ(𝑞, 𝑟), 𝐷𝑚,𝑣(𝑞, 𝑟)) is selected such that the op-
timal size of each pixel 𝑂𝑏𝑒𝑠𝑡 is calculated as

𝑂𝑏𝑒𝑠𝑡(𝑞, 𝑟) = 2𝑚 (6)

Finally, the coarseness feature is estimated as the average of
𝑂𝑏𝑒𝑠𝑡, which is given as

𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠() = 1
𝐴 × 𝐵

𝐴−1
∑

𝑎=0

𝐵−1
∑

𝑏=0
𝑂𝑏𝑒𝑠𝑡(𝑎, 𝑏) (7)

(b) Contrast
The contrast feature of an image can be measured using the
following equation

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡() = 𝜎
(𝜇4∕𝜎4)𝑛

(8)

where, 𝜎 be the standard deviation, the term (𝜇4∕𝜎4) is called
the kurtosis such that 𝜇4 is the fourth moment about mean and
𝜎4 is the square of variance and 𝑛 is any positive integer to be
determined.

3. The proposed NETMMF fusion method

This section delineates the proposed fusion method for multi-modal
medical image fusion. As examined in the introduction 1, the multi-
modal medical image fusion is a complicated field in the research
area which needs careful examination. The fused medical image is
the single image obtained from the collection of two or more low-
resolution medical images, and the obtained outcome must be in high
resolution with a substantial number of relevant information such
that no artifacts are included. The main focus of the medical image
fusion algorithm is to transfer information with edge details. For this
purpose, a novel neutrosophic entropy is developed, which yields the
appropriate detailing of the edge. The formation of the novel entropy
with examples is elucidated in the subsection.

3.1. A novel neutrosophic entropy for fusion

The entropy for the SVNS is developed such that it satisfies the
axioms given in Definition 4. Thus, the neutrosophic entropy is estab-
lished through the theorem provided below.

Theorem 1. Consider a finite domain  = {𝑧1, 𝑧2,… , 𝑧𝑛} and  =
{𝑧𝑖, ⟨ (𝑧𝑖), (𝑧𝑖), (𝑧𝑖)⟩ |𝑧𝑖, 𝑧𝑖 ∈ } be SVNS. If

𝐸𝑁𝑇 () = 1
𝑛

𝑛
∑

𝑖=1

[

1 −
√

|

|

 (𝑧𝑖) −  (𝑧𝑖)|| || (𝑧𝑖) − 𝑐 (𝑧𝑖)||

]

(9)

for all 𝑧𝑖 ∈ , then 𝐸𝑁𝑇 () is an entropy of SVNS.

Proof. The theorem is proved using the axiomatic conditions given in
Definition 4.

(i) Consider  as a crisp set. Then, either
(

 (𝑧𝑖), (𝑧𝑖), (𝑧𝑖)
)

=
(0, 0, 1) or

(

 (𝑧𝑖), (𝑧𝑖), (𝑧𝑖)
)

= (1, 0, 0), ∀𝑧𝑖 ∈ . Thus, it is
obvious that 𝐸𝑁𝑇 () = 0.

(ii) If
(

 (𝑧𝑖), (𝑧𝑖), (𝑧𝑖)
)

= (0.5, 0.5, 0.5) ∀𝑧𝑖 ∈ . Then,

𝐸𝑁𝑇 () = 1
𝑛

𝑛
∑

𝑖=1

[

1 −
√

|0.5 − 0.5| |0.5 − 0.5|
]

Thus, it is clear that 𝐸𝑁𝑇 () = 1.
4

r

(iii) Let |
|

 (𝑧𝑖) −  (𝑧𝑖)|| = 𝑝, |
|

(𝑧𝑖) − (𝑧𝑖)|| = 𝑞, |
|

 (𝑧𝑖) − 𝑐 (𝑧𝑖)|| =
𝛾, |

|

(𝑧𝑖) − 𝑐 (𝑧𝑖)|| = 𝜇. Also, 𝑝 ≤ 𝑞 and 𝛾 ≤ 𝜇. Then,

𝐸𝑁𝑇 () − 𝐸𝑁𝑇 ()

= 1
𝑛

𝑛
∑

𝑖=1

[ (

1 −
√

|

|

 (𝑧𝑖) −  (𝑧𝑖)|| || (𝑧𝑖) − 𝑐 (𝑧𝑖)||

)

−

(

1 −
√

|

|

(𝑧𝑖) − (𝑧𝑖)|| ||(𝑧𝑖) − 𝑐 (𝑧𝑖)||

) ]

∴𝐸𝑁𝑇 () − 𝐸𝑁𝑇 () = 1
𝑛
(1 −

√

𝑝𝛾 − 1 +
√

𝑞𝜇)

= 1
𝑛
(
√

𝑝𝛾 −
√

𝑞𝜇)

As 𝑝 ≤ 𝑞 and 𝛾 ≤ 𝜇, it is obvious that 𝑝𝛾 ≤ 𝑞𝜇 and it follows
√

𝑝𝛾 ≤
√

𝑞𝜇. Therefore, 𝐸𝑁𝑇 () ≥ 𝐸𝑁𝑇 ().
(iv) It is known that, 𝑐 (𝑧𝑖) =  (𝑧𝑖), (𝑐 (𝑧𝑖))𝑐 =  (𝑧𝑖), 𝑐 (𝑧𝑖) =

 (𝑧𝑖). Thus, 𝐸𝑁𝑇 () = 𝐸𝑁𝑇 (𝑐 ) is obvious.

his completes the proof.

xample 1. Suppose  = {𝑧1, 𝑧2, 𝑧3, 𝑧4} be the universal set and  be
VNS in  defined as

=
{

𝑧1
⟨0.73, 0.54, 0.27⟩

,
𝑧2

⟨0.45, 0.68, 0.55⟩
,

𝑧3
⟨0.82, 0.57, 0.18⟩

,
𝑧4

⟨0.67, 0.81, 0.33⟩

}

Then, 𝐸𝑁𝑇 ( ) = 0.7151. Thus, 𝐸𝑁𝑇 ( ) ∈ [0, 1].

3.2. Proposed methodology

The design of the proposed NETMMF method is described in this
part. The NETMMF method aims to provide a sharp fused image
without uncertainty such that the small edge details are preserved, and
the visual consistency is improved. The schematic representation of the
proposed NETMMF method is given in Fig. 1. Let us consider two pre-
registered medical images 𝑀1 and 𝑀2 of dimension 𝐴×𝐵 with 𝐿 level
of grayness. The gray-level of the images 𝑀𝑖 at the position (𝑎, 𝑏) is
epresented as the gray-level matrix such that

𝑖 =

⎛

⎜

⎜

⎜

⎜

⎝

𝑔𝑙𝑖(1, 1) 𝑔𝑙𝑖(1, 2) … 𝑔𝑙𝑖(1, 𝑏)
𝑔𝑙𝑖(2, 1) 𝑔𝑙𝑖(2, 2) … 𝑔𝑙𝑖(2, 𝑏)

⋮ ⋮ ⋱ ⋮
𝑔𝑙𝑖(𝑎, 1) 𝑔𝑙𝑖(𝑎, 2) … 𝑔𝑙𝑖(𝑎, 𝑏)

⎞

⎟

⎟

⎟

⎟

⎠

(10)

Usually, the medical images are uncertain and have low illumi-
ation with poor contrast. In this connection, the neutrosophic set is
sed to handle the situation better and to avoid the misconception of
aking a pixel as a grayness or edges. Accordingly, the gray-level matrix
n the Eqs. (10) is converted to a neutrosophic image matrix. If 𝑔𝑙𝑖(𝑎, 𝑏)

is the gray-level value, then the corresponding neutrosophic member-
ship values of the gray-level, 𝑛𝑑𝑖(𝑎, 𝑏) ∈

⟨

𝐺𝑖
(𝐺𝑖(𝑞, 𝑟)),𝐺𝑖

(𝐺𝑖(𝑞, 𝑟)),

𝐺𝑖
(𝐺𝑖(𝑞, 𝑟))

⟩

is evaluated by the Eqs. (3)–(5). Hence, the neutrosophic
mage matrix is as follows

𝑀𝑖 =

⎛

⎜

⎜

⎜

⎜

⎝

𝑛𝑑𝑖(1, 1) 𝑛𝑑𝑖(1, 2) … 𝑛𝑑𝑖(1, 𝑏)
𝑛𝑑𝑖(2, 1) 𝑛𝑑𝑖(2, 2) … 𝑛𝑑𝑖(2, 𝑏)

⋮ ⋮ ⋱ ⋮
𝑛𝑑𝑖(𝑎, 1) 𝑛𝑑𝑖(𝑎, 2) … 𝑛𝑑𝑖(𝑎, 𝑏)

⎞

⎟

⎟

⎟

⎟

⎠

(11)

rom the above-defined neutrosophic image matrix, three separate
mage domains are obtained: truth, indeterminacy and falsity image.
he truth membership image contains the absolute image with textu-
al information and well-defined bright regions. Whereas the falsity
embership image interprets the dark regions and the pixel values,
hich cannot be determined correctly is portrayed in the indeterminacy
embership image. To perceive this concept, the truth, the indeter-
inacy and the falsity membership images are shown in schematic

epresentation (see Fig. 1).
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Fig. 1. Schematic representation of the proposed NETMMF algorithm.
Next, the edge information of the source images must be transferred
to the fused image without degrading the gray value. On that account,
the developed neutrosophic entropy provided in (9) is applied to each
pixel of the matrices given in (11). Thus, the neutrosophic entropy
matrix is as below

𝑁𝐸𝑖 =

⎛

⎜

⎜

⎜

⎜

⎝

𝐸𝑁𝑇 (𝑛𝑑𝑖(1, 1)) 𝐸𝑁𝑇 (𝑛𝑑𝑖(1, 2)) … 𝐸𝑁𝑇 (𝑛𝑑𝑖(1, 𝑏))
𝐸𝑁𝑇 (𝑛𝑑𝑖(2, 1)) 𝐸𝑁𝑇 (𝑛𝑑𝑖(2, 2)) … 𝐸𝑁𝑇 (𝑛𝑑𝑖(2, 𝑏))

⋮ ⋮ ⋱ ⋮
𝐸𝑁𝑇 (𝑛𝑑𝑖(𝑎, 1)) 𝐸𝑁𝑇 (𝑛𝑑𝑖(𝑎, 2)) … 𝐸𝑁𝑇 (𝑛𝑑𝑖(𝑎, 𝑏))

⎞

⎟

⎟

⎟

⎟

⎠

,

(12)

Thus, the entropy matrix provides the appropriate edge details of
the source image, which benefits the upcoming fusion process. After
that, feature extraction is the significant process in the medical image
fusion method. The feature extraction methods collect the meaningful
regions according to the mentioned feature and aid in merging the
images. As stated before, Tamura’s coarseness and contrast feature is
considered in this work. First, the coarseness feature is implemented to
the truth image since the absolute amount of information is present in
5

it. Thus, it contributes in extracting spectral information without any
degradation. Next, the contrast feature is applied to the entropy image
to obtain the minuscule edges. Thereby, the truth and entropy image
matrix is subdivided into blocks of 𝑠 × 𝑡 dimension such that 𝐺𝑖𝑗

and
𝑁𝐸𝑖𝑗 denotes the 𝑗th block of truth and entropy image matrix. So, as
pointed out earlier, the coarseness feature is applied to each block of
the truth image 𝐺𝑖𝑗

such that

𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠
𝑖𝑗
= 1

𝑠 × 𝑡

𝑠−1
∑

𝑎=0

𝑡−1
∑

𝑏=0
𝑂𝑖𝑗𝑏𝑒𝑠𝑡

(𝑎, 𝑏) (13)

where 𝑂𝑖𝑗𝑏𝑒𝑠𝑡
is calculated for each block of 𝐺𝑖𝑗

as given in Eq. (6). Sim-
ilarly, the contrast feature is applied to each block of the neutrosophic
image 𝑁𝐸𝑖𝑗 such that

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
𝑖𝑗
=

𝜎
𝑖𝑗

(𝜇4
𝑖𝑗
∕𝜎4

𝑖𝑗
)𝑛

(14)

where the variables are as given in Eq. (8) that is calculated for 𝑁𝐸𝑖𝑗 .
The next level of the process is to fuse the images according to the
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obtained feature values of each block. Hence, the fused blocks acquired
using the coarseness feature for the truth image are given below

𝑀𝑓𝑗 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐺1𝑗
(𝑎, 𝑏), 𝑖𝑓 𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

1𝑗
> 𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

2𝑗

𝐺2𝑗
(𝑎, 𝑏), 𝑖𝑓 𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

1𝑗
< 𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

2𝑗

𝐺1𝑗
(𝑎,𝑏)+𝐺2𝑗

(𝑎,𝑏)

2 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(15)

ikewise, the fused blocks obtained using the contrast feature for
ntropy image are as follows

𝑓𝑗
=

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑁𝐸1𝑗 (𝑎, 𝑏), 𝑖𝑓 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
1𝑗
> 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡

2𝑗

𝑁𝐸2𝑗 (𝑎, 𝑏), 𝑖𝑓 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
1𝑗
< 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡

2𝑗
𝑁𝐸1𝑗 (𝑎,𝑏)+𝑁𝐸2𝑗 (𝑎,𝑏)

2 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(16)

Now, the disintegrated blocks 𝑀𝑓𝑗 and 𝑀𝑓𝑗
are reconstructed into

mages 𝑀𝑓𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠
and 𝑀𝑓𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡

respectively. Therefore, both the textu-
al and edge details are separately obtained through the fused images
𝑓𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

and 𝑀𝑓𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
. Next, these two fused images are merged as

single image that carries all the significant information with minute
etails. This process is executed by counting the number of blackness
𝑅 and whiteness 𝑊𝑅 in each blocks 𝑀𝑓𝑗 and 𝑀𝑓𝑗

. Hence, the final
used image is obtained by using the equation mentioned below

̇𝑓𝑗 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑚𝑖𝑛
(

𝑀𝑓𝑗 ,𝑀𝑓𝑗

)

, 𝑖𝑓 𝐵𝑅 > 𝑊𝑅

𝑚𝑎𝑥
(

𝑀𝑓𝑗 ,𝑀𝑓𝑗

)

, 𝑖𝑓 𝐵𝑅 < 𝑊𝑅
𝑀𝑓𝑗

+𝑀𝑓𝑗
2 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(17)

econstruct the blocks into fused image 𝑀𝑓𝐹 𝑖𝑛𝑎𝑙
and it must be con-

erted again into a crisp image for analysis purposes. Accordingly,
he de-neutrosophication of the fused image is carried out using the
quation

𝐷 = 𝑔𝑙𝑚𝑎𝑥 − 𝑔𝑙𝑚𝑖𝑛 ∗ 𝑀𝑓𝐹 𝑖𝑛𝑎𝑙
+ 𝑔𝑙𝑚𝑖𝑛 (18)

hus, the proposed medical image fusion is described in detail. The
lgorithm of the proposed NETMMF method is given in Algorithm 1.
Algorithm 1 Flow of proposed NETMMF algorithm
Require: Two medical images 𝑀1 and 𝑀2 of dimension 𝐴×𝐵, the size

of the blocks 𝑠× 𝑡, the window size 𝑤𝑖𝑛 to compute local mean value,
the neighborhood sizes 2𝑚 × 2𝑚.

Step 1: Obtain the gray-level images 𝐺𝑖 for the source images 𝑀𝑖
using the equation (10).

Step 2: Compute the neutrosophic image matrix 𝑁𝑀𝑖
by the equation (11) such that each 𝑛𝑑𝑖(𝑎, 𝑏) ∈
⟨

𝐺𝑖
(𝐺𝑖(𝑞, 𝑟)),𝐺𝑖

(𝐺𝑖(𝑞, 𝑟)),𝐺𝑖
(𝐺𝑖(𝑞, 𝑟))

⟩

.
Step 3: Evaluate the neutrosophic entropy matrix 𝑁𝐸𝑖 as mentioned

in the equation (12).
Step 4: Disintegrate the truth matrix and neutrosophic entropy

matrix into blocks as 𝐺𝑖𝑗
and 𝑁𝐸𝑖𝑗 .

Step 5: Determine the coarseness feature 𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠
𝑖𝑗

for the blocks
of truth matrix by the formula as in equation (13).

Step 6: Measure the contrast feature 𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
𝑖𝑗

for the blocks of
entropy matrix as given in equation (14).

Step 7: Obtain the fused truth 𝑀𝑓𝑗 and entropy 𝑀𝑓𝑗
blocks by using

the equations (15) & (16).
Step 8: Reconstruct the fused blocks into fused images as 𝑀𝑓𝐶𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠

and 𝑀𝑓𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡
.

Step 9: Evaluate the final fused block 𝑀 ̇𝑓𝑗 using the equation (17).
Step 10: Finally, the reconstruct the blocks into image 𝑀𝑓𝐹 𝑖𝑛𝑎𝑙

and
de-neutrosophication process is executed as in the formula (18).
6

4. Experimental study

In this section, the study to examine the effectiveness of the pro-
posed NETMMF is provided. The description about the materials to
execute the algorithm, comparative benchmarking fusion methods,
fusion metrics is given in detail.

4.1. Experimental arrangement

Three categories of brain image datasets are assessed to investigate
the diversity of the proposed NETMMF method in aspects of varying di-
mensions, intensity and disease types of brain image. In this regard, the
dataset-1 is taken from the BraTS datasets [27] which contains glioma
type of brain tumor images obtained from four imaging modalities.
This work examines the fusion of T1-weighted MR and T2-weighted MR
glioma images. It contains images in MetaImage format with dimension
240 × 240. The dataset-2 consists of T1-weighted MR and T2-weighted
MR brain images for multiple sclerosis disease, available in [28]. The
images in this dataset are of NIfTI format with 256 × 256 dimension.
Then, the brain images of Alzheimer’s disease are considered as the
dataset-3, which is accessed from the whole brain atlas offered by
Harvard University [29]. GIF format images of SPECT and T2-weighted
MR modalities are collected with 256 × 256 dimension. The experiment
is done for more than 100 images from these datasets using MATLAB
2019a software, but by considering the paper format, results for sample
pairs of each dataset are given in this work (see Fig. 2).

4.2. Comparative fusion methods

Six other benchmarking fusion methods for multi-modal medical
image fusion are considered to test the potency of the proposed fusion
method in merging the multi-modal medical image fusion. First, one
of the statistical fusion methods developed by Panda and Agrawal [4],
known as the EBFS-ICA fusion algorithm, is considered to fuse medical
images. Second, NSST with pulse-coupled neural network (BM-PCNN-
NSST) fusion technique devised by Tan et al. [8] is taken. The third
fusion method is based on the sparse representation using morpholog-
ical component analysis (CS-MCA) that is proposed by Liu et al. [10].
Then, the fourth image fusion method taken is pioneered by Xie et al.
in which multi-channel bi-dimensional empirical mode decomposition
based on the morphological filter (MF-MBEMD) is used to integrate
the images [7]. Afterwards, the sixth fusion algorithm employs fast-
guided filtering and an extended difference-of-Gaussians (FGF-XDoG)
technique proposed by Jie et al. [9]. Lastly, the image fusion method
devised by Tirupal is considered, in which the Sugeno type generator
is used to fuse the images via an intuitionistic fuzzy set (SIFS) [15].
All the parameters are as it is prescribed in the respective papers. Also,
it is noted that one method from each fusion type, as discussed in the
introduction 1, is taken as the state-of-the-art method.

4.3. Fusion metrics

Some of the statistical metrics for fusion are available in the lit-
erature to validate the outcome of the fusion result. Here, standard
deviation, universal image quality index, peak signal-to-noise ratio
(PSNR), structural similar index measure and feature mutual index are
used to analyze the fusion results. All these metrics describe peculiar
information about the output image. The formula for each metric is
given below.

1. Standard deviation (SD)
The SD [30] portrays the contrast and brightness preservation of
the fused image. The higher value of this metric resembles the
good fused image. It is given as

𝑆𝐷 =

√

√

√

√
1

𝐴
∑

𝐵
∑

(𝑀𝐷(𝑎, 𝑏) −𝑀𝑒𝑎𝑛) (19)

𝐴 × 𝐵 𝑎=1 𝑏=1
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Fig. 2. Input images:(a-h)-Dataset-1:(a,b)-Pair-1, (c,d)-Pair-2, (e,f)-Pair-3, (g,h)-Pair-4; (i-p)-Dataset-2:(i,j)-Pair-5, (k,l)-Pair-6, (m,n)-Pair-7, (o,p)-Pair-8; (q-x)-Dataset-3:(q,r)-Pair-9,
(s,t)-Pair-10, (u,v)-Pair-11, (w,x)-Pair-12.
where 𝑀𝐷 is the final outcome of the fused image and 𝑀𝑒𝑎𝑛 =
1

𝐴×𝐵
∑𝐴

𝑎=1
∑𝐵

𝑏=1 |𝑀𝐷|.
2. Universal image quality index (UIQI)

The distortion in the fused image is analyzed using the UIQI
metric [31]. It is the combination of three components, namely
correlation, luminance and contrast. The value of UIQI ranges
between 0 to 1. If the value is high, it denotes less distortion
in the image. For the input images 𝑀1, 𝑀2 and the integrated
output image 𝑀𝐷, it is formulated as

𝑈𝐼𝑄𝐼(𝑀1,𝑀2,𝑀𝐷) =
𝑈𝐼𝑄𝐼(𝑀1,𝑀𝐷) + 𝑈𝐼𝑄𝐼(𝑀2,𝑀𝐷)

2
(20)

such that,

𝑈𝐼𝑄𝐼(𝑀1,𝑀𝐷) =
𝜎
𝑀1𝑀𝐷

𝜎
𝑀1

𝜎
𝑀𝐷

.
2𝑀

1
𝑀

𝐷

𝑀̄
1
2 + 𝑀̄

𝐷
2
.
𝜎
𝑀1

𝜎
𝑀𝐷

𝜎2
𝑀1

+ 𝜎2
𝑀𝐷

𝑈𝐼𝑄𝐼(𝑀2,𝑀𝐷) =
𝜎
𝑀2𝑀𝐷

𝜎
𝑀2

𝜎
𝑀𝐷

.
2𝑀

2
𝑀

𝐷

𝑀̄
2
2 + 𝑀̄

𝐷
2
.
𝜎
𝑀2

𝜎
𝑀𝐷

𝜎2
𝑀2

+ 𝜎2
𝑀𝐷

where 𝑀̄
1
, 𝑀̄

2
, 𝑀̄

𝐷
represents mean of 𝑀1,𝑀2,𝑀𝐷 respectively.

𝜎2
𝑀1

, 𝜎2
𝑀2

, 𝜎2
𝑀𝐷

denotes the variance of 𝑀1,𝑀2,𝑀𝐷 respectively.
𝜎
𝑀1𝑀𝐷

is the co-variance between 𝑀1 and 𝑀𝐷.

3. Peak signal-to-noise ratio (PSNR)
The PSNR value determines the closeness of the fused image
to that of the original images. The higher the value, the more
information from the source images is carried over to the fused
image. It is given as [31]

𝑃𝑆𝑁𝑅(𝑀1,𝑀2,𝑀𝐷) =
𝑃𝑆𝑁𝑅(𝑀1,𝑀𝐷) + 𝑃𝑆𝑁𝑅(𝑀2,𝑀𝐷)

2
(21)

such that,

𝑃𝑆𝑁𝑅(𝑀1,𝑀𝐷) = 10 𝑙𝑜𝑔10

(

𝐴 × 𝐵 × 𝐿2
∑𝐴

𝑎=1
∑𝐵

𝑏=1(𝑀1(𝑎, 𝑏) −𝑀𝐷(𝑎, 𝑏))2

)

𝑃𝑆𝑁𝑅(𝑀2,𝑀𝐷) = 10 𝑙𝑜𝑔10

(

𝐴 × 𝐵 × 𝐿2
∑𝐴

𝑎=1
∑𝐵

𝑏=1(𝑀2(𝑎, 𝑏) −𝑀𝐷(𝑎, 𝑏))2

)

where 𝐿 is the maximum gray-level value.
7

4. Average gradient (AG)
The AG [32] metric describes the clarity in the fused image
concerning direction. For better fusion output, the value must
be high. It is calculated as

𝐴𝐺 = 1
𝐴 × 𝐵

𝐴
∑

𝑎=1

𝐵
∑

𝑏=1

[

(𝑀𝐷(𝑎, 𝑏) −𝑀𝐷(𝑎 + 1, 𝑏))2 + (𝑀𝐷(𝑎, 𝑏) −𝑀𝐷(𝑎, 𝑏 + 1))2
]

1
2

(22)

5. Mutual information (MI)
The MI metric gives the measure of dependency of the fused
image with source images. The value must be high for better
fusion results. It is represented as [28]

𝑀𝐼(𝑀1,𝑀2,𝑀𝐷) =
𝑀𝐼(𝑀1 ,𝑀𝐷)+𝑀𝐼(𝑀2 ,𝑀𝐷)

2 ,

𝑀𝐼(𝑀1,𝑀𝐷) =
∑𝐴

𝑎=1
∑𝐵

𝑏=1 𝑝𝑀1𝑀𝐷
(𝑎, 𝑏) log

𝑝𝑀1𝑀𝐷
(𝑎,𝑏)

𝑝𝑀1 (𝑎)𝑝𝑀𝐷 (𝑏) ,

𝑀𝐼(𝑀2,𝑀𝐷) =
∑𝐴

𝑎=1
∑𝐵

𝑏=1 𝑝𝑀2𝑀𝐷
(𝑎, 𝑏) log

𝑝𝑀2𝑀𝐷
(𝑎,𝑏)

𝑝𝑀2 (𝑎)𝑝𝑀𝐷 (𝑏) ,

(23)

where 𝑝𝑀1
and 𝑝𝑀2

are marginal probability distribution of
original images. And, 𝑝𝑀1𝑀𝐷

and 𝑝𝑀2𝑀𝐷
is the normalized joint

distributions.

4.4. Qualitative and quantitative assessment

The fused output image is evaluated in two ways: qualitative and
quantitative assessment. The qualitative assessment is visual quality
based on the interpretation of humans in analyzing the outcome, while
the quantitative assessment is a measurable value obtained from the fu-
sion metrics. Both assessment is necessary to determine the efficiency of
the fusion methods. Moreover, the complexity of the fused techniques is
also studied by calculating the time for the execution of the processes.
As mentioned, the experiment for 4 pairs of each dataset is shown
for the proposed and other comparative methods. The subjective and
objective analysis results for each dataset are tabulated and presented
in Tables 2–4. The highest value of the fusion metric and the lowest
time consumption are highlighted in bold.

The dataset-1 consists of T1-weighted and T2-weighted glioma im-
ages. Glioma is one of the predominant primary brain tumors with less
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Table 2
Subjective and objective results for dataset-1.

Fusion results for Pair-1
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 14.2240 33.9123 25.0605 38.4623 43.8921 50.76500 56.8552
UIQI 0.4197 0.7284 0.4537 0.7534 0.8249 0.6301 0.9711
PSNR 10.6467 23.6417 14.3870 23.7893 23.9218 21.8567 24.5193
AG 1.1612 6.6234 1.5702 7.4325 7.8138 4.5042 9.3561
MI 0.1165 2.7612 1.0586 2.9238 3.0127 3.1375 3.5315

TIME (s) 4.2978 51.0231 203.8721 5.9142 7.1228 3.3839 5.8281

OUTPUT

Fusion results for Pair-2
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 32.3256 40.5995 35.3173 42.0632 45.2813 58.6231 62.3693
UIQI 0.1825 0.7124 0.2674 0.8045 0.8572 0.3244 0.9627
PSNR 14.3396 24.8330 15.5170 25.3702 26.1982 16.2134 27.1247
AG 1.1703 2.8357 1.1827 3.2602 3.8105 1.8073 4.9017
MI 0.2115 2.2322 1.8723 2.3883 2.4671 2.5180 2.9234

TIME (s) 4.7831 50.7381 201.7321 5.8997 6.2348 3.1659 5.7837

OUTPUT

Fusion results for Pair-3
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 13.1492 40.6294 27.5322 43.7219 45.8136 63.1183 59.7821
UIQI 0.3472 0.8489 0.3711 0.8642 0.8979 0.4005 0.9274
PSNR 9.9363 19.4871 12.4847 19.9831 20.2763 13.8810 21.1938
AG 0.7838 4.3167 2.6803 4.2782 4.5012 2.8305 5.7410
MI 0.3457 1.9031 1.3873 2.0671 2.1652 2.1868 2.7503

TIME (s) 3.9958 49.9014 198.9312 5.2842 5.9567 3.0452 4.9865

OUTPUT

Fusion results for Pair-4
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 12.2793 32.9402 21.0442 35.7302 38.2314 50.5619 70.9565
UIQI 0.4218 0.8525 0.4390 0.8767 0.8924 0.5298 0.9681
PSNR 12.5299 20.2579 14.3001 21.8434 22.4812 17.6594 24.8046
AG 1.6400 4.8477 2.2132 5.3298 6.0149 2.9039 12.3192
MI 0.2761 2.8548 1.5436 2.9743 3.0168 3.0825 3.3725

TIME (s) 5.0712 54.7419 204.1710 6.1632 7.8531 3.3845 5.9278

OUTPUT
survival rate; thus, attention is needed to treat it. The T1-weighted
MR gives the details of the soft tissues, whereas the T2-weighted MR
concentrates more on the tumor information. Thus, a fusion of both
images is used in diagnosing the disorder. The subjective and objective
fusion results of this dataset, along with the running time in seconds,
are given in the Table 2. It is noted that the outcome of the EBFS-
ICA fusion algorithm has poor quality with blurry and low-contrast
tumor images. Also, the tumor details are not appropriate to the source
image. While considering the metric values, all the values are very low
compared to the proposed method. Further, it has less time complexity
which is appreciable, but the subjective and objective quality is not
good. Thereafter, the fusion outcomes of the BM-PCNN-NSST method
shows the better performance in merging the complementary informa-
tion of the input images but lacks in retrieve the edge information of the
tumor. Meanwhile, the objective metric values are moderate compared
to other fusion methods and require more time for the execution of
the algorithm. Then, it is noted that the resultant fusion image of the
CS-MCA algorithm has some unwanted artifacts and degradation of
8

spatial resolution. So, the tumor information is disturbed, and it leads
to inaccurate identification. Also, the metric values are not up to the
mark, and this fusion method takes more time to accomplish the fusion
process. Subsequent analysis of the fusion results obtained from the
MF-MBEMD method highlights a limitation in accurately represent-
ing the contour details of the tumor image. Further, this algorithm
yields moderately good objective metrics and improves computational
efficiency. Afterwards, the results generated by the FGF-XDoG tech-
nique exhibit adequate fusion outcomes compared to the previously
discussed methods. However, it struggles to capture minute details
within the tumor image. Although the metric values are satisfactory,
this technique exhibits moderately higher computational time. Next,
SIFS produces fusion results with very high brightness, which leads to
indistinguishable brain tumor regions and suppresses the edge details.
Due to this high brightness, some of the objective value is increased, but
it cannot be considered as a good result. Moreover, the processing time
is low than other fusion methods. Finally, on analyzing the fusion result
of the NETMMF method, all the information is transferred correctly
such that curves and edges of the tumor are preserved. All the metric
values are comparatively high, and the algorithm consumes moderate

time.
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Table 3
Subjective and objective results for dataset-2.

Fusion results for Pair-5
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 19.8836 55.6899 38.7690 56.2523 56.9982 58.1996 66.3322
UIQI 0.3541 0.7325 0.3800 0.7834 0.8124 0.6033 0.8931
PSNR 12.5009 16.9667 12.5331 17.382 17.9265 14.5099 19.5204
AG 2.9191 8.7102 4.1194 8.9725 9.7834 7.8464 10.6011
MI 0.3436 3.7201 2.7840 3.9316 4.1093 3.5510 4.5515

TIME (s) 4.8753 54.6628 210.8625 5.8932 6.5296 4.1639 5.6922

OUTPUT

Fusion results for Pair-6
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 18.3626 58.0629 36.2865 58.2679 58.4816 58.5171 65.4344
UIQI 0.3817 0.73035 0.4778 0.7947 0.8278 0.6131 0.8800
PSNR 12.2169 18.4117 14.5512 18.6343 18.7892 16.5257 18.9495
AG 2.4394 8.7612 3.7533 8.9342 9.1564 7.2137 10.1834
MI 0.3287 3.4487 2.7782 3.8427 3.9783 3.3925 4.4766

TIME (s) 5.4218 56.7842 206.0862 6.9973 7.5317 3.7528 6.6439

OUTPUT

Fusion results for Pair-7
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 15.6098 49.9230 28.4557 50.1632 52.8932 49.1353 58.5758
UIQI 0.1600 0.7309 0.2400 0.7856 0.7974 0.5035 0.8070
PSNR 13.4093 17.2720 14.2577 17.8729 18.1921 16.9207 18.8807
AG 2.7488 9.4233 3.7957 9.7192 9.9821 7.9985 10.7605
MI 0.2305 4.1723 2.1822 4.3802 4.5829 3.9564 4.9854

TIME (s) 4.6346 53.9724 208.1489 5.8272 6.4128 4.0321 5.1944

OUTPUT

Fusion results for Pair-8
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 15.0989 52.5702 32.4054 52.9273 53.1389 53.5702 67.6399
UIQI 0.3231 0.7352 0.3984 0.7635 0.8127 0.5944 0.8924
PSNR 13.6377 17.309 14.6055 17.9235 18.4387 17.1317 19.9830
AG 2.0507 8.4341 4.1225 8.9956 9.3219 7.1728 10.4165
MI 0.2662 2.8034 1.9877 2.9281 3.0112 2.9323 3.1761

TIME (s) 4.9897 52.4912 201.6002 6.4265 7.3094 2.9648 6.0136

OUTPUT
m
a
v
t
t
f
e
w
c
i
o
t
f
w
i
p

o

The T1-weighted MR and T2-weighted MR images of multiple scle-
osis are taken in dataset-2. Multiple sclerosis is a chronic autoimmune
isorder that affects the central nervous system. Identifying multiple
clerosis lesions through a single imaging modality is difficult. So, the
used image aids in better diagnosis. For this purpose, the experiment
s done for this dataset, and the results with time consumption are
abulated in Table 3. First, on noticing the result of the EBFS-ICA
usion technique, it produces unsatisfactory results with inadequate
nformation. Even though it has less computational time, the visual
uality and metric values are not standard. Second, the BM-PCNN-
SST fusion method fuses the information without distortion, but the
ontour details are missing. Moreover, the objective metric values are
ot sufficiently good, and the algorithm takes more running time.
hird, it is observed that the fusion results of the CS-MCA algorithm
re surrounded by an unwanted noise which decreases the quality
f the image. Besides, only the average values are obtained for the
usion metrics compared to other fusion methods. Also, this algorithm
onsumes more time for execution than all other comparative fusion
9

ethods. Fourth, the fusion outcome generated by the MF-MBEMD d
ethod deteriorates the spatial relationship between structures and
bnormalities. Despite this limitation, the method yields acceptable
alues when objectively assessing the metrics. Moreover, the execution
ime of this algorithm is relatively minimal. Fifth, the FGF-XDoG fusion
echnique effectively retains all features from the input images without
eature loss but fails to portray intricate details. While the metric
valuations commend its performance, the higher time consumption
hen executing the algorithm is the drawback. Sixth, the fusion out-

ome of the SIFS method has less capacity to differentiate the varying
ntensities, so information is not identified properly. In addition, the
bjective values are not high, but the time consumption in executing
he algorithm is comparatively good. Finally, the proposed NETMMF
usion results provide all the texture features of the input images
ith clarity and high contrast. Also, the highest fusion metric value

s obtained for the resultant fused image. The time consumption in
erforming this algorithm is average compared to other methods.

Alzheimer’s disease is taken in dataset-3 as it is one of the seri-
us disorders of the brain that needs more attention. It is a neuro-

egenerative disease that causes dementia in patients. Thus, a fusion of
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Table 4
Subjective and objective results for dataset-3.

Fusion results for Pair-9
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 17.2854 54.1917 28.4557 32.6765 40.4366 44.3216 68.8909
UIQI 0.3452 0.62023 0.4215 0.4387 0.4546 0.4766 0.8067
PSNR 11.3684 16.9778 13.5449 13.6547 14.2046 14.0201 20.5040
AG 1.8142 9.6148 2.2867 7.3285 7.5483 8.6701 13.1028
MI 0.3592 3.4980 1.1460 1.3648 1.4371 1.7832 3.0472

TIME (s) 4.9298 57.8261 216.9371 6.2349 6.9636 4.7103 5.9821

OUTPUT

Fusion results for Pair-10
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 13.4854 57.9812 18.5871 41.8244 43.8935 40.8136 62.8685
UIQI 0.2625 0.6014 0.3449 0.4473 0.4503 0.4627 0.7713
PSNR 10.2533 14.9318 11.8457 10.4832 12.2452 13.0170 18.5873
AG 3.8900 9.5023 4.9960 7.4672 7.9835 8.6611 12.2547
MI 0.3960 3.6821 1.0537 1.6943 1.7183 2.9218 3.7235

TIME (s) 5.2721 52.8912 198.7832 6.2245 6.8263 3.7321 5.8292

OUTPUT

Fusion results for Pair-11
hhhhhhhhhhMetrics

Methods
EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 20.7563 57.9546 30.1395 48.876 49.6271 48.0644 72.6803
UIQI 0.3745 0.6902 0.4870 0.5129 0.5326 0.5032 0.8348
PSNR 8.9890 12.3034 9.7809 10.2315 10.7437 10.8564 17.8744
AG 2.2467 14.4454 4.9391 9.5368 9.8463 10.0277 17.8536
MI 0.1954 2.5843 0.8926 1.0564 1.1439 1.2238 2.8693

TIME (s) 4.8803 54.6931 212.1862 6.1694 6.4593 4.2643 5.8176

OUTPUT

Fusion results for Pair-12
hhhhhhhhhMetrics

Methods EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

SD 15.9356 60.3719 21.7556 45.7393 46.3751 44.8043 69.1767
UIQI 0.3616 0.7009 0.4278 0.5074 0.5275 0.5916 0.8741
PSNR 10.3258 15.2748 12.2356 13.4356 13.6649 13.7650 17.9032
AG 3.9903 10.8809 5.3794 8.6431 8.9648 9.0243 13.5379
MI 0.4610 3.8436 1.2351 1.7546 2.0164 2.9863 3.9813

TIME (s) 5.3832 54.8324 202.3722 6.9742 7.8403 3.9983 5.9952

OUTPUT
T
b
i
f
m
t
t
a
t
t
b
c
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l
S

mages obtained from SPECT and T2-weighted MR imaging modalities
s used in diagnosing this problem. The subjective and objective results
f this dataset are displayed in the Table 4. The EBFS-ICA fusion
lgorithm is not suitable for this dataset since it produces undesirable
rtifacts and makes the obscured fused image. Likewise, the objective
alue is meagre compared to the methods. It is observed that the time
aken to accomplish the fusion algorithm for this dataset is slightly
igher than the time taken for the previous two datasets. Afterwards,
he resultant fusion image produced by the BM-PCNN-NSST method has
ll the complementary information from the input images but some
f redundant information adhering to it. Further, it has reasonable
usion metric value and time consumption. Then, the CS-MCA fusion
echnique provides poor result in which all the information of the
ource images are lost. Although it takes less time to compute, the
ubjective and objective quality is not good. After that, the fusion
utcomes generated by MF-MBEMD fail to incorporate the functional
ata acquired from the SPECT modalities, resulting in subpar fusion
esults. Furthermore, these outcomes exhibit lower metric values than
he results obtained for the other two datasets. Nevertheless, the execu-
10

ion time for the algorithm remains consistent across all three datasets. t
hen, upon reviewing the fusion output of the FGF-XDoG method, it
ecomes evident that the information derived from T2-weighted MR
maging modalities takes precedence over the information obtained
rom SPECT modalities, resulting in an imbalance. Furthermore, the
etric values fall below the expected standard. Regarding execution

ime, the method delivers only intermediate performance. Next, in
he results of the SIFS fusion method, unclear and blurred structures
re identified. It has a moderate fusion metric value and has less
ime consumption than other methods. Lastly, the fusion outcome of
he proposed NETMMF method has detailed information with clear
oundaries. It gives the highest metric values and has reasonable time
onsumption.

.5. Discussion

Here, in this subsection, the obtained experimental results are de-
iberated precisely. First, the SD metric value in pair-3 is higher for the
IFS fusion method than the proposed fusion method. The reason is

he over-enhanced fused image obtained from the SIFS fusion method.
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Table 5
Average running time for every fusion methods on each dataset.
`````````̀Datasets

Methods Size EBFS-ICA BM-PCNN-NSST CS-MCA MF-MBEMD FGF-XDoG SIFS Proposed

Dataset-1 240 × 240 4.5369 51.6011 202.1766 5.8153 6.7918 3.2448 5.6315
Dataset-2 256 × 256 4.9804 54.4776 206.6744 6.2861 6.9458 3.7284 5.8877
Dataset-3 256 × 256 5.1164 55.0607 207.566 6.4007 7.02234 4.17625 5.9061
However, the features are indistinguishable, and thus it cannot be con-
sidered an excellent fused output image. In comparison, the proposed
NETMMF method produces a fused image with high visual quality
and preserved edges. Likewise, in pair-9, the MI metric value for the
BM-PCCN-NSST method is higher than the proposed method. This is
because BM-PCNN-NSST contains all the information from the source
images. But, some noise is produced in the fused image that degrades
the quality of the image. In contrast, the proposed fusion method
gives a better outcome regarding edges, and no artifacts are present.
Further, considering the time consumption, the proposed fusion method
is always lacking behind SIFS and EBFS-ICA fusion methods. But, it is
reasonable as it has little difference. For a more comprehensive analy-
sis, the average running times for every fusion method on each dataset
were individually calculated and presented in Table 5. The observations
indicate a consistent increase in running time for all fusion methods
when the dimension is increased or when color image is involved. In
addition, the proposed method consistently secures the third position
regarding time consumption. This is due to slightly higher complexities
in executing the proposed NETMMF algorithm than SIFS and EBFS-ICA.
Besides, all other metric values are high for the proposed fusion method
in every pair. Also, it provides better visual quality with detailed
edge information and noise-free result. Therefore, on the whole, the
proposed NETMMF method is superior to other methods in the aspects
of qualitative and quantitative assessments.

5. Conclusion

The proposed NETMMF method is framed to eliminate incomplete-
ness and impreciseness in medical images. This challenge is accom-
plished by transferring the crisp images into neutrosophic images with
the help of the three domains of neutrosophic sets. Then, the contour
details of the images are acquired using the developed entropy. Further,
the coarseness and contrast of the Tamura features are employed to
extract the requisite features from the truth and entropy image. At
last, the fusion is carried out using the information from these feature
values and the fusion rule. Thus, the fused image has a clear texture
feature, high contrast, and well-defined edge details. And most im-
portantly, no unwanted artifacts and noises are included during the
execution of this process. Moreover, the experimental results with three
brain datasets for the proposed method and the other six comparative
methods prove the efficacy of the proposed fusion method. Thus,
the NETMMF fusion results demonstrate remarkable performance by
encompassing all texture features from the input images with high
clarity and enhanced contrast. The resultant fused image attains the
highest metric value among comparative methods, indicating supe-
rior fusion quality. Further, regarding computational efficiency, the
algorithm performs sufficiently within an average time consumption
compared to alternative methods. In future, the neutrosophic medical
image segmentation algorithm will be developed with the aid of this
fusion method.
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