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Abstract—The extensive use of medical imaging has become a regular practice in modern medical health care centers. It is used
almost in every stage of patient management system. However, it is intuition or expertise of physician to choose a modality or
alternative modality wisely for managing the patient as single multimodal medical image has limitations. Therefore, single
multimodal medical image is necessarily ruled out in diagnosis and treatment processes. Multimodal medical image fusion
plays a significant role in the diagnosis, treatment planning, delivery of treatment, and review of patients’ response to the
treatment. In this chapter proposed new fused image created from two multimodal medical images for the better visualization
and interpretation of abnormalities in context with the purpose of accurate diagnosis, to prepare precise treatment plan, to
classify the stages of diseases, and to review the effectiveness of the treatment. The proposed research work presents the feature
based fusion algorithms in transforms domain to combine the relevant and complementary spectral features of two modalities
namely computed tomography (CT) and magnetic resonance imaging (MRI), Positron Emission Tomography (PET) and Single
Photon Computed Tomography (SPECT). The traditional fusion algorithms compared with hybrid fusion algorithm. The hybrid
multimodality medical image fusion is a powerful technique for analysis of lesions. In this chapter experimental results
discovered that the proposed techniques provide better visualization of fused image and gives the superior results compared to
various existing traditional algorithms
Keywords—Multimodal medical image fusion; Additive wavelet transform; Non subsampled shearlet transform; Non
subsampled contourlet transform; Guided image filtering; Curvelet transform.
————————————————————  ————————————————————

I.

INTRODUCTION

M

EDICAL imaging, diagnostics, and treatment planning
are in a transition phase. Modern medicine relies on
information provided in the form of multimodality medical
images. Transverse slices of the human body obtained from
different modalities like Computed Tomography (CT),
Magnetic Resonance Imaging (MRI), Positron Emission
Tomography (PET), Single Photon Emission Computed
Tomography (SPECT), etc are widely used for the evaluation
of the patients’ status. Different imaging reveals different
information about the same anatomy and hence provides
complimentary information to the clinicians. Medical imaging
technology has undergone tremendous improvement over the
last decades.
Many modalities are now able to provide threedimensional and four-dimensional information. The ways the
images are presented and interpreted are also being changed.
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Even though 3D- and 4D-visualization techniques are used for
an increasing number of applications, the cross-sectional 2D
slice images are still predominantly used in radiology. For
proper diagnosis, medical images need to provide two
important and interrelated pieces of information to
radiologists: exactly what is going on and precisely where in
the body. Anatomic imaging technologies like MRI and CT
clearly show the morphological features like size and shape,
but no information on proliferation or inflammation are
provided. Using CT image alone it is difficult to determine
whether the suspicious mass is a malignant tumour or fibrosis.
The functional imaging technologies like SPECT and PET use
radio labelled glucose or monoclonal antibodies to give the
necessary information on the cellular activity, but it cannot
provide the anatomical details needed for exact localization.
From the functional information alone, it is difficult to
locate exactly whether the metastatic hot spot is in the muscle
or the nearby bone. Radiologists need both anatomic and
functional data to make a definitive diagnosis. High-quality
digital displays are emerging from radiology reading rooms
into interventional settings and even into portable devices.
Instead of looking at X-Ray films and side-by-side CT slice
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images on a back-lit panel in the operating room, surgeons can
now visualise live interventional imaging. Gone are the days
where the medical images provided by different modalities
were considered as separate sources of information, integrated
only in the minds of the physician. Accurate diagnosis and
treatment planning is possible by integrating the medical
images obtained using different imaging techniques. The
recent advances in the medical imaging technology and the
development of image processing algorithms provide new
means of visualisation. The merging of multiple imaging data
of the same patient, acquired at different times and by
different modalities, is termed as multimodal fusion. Bringing
together anatomical and functional information with
sensitivity and specificity gives the true value of multimodal
fusion imaging. Merging together the images obtained from
different modalities without any artefacts is the focus of this
chapter.
A.
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injury as well as to plan medical, surgical or radiation
treatment.
(ii) Magnetic Resonance Imaging (MRI)
Magnetic Resonance Imaging (MRI) is a diagnostic
technique which provides superior pictures of the body’s
internal structures without the use of radiation. These images
are produced using magnetic fields and radio waves. It is
capable of diagnosis and assessment of many diseases earlier
than other diagnostic techniques. Magnetic Resonance
Imaging (MRI) can reveal normal and pathological soft
tissues. It uses strong magnetic fields and radio waves to
produce detailed images of the inside of the body. It is a large
tube that contains powerful magnets and patient lie inside the
tube during the scan. An MRI scan can be used to examine
almost any part of the body, including the: brain and spinal
cord, bones and joints, breasts, heart and blood vessels,
internal organs, such as the liver, womb or prostate gland.

Medical Imaging Modalities

Medical imaging is the technique of creating visual
representations of the interior of a body for clinical analysis
and medical intervention. It seeks to reveal the internal
structures hidden by the skin and bones, as well as to
diagnose and treat disease. Medical images are acquired in
various bands of the electromagnetic spectrum. The wide
varieties of sensors used for the acquisition of the images and
the physics behind them, make each modality suitable for a
specific purpose. Continuous efforts are made to improve the
resolution, reduce the noises that occur during acquisition and
to get more useful information from the images.

(iii) T1 weighted, T2 weighted MRI scans

i.

Computed Tomography (CT)

Each tissue returns to its equilibrium state after excitation
by the independent relaxation processes of T1 (spin-lattice;
that is, magnetization in the same direction as the static
magnetic field) and T2 (spin-spin; transverse to the static
magnetic field). To create a T1-weighted image, magnetization
is allowed to recover before measuring the MR signal by
changing the repetition time (TR). This image weighting is
useful for assessing the cerebral cortex, identifying fatty tissue,
characterizing focal liver lesions and in general for obtaining
morphological information, as well as for post-contrast
imaging. To create a T2-weighted image, magnetization is
allowed to decay before measuring the MR signal by changing
the echo time (TE).

ii.

Magnetic Resonance Imaging (MRI)

(iv) Positron Emission Tomography (PET)

iii.

T1 weighted, T2 weighted MRI scans

iv.

Positron Emission Tomography (PET)

v.

Single Photon Emission Computed Tomography
(SPECT)

PET
scan
is
a nuclear
medicine functional
imaging technique that is used to observe metabolic processes
in the body as an aid to the diagnosis of disease. PET scans are
used to measure body functions, such as blood flow, oxygen
use, and sugar (glucose) metabolism to evaluate the function
of organs and tissues with the use of radioactive isotopes. PET
scan is used to detection of cancer, evaluating heart function,
and brain imaging. A positron emission tomography (PET) is
an imaging test that helps reveal how your tissues and organs
are functioning. A PET scan uses a radioactive drug (tracer) to
show this activity. This scan can sometimes detect disease
before it shows up on other imaging tests.

B.

Types of Multimodal Medical Images

(i) Computed Tomography (CT)
Computed Tomography (CT) image can display accurate
bones structures. CT scans show a slice, or cross-section, of the
body. The image shows your bones, organs, and soft tissues
more clearly than standard x-rays. CT scans can show a
tumor’s shape, size, and location. They can even show the
blood vessels that feed the tumor–all without having to cut
into the patient. A computerized tomography (CT) scan
combines a series of X-ray images taken from different angles
around your body and uses computer processing to create
cross-sectional images (slices) of the bones, blood vessels and
soft tissues inside your body. CT scan images provide moredetailed information than plain X-rays. It is used to quickly
examine people who may have internal injuries from car
accidents or other types of trauma. It is used to visualize
nearly all parts of the body and is used to diagnose disease or

(v) Single Photon Emission Computed Tomography (SPECT)
A single-photon emission computerized tomography
(SPECT) scan lets your doctor analyse the function of some of
your internal organs. While imaging tests like X-rays can show
what the structures inside your body look like, a SPECT scan
produces images that show how your organs work. SPECT
scan can show how blood flows to your heart or what areas of
your brain are more active or less active. Fig. 1 shows different
multimodal medical images for three set.
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Figure 1. Three Set of Multimodality Medical Images

C.

Comparison of Anatomical Imaging With Functional
Imaging

The anatomical imaging provides the physical structure of
the body whereas the functional imaging gives the activity of
the body. The anatomical imaging modalities like CT and MRI
detects the changes in the body structure and confirms the
presence of a mass. The functional imaging modalities like
PET and SPECT shows the extent of the disease and it can
help in the monitoring of the treatment. The anatomical
imaging cannot diagnose the disease earlier whereas the
functional imaging reveals the disease earlier. The anatomical
imaging cannot detect whether the mass is benign or
malignant. It is also difficult to detect abnormalities if there is
no physical change in the image. The functional imaging
modalities can detect whether a mass is benign or malignant.
It can also detect abnormalities before there is an anatomical
change. From the comparison, it is understood that one single
imaging modality is not sufficient to diagnose the disease
earlier and also cannot precisely locate the lesion.

II.

LITERATURE SURVEY

The medical image fusion process has been evolved faster
over last two decades. Although it had been a centre of
attraction, its efficient use in clinical applications is awaited.
The reason behind the progress of this technology so far is its
applicability in clinical use, feasibility in developing
algorithms, and unavailability of hybrid acquisition machines.
The process has been popular for diagnosis, prognosis,
treatment, and analysis. The fusion process utilizes variety of
image data sets and information representations. The methods
are typically based on the process of combining
complementary and relevant information from two or more
image data sets into visually better image as compared with
input modalities. The large number of techniques, algorithms,
methodologies, and processes has been developed all over the
world. This chapter deals with the development of fusion
algorithms especially medical image fusion. Biomedical
imaging started with looking into the human body for
abnormalities noninvasively which reduces the cost and pain
caused to the patients due to unnecessary surgical procedures.
There are two major clinical imaging classes based on kinds of
modalities used viz. anatomical imaging and functional

imaging. The physiological (anatomical) imaging gives
structural information of internal body parts (organs) with
accurate visualization. The functional imaging provides
metabolism processes and the abnormalities if any from
human body. Anatomical imaging involves X-rays, USG, CT,
MRI, etc. and physiological imaging includes fMRI, PET,
SPECT, etc. The image fusion is broadly classified into spatial
domain techniques and frequency domain techniques.
Another classification is based on the source images used in
fusion process viz. multi-sensor, multimodal, multi-focus,
multi-view, multi-temporal fusion. Multisensor is preferred in
remote sensing, medical, defense, and industrial applications.
Multi-view fusion uses single sensor with multiple viewpoints
for same scene. Multi-temporal fusion is useful in remote
sensing, medical field. The model of fusion process with
generic solution is impossible. One need to choose the
methodology based on characteristics of sensor, application
field, and necessary precision of data representation. Many
different methods and techniques have been proposed in
literature for fusion process. The general image fusion is
classified as pixel level fusion, feature level fusion and
decision level fusion. Pixel level fusion utilizes merging of
information pixel to pixel or coefficients to coefficients. This
method is easy and computationally ancient. It does not
provide better contrast representation in the fused images.
The feature level fusion utilizes extraction of significant
features in spatial or frequency domain and merging them
with specific fusion criteria. The decision level fusion is more
complex process in which many algorithms are used for
combining relevant information. It needs highly diversified
data and mapping of various signals into information using
common reference benchmark. The data is necessarily
processed separately to extract desired information to be
combined. Decision-based fusion is useful in modelling the
probabilities of the disease recurrence when extensive
database is available. It processes source images
independently and fuses them with derived fusion rules as
per criterion set. It includes neural network based fusion,
fuzzy based fusion, and statistical methods of fusion.
D. Related Works for Medical Image Fusion
Alex Appachen James, et al [1] provides a factual listing of
methods and summarizes the broad scientific challenges faced
in the field of medical image fusion. C. Karthikeyan, et al [2]
proposed the method for fusion of multimodality medical
images using dual tree complex wavelet transform and selforganizing feature map. C. T. Kavitha, et al [3] proposed the
fast discrete curvelet transform to a multiresolution image
which is obtained by applying integer wavelet transform to
the input medical images, so that the fused medical image will
give all the details with clear edge information. Deep Gupta
[4] proposed the CT and MR medical image fusion in nonsubsampled shearlet transform (NSST) domain using the adaptive
spiking neural model. Ebenezer Daniel [5] proposed a
homomorphic wavelet fusion which is called Optimum
homomorphic wavelet fusion using hybrid genetic grey wolf
optimization algorithm. Ebenezer Daniel, et al [6] proposed an
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Optimum Spectrum Mask Fusion for medical image fusion
using conventional Gray Wolves Optimization algorithm.
Gaurav Bhatnagar, et al [7] proposed the novel framework for
medical image fusion based on framelet transform, it is
considering the characteristics of human visual system. H.S.
Bhadauria, et al [8] proposed a noise reduction method for
both CT and MRI medical images which fuses the images by
processing it through curvelet transform. Haithem Hermessi,
et al [9] proposed a fusion method for CT and MR medical
images based on convolutional neural network in the shearlet
domain. Hamid Reza Shahdoosti, et al [10] proposed the
tetrolet transform for multimodal medical image fusion. Heba
M. El-Hoseny, et al [11] investigates some of medical image
fusion techniques and discusses the most important
advantages and disadvantages of these techniques to develop
hybrid techniques that enhance the fused image quality. Jiao
Du, et al [14] describes and reviews the methods in the field of
multimodal medical image fusion. Jiao Du, et al [15] proposed
an approach union Laplacian pyramid with multiple features
is presented for accurately transferring salient features from
the input medical images into a single fused image. Jing-jing
Zonga, et al [16] proposed a new fusion scheme for
multimodal medical images based on sparse representation of
classified image patches. Jingming Xi, et al [17] proposed a
multimodal medical image fusion algorithm combined with
sparse representation and pulse coupling neural network for
clinical treatment analysis. Jyoti Agarwal, et al [18] proposed a
hybrid multimodal medical fusion technique using curvelet
and wavelet transform used in disease diagnosis. K.N.
Narasimha Murthy, et al [19] proposed the novel method for
the medical image fusion Shearlet Transform is applied on
multimodality medical image by using the Singular Value
Decomposition to improve the information content of the
medical images. Kai-jian Xia, et al [20] proposed a novel fusion
scheme for multi-modal medical images that utilizes both the
features of the multi-scale transformation and deep
convolutional neural network. Kavitha C.T, et al [21] proposed
new approach for medical image fusion based on the hybrid
intelligence system. Lu Tang, et al [22] proposed new
multimodal medical image fusion method based on discrete
Tchebichef moments and pulse coupled neural network to
overcome the aforementioned problems. Meenu Manchanda,
et al [23] proposed a novel method of multimodal medical
image fusion using fuzzy-transform. Niu Ling, et al [24]
proposed a novel fusion technique for medical images based
on shearlet transform and compressive sensing model. Padma
Ganasala, et al [25] proposed a novel medical image fusion
technique for utilizing feature motivated adaptive PCNN in
NSST domain for fusion of anatomical multimodality medical
images. Patil Hanmant Venkatrao [26] presents a model,
named holoentropywhale fusion (HWFusion), for the image
fusion using multimodality medical images. Periyavattam
Shanmugam Gomathi, et al [27] proposed an image fusion
technique for the fusion of multimodal medical images is
proposed based on Non-Subsampled Contourlet Transform.
Rajalingam, et al [28] proposed the hybrid multimodal
medical image fusion technique used to combine the spatial
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domain with transform domain (PCA-DWT) for the accurate
fusion process. Rajalingam, et al [29] innovate a hybrid
multimodality medical image fusion algorithm using the
curvelet based algorithm with pulse coupled neural network
method for the efficient disease analysis. Rajalingam, et al [30]
introduced the neural network and fuzzy logic based hybrid
fusion algorithm to improve the outcome of the multimodality
medical image quality. Rajalingam, et al [31] developed an
efficient hybrid fusion technique based on combination of
transform technique with neural network domain (DCHWTPCNN) for the accurate heath care analysis. Rajalingam, et al.
[32] introduced the filtering technique with neural network for
the efficient multimodal medical image fusion process.
Rajalingam, et al [33] implemented the multimodal medical
image fusion technique based on deep learning neural
network approach for an accurate treatment analysis.
Rajalingam, et al [34] presented a survey on the development
and enhancement of the multimodal medical image fusion
algorithm based on collective of transform techniques.
Rajalingam, et al [35] innovated and implemented the some of
the hybrid multimodal medical image fusion methods
compare with traditional medical image fusion methods and
discussed the most essential application of the hybrid fusion
technique for the effective healthcare analysis. Rajalingam, et
al [36] introduced the combination of non sub-sampled
shearlet transform with non sub-sampled contourelet
transform hybrid multimodal medical image fusion
techniques for the better fusion process and accurate clinical
analysis. Qamar Nawaz, et al [37] proposed a novel
Quaternion Discrete Fourier Transform algorithm for the
fusion of multimodal color medical images. Richa Srivastava,
et al [38] proposed a multimodal medical image fusion
technique based on curvelet transform. S. Chavan, et al [39]
proposed a novel approach to nonsubsampled rotated
complex wavelet transform based multimodality medical
image fusion used for the analysis of the lesions for the
diagnostic purpose and post treatment review of
neurocysticercosis S. Chavan, et al [40] proposed the feature
based multimodality medical image fusion is based on
Rotated Wavelet Transform technique is used for better
visualization of lesions and calcification. Sharma Dileepkumar
Ramlal, et al [41] proposed a novel medical fusion algorithm
for non-subsampled shearlet transform which is based on
simplified model of pulse coupled neural network. Shuaiqi
Liu, et al [42] proposed the combined the complex shearlet
with the feature of guided filtering for a medical image fusion.
Shutao Li, et al [43] proposed method is based on a novel
guided filtering-based weighted average technique is to make
full use of spatial consistency for fusion of the base and detail
layers. Shutao Li, et al [44] provides a comprehensive survey
of the state of the art pixel-level image fusion methods. Sneha
Singh, et al [45] proposed a new fusion algorithm for the CT
and MR medical images that utilizes both the features of the
non-subsampled shearlet transform and spiking neural
network. Sreeja, et.al [46] proposed to fuse together, texture
enhanced and edge enhanced images of the input image in
order to obtain significant enhancement in the output image.
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The algorithm is tested in low contrast medical images.
Udhaya Suriya, et al [47] proposed an innovative image fusion
technique for the detection of brain tumors. Fusing images
obtained from MRI and PET can accurately access the tumor
response. Vikrant Bhateja, et al [48] proposed the two level
multimodal fusion frameworks using the cascaded
combination of stationary wavelet transform and non subsampled Contourlet transform domains for images acquired
using two distinct medical imaging sensor modalities. Wenda
Zhao, et al [49] proposed an effective variation model for
multimodality medical image fusion and denoising based on
Sequential Filter and Adaptive Fractional Order Total
Variation. Xiaojun Xua [50] proposed a multimodal medical
image fusion based on discrete fractional wavelet transform.
Xiao-Qing Luo, et al [51] proposed the novel method for
contextual information based multimodality medical image
fusion using contourlet domain. Xin Jin, et al [52] proposed a
novel two-level multimodal medical image fusion scheme,
which is based on non-subsampled shearlet transform and
simplified pulse coupled neural networks is used in the huesaturation-value color space. Xingbin Liu, et al [53] proposed a
novel multimodality medical image fusion algorithm which
involves gradient minimization smoothing filter and pulse
coupled neural network. Xingbin Liu, et al [54] proposed the
full advantages of structure tensor and nonsub-sampled
shearlet transform to effectively extract geometric features a
novel unified optimization model is used for fusing the

multimodality medical images. Xingbin Liu, et al [55]
proposed a novel multi-modality medical image fusion
algorithm exploiting a moving frame based decomposition
framework and the nonsub-sampled shearlet transform.
Xinzheng Xu, et al [56] proposed a method to fuse multimodal
medical images using the adaptive pulse-coupled neural
networks, which was optimized by the quantum-behaved
particle swarm optimization algorithm. Yong Yang, et al [57]
proposed a novel multimodal medical image fusion method
based on structural patch decomposition and fuzzy logic
technology. Zhaodong Liu, et al [58] proposed an efficient
multimodal medical image fusion approach based on
compressive sensing is presented to fuse CT and MRI
multimodal medical images.

III.

PROPOSED WORKS

Perform pre-processing steps on the collected normal and
disease affected multimodality (CT/MRI/PET and SPECT)
medical image dataset. Fuse the multimodal medical images
using both the Traditional and Hybrid fusion techniques. Ex:
PCA, Transform techniques, Filter technique, neural network
& Fuzzy logic. Compare the fused image quality and
performance of both the traditional and hybrid fusion
algorithms using several performance quality metrics. Fig. 2
explains the types of traditional fusion algorithms.

Figure 2. Traditional Multimodal Medical Image Fusion Techniques

E.

Traditional Multimodal Medical Image Fusion
Techniques

multimodality medical images. Fig. 3 shows the overall of
structure of PCA for image fusion

This research paper implements the different traditional
and hybrid image fusion algorithms for different types of

1) Principle Component Analysis (PCA)
Source Image 1

Pre-processing

PCA

Fused Image

Source Image 2

Pre-processing

PCA

Figure 3. Overall structure of PCA for Image Fusion
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(i) Procedural steps for image fusion using PCA
Convert the two input multimodal medical images into
column vectors and make a matrix ‘B’ using these two column
vectors.
Calculate the empirical mean vector along each column
and subtract it from each of the columns of the matrix.
Calculate the covariance matrix ‘R’ of the resulting matrix.
Calculate the Eigen values K and Eigen vectors E of the
covariance matrix.
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Select the eigenvector equivalent to well-built Eigen value
and divide its each element by mean of that eigenvector. This
will give us first principal component P1. Repeat the same
procedure with eigenvector corresponding to smaller Eigen
value to get second principal component P2.
𝑃1 =

𝑅(1)
𝑃
∑𝑅 2

=

𝑅(2)
∑𝑅

(1)

Final Fused multimodal medical image is obtained by
𝐼𝑓 (𝑥, 𝑦) = 𝑃1 𝐼1 (𝑥, 𝑦) + 𝑃2 𝐼2 (𝑥, 𝑦)

(2)

2) Discrete Wavelet Transform (DWT)
DWT
Pre-processing

Input Image 1

IDWT
Decomposition,
Reconstruction

Fused
Image

DWT

Pre-processing

Input Image 2

Figure 4. Overall Structure of DWT for Image Fusion

(i) Procedural steps for image fusion using DWT
Take the two input multimodal medical images.
Resize both images into 512 x 512 dimensions.
Convert both the images into gray scale if required.
Apply 2D-DWT on both the images and obtain its four
components.
Now apply the fusion rule as per the requirement. Most
extreme pixel determination
governs (all maximum):

By choosing every single greatest coefficient of both the
input images and merging them.
Mean: By taking the normal of the coefficients of both the
images.
Blend: By taking the normal of the estimated coefficients of
both the input images and choosing the most extreme pixels
from detail coefficients of both the input data.
Now apply IDWT to obtain the fused output image. Fig. 4
shows the overall structure of DWT for image fusion

3) Discrete Cosine Harmonic Wavelet Transform (DCHWT)
DCHWT
Input Image 1

Decomposition
IDCHWT
Image Reconstruction

Fused Image

DCHWT
Input Image 2

Decomposition

Figure 5. Overall Structure of DCHWT for Image Fusion

(i) Procedural Steps for Image Fusion using DCHWT
Take the two source multimodal medical images.
Resize both images into 512 x 512 dimensions
Divide the first 2D image into rows and link them together
in a chain form to have a 1D row vector R.
Divide the second 2D image into columns and link them
together in a chain form to have a 1D column vector C.

Apply DCHWT on both R and C separately and then
apply averaging operation on the vectors.
Apply inverse DCHWT on the resulting vector.

Convert 1D vector into 2D image to obtain the fused output
medical image. Fig. 5 shows the overall structure of DCHWT
for image fusion.
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4) Pulse Coupled Neural Network (PCNN)

Pre-processing

Source Image 1

PCNN

Fused
Image

Fusion Rule

Source Image 2

PCNN

Pre-processing

Figure 6. Overall Structure of PCNN for image fusion

Perform segmentation operation on the pre-processed
multimodality medical image with the PCNN.

(i) Procedural Steps for Image Fusion using PCNN
Take the two input multimodal medical images.
Resize both images into 512 x 512 dimensions.
Each input multimodal medical image is then analysed
and performing pre-processing operations based on neural
network fusion rule.

5)

Perform the image reconstruction and get the final fused
multimodal medical image.
Fig. 6 shows the overall structure of PCNN for image fusion

Guided Image Filtering
Bottom Layer
Source Image 1

Decomposition
Feature Layer

Weight Map
Construction
Fused Image

Bottom Layer
Decomposition

Source Image 2

Weight Map
Construction

Feature Layer

Figure 7. Overall Structure of Guided Image Filtering for Image Fusion

(i) Procedural Steps for Image Fusion using Guided Image
Filtering
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Separate the input multimodality medical images into
bottom layer and feature layer based on multi scale
representation.

6)

Decompose the input multimodal medical images using
average filtering
Apply the Gaussian laplacian filters to construct the
weight map and saliency map.

Perform the image reconstruction and get the final fused
multimodal medical image. Fig. 7 shows the overall structure
of guided filtering for image fusion

Curvelet Transform
CVT
Curvelet Coefficients

Input Image 1

ICVT
Fusion Rule

Fused Image

CVT
Input Image 2

Curvelet Coefficients

Figure 8. Overall Structure of Curvelet Transform for Image Fusion
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(i) Procedural Steps for Image Fusion using Curvelet
Transform
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Decompose the each input multimodal medical image
using curvelet transform.
Compute the local energy of coefficients.
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Apply the local energy based medical image fusion rule.
Finally, apply the inverse curvelet transform to reconstruct
the multimodal medical image.
Perform the image reconstruction and get the final fused
multimodal medical image.
Fig. 8 shows the overall structure of curvelet transform for
image fusion

7) Fuzzy Logic
Low Subband
Source Image 1

Max local
Energy

High Subband

Fused high
Subband
Fused Image

Low Subband

Fused Low
Subband

Fuzzy logic

Source Image 2

High Subband
Figure 9. Overall Structure of Fuzzy Logic for Image fusion

(i) Procedural Steps for image fusion using Fuzzy Logic
Take the two input multimodal medical images I1 and I2
and Resize both images into 512 x 512 dimensions
Variables I1 and I2 are multimodal images in matrix form
where each pixel gray level value is in the range from 0 to 255.
Compare rows and columns of both input multimodal
medical images.
Convert the multimodality images in column form which
has C = r1×c1 entries.

Make fuzzy if-then rules for input medical images, which
resolve those two antecedents to a single number from 0 to
255.
For num = 1 to C in steps of 1, apply fuzzification using the
rules developed above on the corresponding pixel gray level
values of the input multimodality medical images
Convert the column form to matrix form and display the
fused final multimodal medical image. Fig. 9 shows the
overall structure of fuzzy logic for image fusion.

Decide number and type of membership functions for both
the input multimodal medical images by tuning the
membership functions.

8) Non-subsampled shearlet transform (NSST)
Shearlet transform
Low pass subband coefficients

Rule 1
Fused low sub-band

Input Image 1
High pass subband coefficients

Fused Image

Low pass subband coefficients

Fused high sub-band
Rule 2

Input Image 1
High pass subband coefficients
Shearlet transform

Figure 10. Overall Structure of NSST for Image Fusion
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(i) Procedural Steps for Image Fusion using NSST
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Decompose the each input multimodal medical image
using shearlet Transform.
Compute the low and high frequency of shearlet
transform.

Fuse the selected low and high frequency of the sub-band
coefficients. Finally apply the Inverse non subsampled
shearlet transform (INSST) to reconstruct the multimodal
medical image.
Perform the image reconstruction and get the final fused
multimodal medical image non-subsampled shearlet
Transform. Fig. 10 shows the overall structure of NSST for
image fusion.

9) Non-subsampled contourlet transform (NSCT)

NSCT

Low pass subband
coefficients

Fused low
sub-band
coefficients

Input
Image 1
High pass subband
coefficients

INSCT on
fused subbands

Low pass subband
coefficients

Fused high
sub-band
coefficients

Input
Image 2
NSCT

Fused
Image

High pass subband
coefficients

Figure 11. Overall Structure of NSCT for Image Fusion

(i) Procedural Steps for Image Fusion using NSCT
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
NSCT is applied on the both input images to obtain lowpass sub-band coefficients and high-pass directional sub-band
coefficients at each scale and each direction. Non Subsampled
Pyramid Filter Bank (NSPFB) and Non Sub-sampled

Directional Filter Bank (NSDFB) are used to complete
multiscale decomposition and multi-direction decomposition.
The transformed coefficients are performed with fusion
rules to select NSCT coefficients of the fused image.
The fused image is constructed by performing an inverse
NSCT. Fig. 11. shows the overall structure of NSCT for image
fusion.

10) Discrete Fractional Wavelet Transform (DFRWT)algorithm
Decomposition

DFRWT
Inverse DFRWT

Input Image 1

Fused Image

Fusion operator

Input Image 2
Fusion
Coefficient

DFRWT

Fusion Rule
Decomposition

Select p value

Figure 12. Overall Structure for Wavelet Based Medical Image Fusion
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𝜏
nthscale and τth direction, respectively. Supposing that 𝑅𝑛.𝑋
are
the fusion

(i) Procedural steps for image fusion using DFRWT
Take the two input multimodal medical images.

𝜏
𝜏 (𝑎,
𝜏
𝜏 (𝑎,
𝜏
𝑅𝑛.𝑋
= 𝑓𝑛.𝑋
𝑏)𝑋𝜔𝑛.𝑋
+ 𝑓𝑛.𝑋
𝑏)𝑋𝜔𝑛.𝑋

Resize both images into 256 X 256 dimensions.
Take l layer DFRWT of both input multimodal medical
images in the same p order and obtain 3l + 1 pieces of the subbands coefficients.
Suppose that the region has the size of K × L (which is
generally 3 × 3, 5 × 5, and 7 × 7; here, take 3 × 3), and take
p(a,b) as the center. The local variance 𝑣𝑎𝑟𝑛𝑚 (𝑎, 𝑏) is defined as
follows:
𝑣𝑎𝑟𝑛𝜏 (𝑎, 𝑏) =

1
𝐾𝑥𝐿

𝐿
𝜏
2 (3)
∑𝐾
𝑖=1 ∑𝑗=1[𝑎𝑏𝑠(𝑓𝑛 (𝑎 + 𝑖, 𝑏 + 𝑗) − 𝜇)]

where 𝑓𝑛𝜏 (𝑎, 𝑏) is the subband coefficient at position (i,j) at the
nth scale and τth direction. µ is the average of the coefficients in
the current local area, K and L are the number of rows and
columns of the local area, respectively. Each direction τ (τ = x,
v, d, h) local variance of the related pixel is record as
𝜏
𝜏
𝑣𝑎𝑟𝑛.𝑋
(𝑎, 𝑏), 𝑣𝑎𝑟𝑛.𝑌
(𝑎, 𝑏).
According to the regional variance, the weight of current
fusion coefficient is determined as
𝜏
𝜔𝑛.𝑋
=

𝜏
𝑣𝑎𝑟𝑛.𝑋
(𝐴,𝐵)

𝜏 (𝐴,𝐵)+𝑣𝑎𝑟 𝜏 (𝐴,𝐵)
𝑣𝑎𝑟𝑛.𝑋
𝑛.𝑌

𝜏
𝜔𝑛.𝑌
=

𝜏
𝑣𝑎𝑟𝑛.𝑌
(𝐴,𝐵)

𝜏 (𝐴,𝐵)+𝑣𝑎𝑟 𝜏 (𝐴,𝐵)
𝑣𝑎𝑟𝑛.𝑋
𝑛.𝑌
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(4)

𝜏
𝜏
where 𝜔𝑛.𝑋
and 𝜔𝑛.𝑌
are the weights between the DFRWT
coefficients of the input multimodal medical images at the

(5)

𝜏
𝑅𝑛.𝑋

From the equation (2) and (3),
as the fusion
coefficients are dynamically and adaptively fused with the
significant features of the input multimodality medical
images. This rule can automatically allocate the right weight
for each pixel and prominent target combination information
according to the characteristics of multimodal medical image.
Perform inverse DFRWT on the fused low and high
frequency sub-band coefficients, which are reconstructed into
a fused multimodal medical image. Fig. 12. shows the overall
structure of DFRWT for image fusion.
F.

Hybrid Multimodal Medical Image Fusion Techniques

Traditional multimodal medical image fusion techniques
lack the ability to get high quality images. To improve the
quality and performance of the fused image the proposed
technique is used to combine the two traditional techniques.
Before fusion process the two stage transformations on input
multimodality medical images are applied. These
transformations provide higher quality for fused details, better
handling of curved shapes and better characterization of input
images.

1) PCA-DWT based hybrid multimodal medical image fusion technique
Low
Input Image 1

Decomposition

DWT

IDWT
High

Fusion using
PCA

Low
Input Image 2

DWT

Fused Image

IDWT
Decomposition

High

Transform Domain

Spatial Domain

Figure 13. Proposed Structure of PCA-DWT Hybrid Fusion Technique

(i) Procedural Steps for image fusion using PCA-DWT
Obtain the wavelet coefficients of the two source images.
Alter the wavelet coefficient matrices into column vectors.
Compute the covariance matrix using these vectors such
that each matrix has first column vector obtained through first
image and second column vector obtained through second
image will give us four sets of covariance matrices.

Form the eigen values K and eigen vectors E of the
covariance matrices.
Select the eigen vector equivalent to well-built eigen value
and divide its each component by mean of that eigen vector.
Multiply the normalised eigen vector values with the
suitable wavelet coefficient matrix
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Do this for both approximate and detail coefficients of both
the images.

Merged output multimodal medical image is displayed.

Now apply IDWT to these manipulated coefficient
matrices to rebuild the image.

Fig. 13 demonstrate the PCA-DWT based hybrid image
fusion technique

2) Guided Image Filtering with PCNN based hybrid multimodal medical image fusion technique
Bottom
Layer

Source
Image 1

Weight Map
Construction

Decomposition

Feature
Layer

Fusion
Rule

PCNN
Bottom
Layer
Source
Image 2

Fused
Image

Weight Map
Construction

Decomposition

Feature
Layer

Neural Network

Filter Techniques

Figure 14. Proposed Structure of GIF with PCNN Hybrid Fusion Technique

(i) Procedural steps for image fusion using Guided Image
Filtering with PCNN

Now apply the PCNN pre-processing steps on the guided
filter processed source images.

The input source images are decomposed into multi-level
representations by average filtering.

Apply the pulse coupled neural network fusion rule for
the accurate medical image fusion.

Apply the Gaussian Laplacian filtering for weight map
construction.

Fused final output multimodal medical image is
displayed. Fig. 14 demonstrates the GIF-PCNN based hybrid
image fusion technique.

Perform the reconstruction operation on the both bottom
layer and feature layers of different input images.

3) Curvelet transform with PCNN based hybrid multimodal medical image fusion technique
Low
Input Image 1

Curvelet

CVT
High

coefficients

ICVT
PCNN

Fusion
Rule

ICVT
Low
Curvelet
Input Image 2

CVT

coefficients
High

Transform Domain

Neural Network

Figure 15. Proposed Structure of Curvelet Transform with PCNN Based Hybrid Fusion Technique
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(i) Procedural steps for image fusion using curvelet
transform with PCNN

Now apply the Inverse Curvelet transform (ICVT) to
reconstruct the multimodal source image.

The input source multimodal medical images are
registered and analysed then set of Curvelet coefficients are
generated.

Apply the pulse coupled neural network fusion rule for
the accurate medical image fusion.

Maximum Selection, Minimum Selection and Simple
Average fusion rules are applied.

Fused final output multimodal medical image is
displayed. Fig. 15 demonstrates the CVT-PCNN based hybrid
image fusion technique.

Perform the reconstruction operation on the both bottom
layer and feature layers of different input images.

4) Neuro-Fuzzy Based Hybrid multimodal medical Fusion Technique
Low
Input Image 1

Fuzzy
High

Low and High
Frequency Fuzzy
Logic Fusion Rule

PCNN

Neuro-Fuzzy
Logic
Fusion Rule

Fused Image

Low
Input Image 2

Fuzzy
High

Low and High
Frequency Fuzzy
Logic Fusion Rule

Neural Network

Fuzzy Logic Domain

Figure 16. Proposed Structure of Neuro-Fuzzy Based Hybrid Fusion Technique

(i) Procedural steps for image fusion using Neuro-Fuzzy
technique

Decide number and type of membership functions for both
the input multimodal medical images

Take the two input multimodal medical images I1 and I2
and Resize both images into 512 x 512 dimensions

For num = 1 to C in steps of 1, apply fuzzification using the
rules developed above on the corresponding pixel grey level
values of the input multimodality medical images

Variables I1 and I2 are multimodal images in matrix form
where each pixel grey level value is in the range from 0 to 255.
Compare rows and columns of both input multimodal
medical images.
Convert the multimodality images in column form which
has C = r1×c1 entries
Make a fuzzy inference system file, which has two input
medical images.

Apply the pulse coupled neural network fusion rule with
fuzzy logic for the accurate medical image fusion.
Convert the column form to matrix form and display the
fused final multimodal medical image. Membership functions
and rules used in the Neuro-fuzzy system. Fig. 16
demonstrates the Neuro-Fuzzy based hybrid image fusion
technique.

5) DCHWT-PCNN based Hybrid Multimodal Medical Image Fusion Algorithm
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Figure 17. Overall Structure of DCHWT-PCNN based Hybrid Fusion Algorithm

(i) Procedural Steps for Hybrid Fusion Algorithm DCHWTPCNN

Divide the second 2D image into columns and link them
together in a chain form to have a 1D column vector C.

Obtain the wavelet coefficients of the two input
multimodal medical images.

Do this for both approximate and detail coefficients of both
the images.

Alter the wavelet coefficient matrices into column vectors.
Compute the covariance matrix using these vectors such
that each matrix has first column vector obtained through first
image and second column vector

Apply inverse DCHWT on both source images separately
and then apply averaging operation on the vectors.
Now apply the PCNN pre-processing steps on the guided
filter processed source images.

Form the eigen values K and eigen vectors E of the
covariance matrices.

Apply the pulse coupled neural network fusion rule for
the accurate medical image fusion.

Divide the first 2D image into rows and link them together
in a chain form to have a 1D row vector R.

Fused final output multimodal medical image is
displayed. Fig. 17 demonstrates the DCHWT-PCNN based
Hybrid Fusion Algorithm.

6) DCT-PCA based Hybrid Multimodal Medical Image Fusion Algorithm
Low
Source Image 1

Low and high pass
subbands

DCT

IDCT

High

Fusion using
PCA

Low
Source Image 2

Fused Image

IDCT
Low and high pass
subbands

DCT
High

Transform Domain

Spatial Domain

Figure 18. Proposed Structure of DCT-PCA Hybrid Fusion Technique
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(i) Procedural Steps for Hybrid Fusion Algorithm (DCT-PCA)
Obtain the wavelet coefficients from the input images.
Alter the wavelet coefficient matrices into column vectors.

eigen value to get second principal component P2. Do this for
all four sets of covariance matrices.

Divide the first 2D image into rows and link them together
in a chain form to have a 1D row vector R

Multiply the normalised eigen vector values with the
suitable wavelet coefficient matrix

Divide the second 2D image into columns and link them
together in a chain form to have a 1D column vector C.

Do this for both approximate and detail coefficients of both
the images.

Select the eigen vector equivalent to well-built eigen value
and divide its each component by mean of that eigen vector.
This will give us first principal component P1. Repeat the
same procedure with eigenvector corresponding to smaller

Now apply IDCT to these manipulated coefficient matrices
to rebuild the image.
Final fused multimodal medical image is displayed. Fig. 18
demonstrates the DCT-PCA Hybrid Fusion Algorithm.

7) NSST-PCA based Hybrid Multimodal Medical Image Fusion Algorithm
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Average and
Maximum Fusion
Rule in NSST

NSST

INSST
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High
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Figure 19. Proposed Structure of NSST-PCA Hybrid Fusion Technique

(i) Procedural Steps for Hybrid Fusion Algorithm (NSSTPCA)
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Decompose the each input multimodal medical image
using shearlet transform.
Compute the low and high frequency of Shearlet
transform.

Fuse the selected low and high frequency of the subband
coefficients.
Apply the PCA fusion rule
Finally take the Inverse shearlet transform (IST) to
reconstruct the multimodal medical image.
Perform the image reconstruction and get the final fused
multimodal medical image. Fig. 19 demonstrates the NSSTPCA Hybrid Fusion Technique.

8) DWT-DCHWT based Hybrid Multimodal Medical Image Fusion Algorithm
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Figure 20. Proposed Structure of DWT-DCHWT Hybrid Fusion Technique

(i) Procedural Steps for Hybrid Fusion Algorithm (DWTDCHWT)
Alter the wavelet coefficient matrices into column vectors.
Compute the covariance matrix using these vectors such
that each matrix has first column vector obtained through first
image and second column vector obtained through second
image will give us four sets of covariance matrices.
Form the eigen values K and eigen vectors E of the
covariance matrices.
Divide the first 2D image into rows and link them together
in a chain form to have a 1D row vector R.

Obtain the wavelet coefficients of the two input
multimodal medical images.
Divide the second 2D image into columns and link them
together in a chain form to have a 1D column vector C.
Do this for both approximate and detail coefficients of both
the images.
Apply inverse DWT and DCHWT on both source images
separately and then apply averaging operation on the vectors.
Fused output multimodal medical image is displayed. Fig.
20 demonstrates the DWT-DCHWT Hybrid Fusion Technique.

9) NSCT- CVT based Hybrid Multimodal Medical Fusion Algorithm
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Average and
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Rule in Curvelet
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Figure 21. Proposed Structure of NSCT-CVT Hybrid Fusion Technique
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(i) Procedural Steps for Hybrid Fusion Algorithm (NSCTCVT)
Take the two input multimodal medical images.
Resize both images into256 x 256 dimensions.
NSCT is applied on the both input images to obtain
lowpass subband coefficients and high pass directional
subband coefficients at each scale and each direction. NSPFB
and NSDFB are used to complete multiscale decomposition
and multi-direction decomposition.

41

Then, apply cuevelet transform maximum selection,
minimum selection and simple average fusion rules.
The fused image is constructed by performing an inverse
NSCT to the selected coefficients
Now apply the inverse curvelet transform (ICVT) to
reconstruct the multimodal medical image.
Fused final output multimodal medical image is
displayed. Fig. 21 demonstrates the NSCT-CVT Hybrid Fusion
Algorithm.

The transformed coefficients are performed with fusion
rules to select NSCT coefficients of the fused image.

10) AWT- NSCT Based Hybrid Multimodal Medical Image Fusion Algorithm
(i) Procedural Steps for Hybrid Fusion Algorithm (AWTNSCT)
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Apply the additive wavelet transform (AWT) maximum
and minimum fusion rule in the lowpass and highpass
subbands coefficients

NSCT is applied on the both input images to obtain
lowpass subband coefficients and high pass directional
subband coefficients at each scale and each direction. Non
Subsampled Pyramid Filter Bank (NSPFB) and Non
Subsamped Directional Filter Bank (NSDFB) are used to
complete multiscale decomposition and multi-direction
decomposition.
The transformed coefficients are performed with fusion
rules to select NSCT coefficients of the fused image. Fig. 22
demonstrates the AWT-NSCT Hybrid Fusion Algorithm.

Then, apply the inverse AWT to reconstruct the fused
image
The fused image is constructed by performing an inverse
NSCT to the selected coefficients
Fused final output multimodal medical image is displayed.

Low
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Rule in NSCT
Domain

Inverse AWT and
Inverse NSCT

Fused Image

Low
Input Image 2

AWT
High

Transform Domain

Average and
Maximum Fusion
Rule in NSCT
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Transform Domain

Figure 22. Proposed Structure of AWT-NSCT Hybrid Fusion Techniques
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11) AWT - NSST based Hybrid Fusion Algorithm
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Figure 23. Proposed Structure of NSST-AWT Hybrid Fusion Techniques

(i) Procedural Steps for Hybrid Fusion Algorithm (AWT NSST)
Take the two input multimodal medical images.
Resize both images into 512 x 512 dimensions.
Apply the additive wavelet transform(AWT) maximum
and minimum fusion rule in the lowpass and highpass
subbands coefficients
Decompose the each input multimodal medical image
using shearlet transform.
Compute the low and high frequency of Shearlet

transform coefficients.
Fuse the selected low and high frequency of the subband
coefficients.
Finally take the Inverse shearlet transform (IST) to
reconstruct the multimodal medical image.
Then, apply the inverse AWT to reconstruct the fused
image.
Perform the image reconstruction and get the final fused
multimodal medical image. Fig. 23 demonstrates the AWTNSST Hybrid Fusion Algorithm.

12) NSST-DFRWT Based Hybrid Multimodal Medical Image Fusion Technique
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Figure 24. Overall Structure of the Proposed Hybrid Multimodal Medical Image Fusion
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(i) Procedural Steps for Hybrid Fusion Algorithm (NSSTDFRWT)
Take the two input multimodal medical images.
Resize both images into 256 x 256 dimensions.
Compute the low and high frequency of Shearlet
transform coefficients.
Fuse the selected low and high frequency of the subband
coefficients.

I.

43

Image quality index

The image quality index (IQI) is a universal similarity
index which is computed using equation (14). The output of
the image quality index (IQI) gives the similarity measure
between two multimodality medical images X and Y.
IQI(X, Y) =

2σX,Y .2μX μY

(9)

(σ2X +σ2Y )(μ2X +μ2Y )

Apply the discrete fractional wavelet transform maximum
and minimum fusion rule in the lowpass and highpass
subbands coefficients

Here, μ stands for mean and σ stands for standard
deviation. Average value of IQI for the fused image with
MRI/SPECT is taken as an index. The value of IQI should be
close to ‘one’ to declare that the fused image is of better
quality.

Decompose the each input multimodal medical image
using shearlet transform.

J.

Finally take the Inverse shearlet transform (IST) to
reconstruct the multimodal medical image.
Then, apply the inverse DFRWT to reconstruct the fused
image.
Perform the image reconstruction and get the final fused
multimodal medical image. Fig. 24 demonstrates the NSSTDFRWT Hybrid Fusion Algorithm.

IV.

PERFORMANCE EVALUATION METRICS

The qualitative and quantitative performance metrics are
evaluated on proposed hybrid algorithms. The visual quality
of the fused image is estimated based on qualitative analysis
and whereas image fusion parameters are estimated as
quantitative analysis. Based on the similarities and
dissimilarities, the fused images are compared with input
images. Some of the performance evaluation metrics are as
follows.
G. Fusion Factor
The comparison of extent of information present in the
fused image and the input images is calculated by fusion
factor. It is based on the estimation of mutual information
between original medical images. It is calculated by the
equation (6).
FusFact = MIinput1,Fu + MIinput2,Fus
MIX,Y = ∑k,l PX,Y (k, l) log

(6)

PX (k,l)

(7)

PX (k)PY (l)

Here, MIX,B is the similar information between image X
and image Y, p(.) is probability distribution function. The
higher value of FusFact indicates the better quality of the
fused image.
H. Fusion symmetry

Edge quality measure

The Edge quality measure is a better tool for estimating the
edge quality of the fused image. The edges of input images are
preserved in the fused image which is represented as edge
fus . It is computed using equation (10).
quality measure EQMx,y
fus =
EQMx,y

L−1
∑K−1
a=0 ∑b=0 EQx,fus (a,b)wx (a,b)+EQy,fus (a,b)wy (a,b)
L−1
∑K−1
m=0 ∑n=0 wx (m,n)+wy (m,n)

(10)

Here, fus is fused image obtained from images x and y.
EQMx,fus and EQMy,fus are indices of preservation of edge in
the fused image imparted by input medical images. The loss
fus and preservation
of edge is indicated by ‘zero’ value of EQMx,y
fus
of edge indicated by ‘one’ value of EQMx,y .
K.

Mean structural similarity index measure

The anatomical closeness of fused multimodal medical
image can be estimated using the parameter ‘mean structural
similarity index measure (mSSIM)’. The fused multimodal
medical image is structurally similar in comparison with input
multimodal medical images (CT/MRI/PET/SPECT) if mSSIM
approaches to value ‘one’
M(k, l) =

(2μk μl +I1 )(2σk,l +I2 )
(μ2k +μ2l +I1 )(σ2k +σ2l +I2 )
1

mSSIM(k, l) = ∑N
o=1 SSIM( k o , lo )
N

L.

(11)
(12)

Cross entropy

The cross entropy is the parameter which is used to
estimate the quality of the output medical image with respect
to the input medical image. It is calculated using equation (13).
CE(X, Y) = ∑L−1
k=0 PA (k) log 2

PX (k)
PY (k)

(13)

Here, X and Y are the two input images, p (.) is probability
distribution function, and N is highest grey value of image. If
CE has lower value, then the fused image is of better quality.
M. Correlation coefficient

It is estimated using mutual information between input
medical images and fused output image. The fused
multimodal medical image is visually better if the value of
FuSymt is smaller.
FuSymt = abs [

MIinput1.Fu

MIinput1.Fu +MIinput2.Fu

− 0.5]

(8)

The closeness of fused multimodal medical image with
input modalities are represented by correlation coefficient. It is
computed using equation (14).
2 ∑M−1 ∑N−1
l=0 Fi (k,l).Ifus (k,l)
M−1 N−1
2
2
i (k,l)| + ∑k=0 ∑l=0 |Ifus (k,l)|

CR(k, l) = ∑M−1 ∑N−1k=0
|F
k=0

l=0

(14)

Here, Fi is input image and Ifus is fused image. If CC is close to
value ‘one’, the fused image and input images will be similar.
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𝑀𝐼(𝑟, 𝑠, 𝑓) =

N. Average Gradient (g)
The average gradient represents the amount of texture
variation in the image. It is calculated as:
1

(R−1)(S−1) √( ∂f )2 +( ∂f )2

g = (R−1)(S−1) ∑i=1

∂x

(15)

∂x

2

where, R and S are the image dimensions of images x and y
respectively.

STD =

S.

Feature Similarity Index Metric (FSIM)

RS

where R and S represent the dimensions of the image f(i,j),
and the mean value is represented by µ .
P.

Local Contrast (Clocal)

It is an index for the image quality and purity of view. It is
calculated using the equation:
Clocal =

|μtarget− μbackground|

(17)

μtarget+ μbackground

where μtarget is the mean gray-level of the target image in the
local region of interest and μbackground is the mean of the
background in the same region. The larger value of C indicates
more purity of the image.
Q. Xydeas and Petrovic Metric (QAB/F)
This metric is used to measure the transferred edge
information amount from source images to the fused one. A
normalized weighted performance form of that metric can be
calculated as following
QAB/F =

AF
AF
BF
BF
N
∑M
m=1 ∑n=1(Q(m,n) W(m,n) +Q(m,n) W(m,n)
N
AF
BF
∑M
m=1 ∑n=1 W(m,n) +W(m,n)

(18)

𝐵𝐹
where, Q𝐴𝐹
(m,𝑛) , 𝑄(𝑚,𝑛) is the edge information preservation
𝐴𝐹
𝐵𝐹
value and 𝑊(𝑚,𝑛) , 𝑊(𝑚,𝑛)
are their weights

R.

Mutual Information (MI)

MI is an index that calculates the quantity of dependency
between two images (R, S), and it gives the joint distribution
detachment between them using the subsequent equation:
𝐼(𝑟, 𝑠) = ∑𝑦𝜖𝑅 ∑𝑟𝜖𝑅 𝑝(𝑟, 𝑠)𝑙𝑜𝑔(

𝑝(𝑟,𝑠)

)

𝑝(𝑟)𝑝(𝑠)

(19)

where p(r) and p(s) are the marginal probability distribution
functions of the both images, and p(r,s) is the joint probability
distribution function.

∑𝑥∈Ω 𝑆𝐿(𝑥).𝑃𝐶𝑚 (𝑥)
∑𝑥∈Ω 𝑃𝐶𝑚 (𝑥)

(21)

where, the image spatial domain is Ω, the total similarity
between the two images is SL (x), and the phase congruency
value is PCm(x).
T.

(16)

(20)

It represents edge similarity between input images and the
fused image, and it can be calculated from the following
equation:
𝐹𝑆𝐼𝑀 =

S
2
√∑R
i=1 ∑j=1 |f(i,j)−μ|

𝐻(𝑟)+𝐻(𝑠)

where, H(r), H(s) are the entropies of images r and s.

O. Standard Deviation (STD)
It is used to establish how much difference of the data is
from the average or mean value. The input data is said to be
clearer if its STD value is bigger. STD is deliberate using the
equation:

𝐼(𝑟,𝑠)+𝐼(𝑟,𝑓)

Processing Time

It represents the time required for the fusion process in
seconds according to the computer specifications.

V.

EXPERIMENTAL RESULTS AND DISCUSSIONS

The implementations are based on two stages. Firstly, the
traditional fusion algorithms are applied to datasets of MRI
and PET images and evaluated using all metrics mentioned in
the previous section. The implementation is executed in
MATLAB R2015b on windows 7 laptop with Intel Core I5
Processor, 4.0 GB RAM and 500 GB Hard Disk. The processed
multimodality therapeutic input images are gathered from
The Whole Brain Atlas - Harvard Medical School [12] and
radiopedia.org [13] medical image online database. The size of
the image is 512 × 512 for execution process. Table 1 shows the
experimental results of the different traditional medical image
fusion algorithms on dataset 1. The proposed hybrid fusion
algorithms
PCA+DWT,
GIF+PCNN,
CVT+PCNN,
Neuro+Fuzzy, PCA+NSST, PCA+DCT, DCHWT+DWT,
NSCT+CVT, AWT+NSCT and AWT+NSST compared with
existing traditional algorithms PCA, DWT, DCT, DCHWT,
GIF, CVT, NSCT and NSST. The proposed hybrid algorithms
are evaluated based on qualitative and quantitative
performance parameter analysis. The visual quality of the
fused multimodal medical image is evaluated based on
qualitative analysis and whereas image fusion parameters are
evaluated as quantitative analysis. The implemented
performance evaluation metrics results of the traditional and
hybrid multimodal medical image fusion algorithms are
shown in Table 1 and Table 2. The implemented experimental
results of five set is shown in Fig. 25. (a) and (b) are the input
images (c), (d), (e) and (f) are the fused output images. Fig. 26
and Fig. 27 shows the performance comparative analysis for
traditional algorithms and Fig. 28 and Fig. 29 shows the
performance comparative analysis for hybrid algorithms.
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Figure 25. Experimental Results for Five Sets
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TABLE I
PERFORMANCE METRICS OBTAINED FOR DIFFERENT TRADITIONAL MEDICAL IMAGE FUSION ALGORITHMS
Method

PCA

DWT

DCHWT

PCNN

GIF

CVT

Fuzzy

NSCT

DFRWT

NSST

FusFact

3.0291

3.1937

3.3117

3.4291

3.5201

3.6295

3.7882

3.8662

3.9791

4.2191

FusSymt

0.9312

0.8133

0.7332

0.6497

0.5982

0.5725

0.5432

0.5377

0.4947

0.3727

IQI

0.8491

0.8561

0.8692

0.8744

0.8851

0.8934

0.9152

0.9253

0.9346

0.9452

EQM

0.6548

0.6645

0.6859

0.7103

0.7348

0.7449

0.7569

0.7732

0.7825

0.7931

mSSIM

0.6932

0.7046

0.7145

0.7389

0.7455

0.7569

0.7691

0.7759

0.7892

0.7993

CE

1.8539

1.7253

1.5327

1.2941

0.9259

0.9326

0.8281

0.7312

0.7123

0.6825

CCR

1.4921

1.2943

1.1257

0.6421

0.5318

0.6381

0.6892

0.6942

0.7154

0.7532

AG

0.0689

0.0645

0.8472

0.8351

0.0907

1.0671

1.0682

1.215

0.9835

1.0982

STD

0.2281

0.2438

0.2541

0.2549

0.2672

0.2781

0.2891

0.2957

0.3014

0.3289

Metrics

Clocal

0.6962

0.7829

1.0842

1.0878

1.2941

1.3821

0.9812

0.7018

0.7379

0.6852

SSIM

0.9547

0.9613

0.9645

0.9655

0.9662

0.9686

0.9857

1.0123

0.9673

0.9712

QAB/F

0.2581

0.3434

0.2863

0.2571

0.2163

0.3472

0.3671

0.4621

0.4327

0.4173

MI

0.6521

0.7269

0.6729

0.5699

0.4729

0.5739

0.7823

0.8723

0.8189

0.7957

FSIM

0.9261

0.9317

0.9517

0.9756

0.9158

0.9672

0.9863

1.0123

0.9798

0.9879

EI

0.3923

0.4173

0.4632

0.4768

0.4891

0.5132

0.554

0.6127

0.5018

0.5321

IE

7.481

7.5182

7.6271

7.5783

7.6513

7.6941

7.9832

8.0123

0.8162

7.9835

UIQI

0.7427

0.7521

0.7531

0.7219

0.7639

0.7763

0.6879

0.6543

0.7246

0.7954

PT

2.671 sec 2.598 sec 2.931 sec 2.899 Sec 3.523 sec 3.123 sec 2.982 sec 2.273 sec 2.369 sec 2.412 Sec

In summary:
The NSST has a superior performance followed by the
curvelet except for local contrast that reduces purity of view in
the case of the NSST algorithm.
NSCT fusion has a better performance than the other
algorithms except for the processing time that is very long.
NSCT has a good performance with short processing time,
good local contrast, and average gradient.

PCA and DWT have the worst performance compared to
the other algorithms.
Increasing the number of pixels of the input images
increases the processing time. On the other hand, lower size
images decrease the time
The author could make use of hybrid transforms that
combine advantages of all algorithms.

Figure 26. Comparative Analysis for Traditional Fusion Algorithms 1
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Figure 27. Comparative Analysis for Traditional Fusion Algorithms 2

TABLE II
PERFORMANCE METRICS OBTAINED FOR DIFFERENT HYBRID MEDICAL IMAGE FUSION ALGORITHMS
PCA
+
DWT

GIF
+
PCNN

CVT
+
PCNN

Neuro
+
Fuzzy

DCHWT
+
PCNN

NSST
+
PCA

DWT
+
DCHWT

NSCT
+
CVT

AWT
+
NSCT

AWT
+
NSST

NSST
+
DWRFT

FusFact

4.2691

4.3937

4.3117

4.4295

4.6203

4.5294

4.8182

4.8581

4.7961

5.2191

5.0291

FusSymt

0.9812

0.9133

0.7332

0.6497

0.5982

0.5825

0.5932

0.5267

0.4847

0.3827

0.3214

IQI

0.9317

0.9265

0.9522

0.9349

1.194

0.8834

0.8452

0.8353

0.9246

0.9552

0.9673

EQM

0.6312

0.6133

0.7332

0.6497

0.6982

0.6725

0.6432

0.7377

0.7947

0.7727

0.8192

mSSIM

0.7932

0.8046

0.8145

0.8389

0.8455

0.8569

0.8691

0.8759

0.8892

0.8993

0.9232

CE

1.5531

1.3252

1.2326

1.1941

0.8259

0.8326

0.7281

0.6312

0.6123

0.5825

1.5539

CCR

1.4921

1.1943

1.2257

0.6421

0.5818

0.6581

0.6992

0.6942

0.6954

0.7532

0.6538

AG

0.3062

0.3168

0.3375

0.4162

0.4381

0.5121

0.6242

0.6099

0.7153

0.7252

0.8274

STD

0.2789

0.2695

0.2854

0.2879

0.3139

0.3255

0.2875

0.2987

0.2974

0.3178

0.3761

Clocal

0.6413

0.6624

0.6831

0.9951

0.9863

0.9931

0.9367

1.0138

1.2573

1.0373

1.3784

SSIM

0.9654

0.9742

0.9645

0.9834

0.9823

1.0231

0.9863

0.9974

1.3627

1.3589

1.5899

QAB/F

0.2151

0.2296

0.2412

0.2512

0.2612

0.3517

0.3328

0.3678

0.2984

0.3578

0.3877

Method
Metrics

MI

0.5621

0.5319

0.5721

0.5831

0.5925

0.7027

0.7288

0.7357

0.6978

0.7477

0.7631

FSIM

0.9312

0.9338

0.9481

0.9532

0.9641

1.1234

1.2658

0.9835

0.9984

1.5753

1.7241

EI

0.3451

0.5012

0.3512

0.6932

0.3998

0.715

0.6428

0.5963

0.7256

0.7338

0.7673

IE

7.6691

7.7831

7.4472

7.7541

7.8471

7.932

7.8832

7.6983

7.7398

7.8366

7.9347

UIQI

0.5312

0.2321

0.3214

0.4123

0.5131

0.5921

0.6276

0.6326

0.6459

0.6578

0.6955

PT

3.752 sec 3.417 sec 2.781 sec 2.891 sec 3.131 sec 1.671 sec

In summary
(NSST + DFRWT) has a superior performance except for
fusion factor, mutual information, and Qab/f unfortunately; this
reduces edge information and causes pixelization. Also, it has
a very long processing time.

2.356sec

2.895 sec 3.166 sec 2.762 sec 2.563 Sec

The (AWT+NSCT and AWT+ NSCT) has a better
performance than the other hybrid techniques with the best
fusion factor, mutual information, and Qab/f values. Moreover,
it has the shortest processing time.
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Figure 28. Comparative Analysis for Hybrid Fusion Algorithms 1

Figure 29. Comparative Analysis for Hybrid Fusion Algorithms

VI.

CONCLUSION

This chapter investigates the performance of both the
traditional and hybrid multimodal medical image fusion
techniques using some of the evaluation metrics. It has been
exposed that the best multimodality medical image fusion
technique implemented was the (DFRWT+NSST) hybrid
algorithm. This hybrid method introduced a better
performance compared to traditional algorithms. It gives
much more image details, higher image quality, the shortest
processing time, and a better visual inspection. All these
advantages make it a good choice for several applications such
as medical disease analysis for an accurate treatment.
Compared with other existing techniques the proposed
technique experimental results demonstrate the better
processing performance and results in both subjective and
objective evaluation criteria.
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