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ABSTRACT
This Data fusion has become a significant issue in diagnostic imaging, par-
ticularly in medical applications like radiation and guided image surgery.
Medical image fusion aims to enhance the precision of tumor diagnosis, by
preserving the salient information and characteristics of the original im-
ages in the fused image. It has been shown that guided filters are capable
of maintaining edges well. In this paper, we propose a novel cross-guided
filter-based fusion approach for multimodal medical images utilizing con-
volutional neural networks. The cross-guided filter is used in the proposed
algorithm to extract the detailed features from the source images. Convo-
lutional neural networks are used to generate the feature weights of source
images derived from the detail layers. The weighted average rule is used to
merge the source images based on these weights. We used thirty distinct
types of medical images from diverse sources to compare the effectiveness
of the proposed strategy to that of existing methods, both numerically and
visually. The experimental findings demonstrated that, in terms of both
objective evaluation and qualitative image quality, the suggested system
performs better than other standard methods already in use. The quanti-
tative results show that compared to existing methods under consideration
for comparison, the proposed algorithm improves mutual information by
25%, image entropy by 9.5%, spatial frequency by 21%, standard devia-
tion by 18.1%, structural similarity index by 30%, and edge strength of the
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1. INTRODUCTION

Medical imaging is essential to many patients’
medical experiences and provides a solid foundation
for clinical decision-making. Many clinical applica-
tions, including computer-assisted detection, therapy,
action planning, diagnosis, and planning, can benefit
from medical imaging. While medical imaging sys-
tems play a significant role in many clinical tasks,
there is an increasing need for trustworthy automated
ways to assist healthcare personnel in interpreting
complex medical pictures. For the purpose of inter-
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preting structured data, such images, medical imag-
ing research thus benefits from the development of
advanced computer tools [1,2]. New technologies for
capturing, processing, and interpreting images are
driving innovation, particularly in the fields of regis-
tration, segmentation, reconstruction, fusion, detec-
tion, modeling, and tracking. Understanding medi-
cal imagery ultimately requires prior knowledge and
might be challenging at times. Biomedical pictures
can have noise and a variety of modality-specific arti-
facts depending on the techniques and settings used
during acquisition. The topic of healthcare image
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processing has seen a growth in study over the past
20 years. At first, it focused on standard image
processing tasks including registration, contrast en-
hancement, and segmentation. Nevertheless, imag-
ing biomarker identification has focused on convert-
ing functional data into pertinent biomarkers that can
provide information about various medical disorders
as medical image processing has developed [3-6].

Image fusion combines information from multiple
multimodal shots of the same scene to create a sin-
gle fused image that is much more informative than
the individual multimodal images. This work focuses
on multimodality medical image fusion, which is the
fusion of different imaging modalities used to fuse
multimodal medical pictures from the same region
of the human body. The medical images created us-
ing these approaches include features that depict the
current state of the human body, such as metabolic
rate and bone architecture. However, a single im-
age might only depict one type of human body. For
instance, high spatial resolution anatomical informa-
tion is provided by MRI imaging. Magnetic resonance
imaging (MRI) can only display soft tissues and can-
not show bone information; in contrast, computed
tomography (CT) scans can more efficiently distin-
guish between tissues with variable densities, such as
blood vessels and complex structures. Poor spatial
resolution positron emission tomography (PET) pic-
tures and single photon emission computed tomogra-
phy (SPECT) images display similar patterns. The
notable differences in images produced by various
imaging modalities complement one another. Fusing
multiple images from different modalities can result in
a single fused image that provides a multitude of in-
formation, enhances image quality, and dramatically
increases image spatial resolution.

Radiologists can better treat a patient’s illness af-
ter using this composite image to provide a thorough
diagnosis. In conclusion, the diagnosis and treat-
ment of all diseases depend on integrating many sets
of medical images. Discrete Wavelet Transforma-
tion (DWT), Curvelet Transformation (CVT), Non-
Subsampled Contourlet Transformation (NSCT), and
other techniques are examples of conventional image
fusion techniques [9, 10]. These methods are not well
suited for combining specific input image informa-
tion without producing artifacts in the images. Deep
learning approaches have greatly succeeded in various
computer vision applications due to recent advance-
ments in machine learning. Deep learning research
has been increasingly important in image fusion in
recent years [11].

This research proposes a multimodal image fusion
technique that uses a cross-guided filter to extract
high- frequency information from the source images.
The feature weights produced by convolutional neural
networks are then fused to enhance the fusion perfor-
mance of medical images further.

2. LITERATURE REVIEW

Many image fusion methods have been proposed
in the last few decades. For integration of medical
images, Agarwal et al. [12] have proposed a hybrid
approach that combines wavelet transform (WT) and
curvelet transform (CVT). The segmented input im-
ages are then fused into sub-bands using the WT ap-
proach with the CVT, which divides the bands into
overlapping tiles and effectively converts curves in im-
ages to straight lines. To provide a more comprehen-
sive fusion result, these tiles are blended using the
inverse wavelet transform. The results demonstrate
that the fusion outcome produces higher-quality re-
sults with fewer errors. A sophisticated hybrid tech-
nique for the fusing of multi-focus images has been
developed. It combines principal component analysis
(PCA) with stationary wavelet transform (SWT)[13].
By splitting the final image into four sub-bands, SWT
helps create features from both the source and re-
sultant images. The greatest eigenvector for each of
these sub-bands is determined using PCA-based fu-
sion algorithms, and eigenvectors are preserved for
the purpose of optimal image representation. By im-
proving image information and assisting in removing
artifacts, this strategy may improve visual percep-
tion, according to the evaluation criteria.

Bavirisetti & Dhuli [14] provided an edge-
preserving fusion method for visible & infrared sensor
images with an objective of greatly enhancing im-
age quality and minimizing artifacts in fused images.
The source images are first anisotropically diffused
into layers of approximation and detail. After that,
the Karhunen-Loeve transform and linear superpo-
sition are used to calculate the final approximation
and detail layers. The final approximation and de-
tail layer images are combined linearly to accomplish
fusion. This technique dramatically increases con-
trast while preserving the most critical aspects of the
image. A multiscale fusion methodology based on
weighted least squares (WLS) optimization and visual
saliency map (VSM) was also developed to solve some
of the shortcomings of conventional fusion approaches
[15]. This technique divides the input image into ba-
sic and detail layers using a multiscale decomposition
that combines a Gaussian filter with rolling guidance
filtering (RGF). It can accomplish the unique capac-
ity to lessen haloes around edges while preserving the
exact scale attributes. This method also yields fusion
result details that look more natural and are more
appropriate for human visualization. For a range of
multimodal pictures, a framework for image fusion
with quick spatial filtering has been proposed [16].
The gradient’s magnitude is first used to assess an
image’s sharpness and contrast. Next, utilizing the
image gradient magnitude, a brief morphological clos-
ing operation is performed to close gaps and fill in ar-
eas. The gradient magnitude of the multiple images
is converted to a weight map using a fast structure-
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preserving filter. Finally, a weighed-sum rule is used
to generate the fusion result. This method helps make
multimodal images appear more realistic.

Numerous types of coupled fusion image tech-
niques, such as coupled image factorization optimiza-
tion & the modified flexible coupled technique, are
proposed by Lu et al. [17] about coupled matrix &
tensor factorization optimization & flexible coupling
technique, respectively. According to experimental
findings, the CIF-OPT approach’s performance im-
proves when different types of noise are present. In
particular, the CIF-OPT approach allows for accu-
rate image reconstruction without sacrificing crucial
features. The drawbacks of earlier techniques include
color distortion, blurring, and noise. Laplacian re-
decomposition (LRD) technique is proposed for mul-
timodality medical image fusion [18] to tackle these
problems. This approach combines two technologi-
cal developments. This approach originally suggested
a Laplacian decision graph decomposition strategy
with picture augmentation to provide complemen-
tary details, redundant details, and low frequency
sub-band images. To account for the diverse prop-
erties of redundant and complimentary information,
this method then introduces the principle of overlap-
ping as well as non-overlapping domain. To improve
target recognition accuracy while laying the ground-
work for clinical applications, Goyal et al. [19] re-
cently proposed a multimodality medical image fusion
approach that integrates low-resolution multimodal
medical pictures with minimal processing complex-
ity. Jose et al’s [20] unique multimodal approach
for the Non-Subsampled Shearlet transform (NSST)
of images linked to teenage identification search is
proposed. Generally, NSST is a multi-scale, multidi-
rectional, multidimensional, and multi-scale wavelet
transform. Using the NSCT domain, Kaur and Singh
[21] present a medical image fusion that divides im-
ages into sub-bands. The features from the input
photographs are then extracted using the most ad-
vanced version of inception. Through multi-objective
differential evolution, this approach makes decisions.
The fundamental fusion function for the coefficients of
determination, as well as energy loss, is then utilized
to produce the fused coefficients. Finally, the fusion
result is obtained using an inverse NSCT. Srikanth
et al. [7,8, 22-23] presented brain tumor identifica-
tion through image fusion by using metaheuristic al-
gorithms. This article presents a mechanism of im-
age fusion using cross-guided filters and convolutional
neural networks.

1. Detail layers of each source image are extracted
from its blurred version obtained through cross-
guided filter

2. Weight maps for detail images are generated
from convolutional neural networks based on
feature relevance.

3. Based on the weights of detail layers, source im-

ages are fused using the weighted average com-
bination rule.

4. The performance of the proposed mechanism
is tested with all types of multimodal sensor
datasets subjectively & objectively.

3. CONCEPTS OF PROPOSED METHODS
3.1 Cross-Guided Image Filter

An explicit image filter called a “guided image fil-
ter” (GIF) calculates an image’s output for each pixel
by considering the statistics of that pixel’s surround-
ing neighborhood [24,25]. Between the output and
the guidance images, there is a local linear model.
Edge information is preserved while the input image
is smoothed with this filter. For a guidance image P
centered at pixel ‘k’ in a square window wy,, the filter
output F at a pixel ‘i’ is given as follows:

F; =mpP; +ng, Vi € wy, (1)

Where my and nj are the coefficients which are lin-
ear in the window my, that are used to minimize the
objective function as follows:

E(my,ny) = Z ((muP; 4+ ni — I,)* + emi)
(2)

Where € is the regularization control parameter. The

optimal solution of equation (2) is given by the fol-

lowing values of my and ny

1EWE
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3)

ng = E[Ik} — Mgk (4)

Where |w| indicates the total count of pixels in wy
and g, o7 are the mean and variance in wyg, E[Ix]
is the expectation of I in wk. After obtaining the
linear coefficients, the output F; can be solved using
Equation (1); however, distinct overlapping windows
wy, centered at k share pixel ¢. Take the average of all
F; estimates to address this issue, as given in equation
(5), which is the filtered output.

F,=m;P+mn; (5)

If the guidance for the first source image is gener-
ated from the second image, and vice versa, a cross-
guided image filter is created. Cross guidance causes
the filter output to thoroughly smooth the filter in-
puts since guided filters can retain guidance details
in their output. It means that when the filter out-
put is subtracted from the source images, rich detail
information is produced.
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Fig.1: Schematic representation of a Siamese network of CNN.
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Fig.2: Decision map computation from high-frequency layers.

3.2 Convolutional Neural Network (CNN)

Asseen in Figure 1, the CNN is used in this work to
integrate source images based on the feature map of
detail layers. The high frequency subbands of both
images are received by two different CNN branches
that mimic weights and structures. These kinds of
networks are called Siamese networks. Using this
network primarily aims to make classification easier
because it trains two images simultaneously, allow-
ing it to distinguish between the high-frequency sub-
bands of the two source images. Figure 1 shows the
schematic representation of the two branches of the
Siamese network [26, 27]. Each branch comprises one
max-pooling layer, three convolution layers (64, 128,
and 256 filters, respectively), and one filter. While
the max-pooling comprises 2 x 2 with a step of 2,
each convolution layer has a 3 % 3 filter responsive
with a stride of 1. We have reduced the number of
fully linked layers in our method to reduce compu-
tation time and memory use. Rather than feeding
only fixed-size images, it can also be advantageous
to take images of any size. Following concatenation,
a 2D vector soft-max layer receives the 512 feature
maps and generates a probability distribution for each
class. Stochastic gradient descent (SGD) is used for
optimization, and its soft-max loss function is em-
ployed. Furthermore, the batch size is 128, the mo-
mentum is 0.9, and the weight decay is 0.00001.

Three steps make up the CNN decision map gen-
eration process from high-frequency images: feature

recognition, initial segmentation & consistency check-
ing, as shown in figure 2. A discussion on each of these
steps is presented in the subsequent sections.

(a) Feature recognition: To create a score map, the
high -frequency subbands of both images are
supplied to two different network branches sep-
arately. The feature properties are indicated
by each coefficient that appears in the score
map. Each coefficient weights between 0 and
1, signifying the two 16 x 16 equivalent blocks
from the two high-pass sub-images.

As a result, the score map’s overlapping sections
are averaged to create a feature map M(p,q) that
is comparable in size.

(b) Initial segmentation: The binary map B(p,q)
must be obtained next, following the acquisi-
tion of the feature map M. To recover more
valuable features for creating binary maps, the
choose-max selection approach with an accept-
able threshold of 0.5 is applied. Equation (9)
is used to calculate it.

(1 if Mpg) =05
B(p’q)_{ 0 if Mpg) <05 (6)

The following step involves processing the binary
map B(x,y) obtained by verifying consistency.

(¢) Consistency checking: Singularity points are

instances in the binary map where specific mis-

classified pixels have values that are not near

to those of the surrounding pixels. We used an
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8 x 8 window consistency check in our tech-
nique to eliminate the singularity spots from
the focus map. In addition to the singularity
point problem, the decision map produces ar-
tifacts in the fused image. The guided filtering
technique, which preserves edges, is utilized to
tackle the issue of artifacts. It is necessary to
assign the size of the window ‘r’ & normaliza-
tion parameter ‘e’, which are selected as 5 and
0.1, respectively.

4. PROPOSED METHODOLOGY

The flow diagram of our proposed fusion technique
is presented in figure 3. The step-by-step procedure
of the method is presented below:

Step 1: Read the source images to be fused and label
them as I; and I.

Step 2: Apply cross-guided image filtering on each
source image to produce their base layers Ip; and
Ips.
Step 3: Generate high-frequency layers with rich de-
tails by subtracting base layers from the source im-
ages,

Ipy =1, —Ip (7)

Ipo =15 — Iy (8)

Step 4: Apply the detail layers to CNN discussed in
section 3.2 to produce decision maps D; and D,

Step 5: Combine the source images using decision
maps D1 and D5 to produce the fused image F'.
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5. SUBJECTIVE ANALYSIS

(D1(p.9) —~(_Dli EZ’ Z; i gigi) Z§)+ L(p. ) Five sets of brain-related MRI and CT scans
’ ’ 9) (called “Dataset-1,” “Dataset-2,” “Dataset-3,” “Data-

set-4,” and “Dataset-5") are selected to demonstrate

the effectiveness of the proposed fusion procedure. A

The step-by-step results of the proposed method healthy patient’s brain is shown in Dataset-1; a pa-

are illustrated in figure 4. tient who had a fatal stroke is shown in Dataset-2;

(g) Guided filter (h) Proposed

Fig.7: Fusion results of CT-MRI of neoplastic tumor.
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2) Guide filter (h) Proposed

Fig.8: Fusion results of CT-MRI of brain skull.

(e) NSST () LAP (g) Guided filter (h) Proposed

Fig.9: Fusion results of CT-MRI of Cerebella metastasts.

(a) MR-T2 source image

(e) NSST () CNN (g) Guided filter (g) Guided filter

Fig.10: Fusion results of MR-T2 and SPECT of Metastatic Bronchogenic.

(e) NSST (2) Guided filter (g) Guided filter

Fig.11: Fusion results of MR-T2 and PET of Alzheimer’s disease.
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a patient who had a neoplastic tumor is shown in
Dataset-3; sagittal plane images of the brain skull are
shown in Dataset-4; and a patient who had a Cere-
bella metastasis is shown in Dataset-5. Moreover,
SPECT and MR-T2 datasets relevant to Metastatic
Bronchogenic disease and MR-T2 and PET datasets
associated with Alzheimer’s disease are considered.
Each one is 256 by 256 in size and features 256 dif-
ferent shades of gray. The Benchmark Brain Atlas,
available at http://www.med.harvard.edu/aanlib/
home.html, was the source of all the datasets. [28].
The Dataset-1 image fusion results utilizing various

ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.18, NO.4 October 2024

techniques are shown in Fig. 5. Images of the
MRI and CT are shown in Figs. 5(a) and (b), re-
spectively. The fusion results from guided filter ap-
proaches, the suggested method, Convolution Neu-
ral Network (CNN), Non-Subsampled Shearlet Trans-
formation (NSST), Sparse Representation (SR), and
Discrete Wavelet Transformation (DWT) are dis-
played in Figs. 5(c)—(h). Together with the bone
structures from the CT scan, the soft tissues from
the MRI image are mostly maintained in the fused
results. How the techniques preserve detail and con-
trast, however, differ only a little. A yellow rectangle

Table 1: Statistical measures of the proposed method for multimodal datasets.

Mutual | Image Spatial | Standard Edge
Dataset type Method  [Information| Entropy |Frequency | Deviation | MSSIM | Strength
MD) (H) (SF) (SD) (Qanr)
SR 2.57 5.80 11.68 30.82 0.5122 0.5756
DWT 1.92 6.17 17.13 44.71 0.5246 0.6073
Dataset] NSST 2.05 6.20 17.05 44.16 0.5366 0.6816
CNN 2.43 6.07 17.40 52.89 0.5518 0.7184
Guided filter 2.31 6.52 16.97 52.89 0.5634 0.7210
Proposed 3.93 6.66 18.16 54.28 0.9908 0.8736
SR 342 4.94 17.76 51.40 0.8248 0.5178
DWT 3.19 5.19 22.01 55.73 0.7915 0.5051
Dataset NSST 3.34 5.12 20.95 54.56 0.8160 0.5887
CNN 3.34 4.89 21.93 59.92 0.8146 0.5888
Guided filter 3.79 5.20 20.25 55.68 0.8207 0.6028
Proposed 5.20 4.84 21.86 59.71 0.9898 0.8290
SR 3.18 4.52 20.19 61.50 0.7640 0.5157
DWT 3.12 4.86 25.11 66.53 0.7489 0.5473
Dataset3 NSST 3.20 4.88 24.52 65.89 0.7733 0.5971
CNN 3.38 4.39 25.99 69.60 0.7775 0.6042
Guided filter 3.34 5.05 24.39 69.63 0.7762 0.6119
Proposed 4.12 5.26 26.45 73.14 0.9766 0.8260
SR 3.33 7.56 28.98 69.84 0.6532 0.4964
DWT 3.08 7.41 35.94 76.80 0.6263 0.4699
Datasctd NSST 3.23 7.44 34.60 79.49 0.6628 0.5349
CNN 3.26 7.31 37.03 79.84 0.6462 0.5171
Guided filter 3.52 7.76 34.30 75.36 0.6602 0.5510
Proposed 4.64 7.65 30.38 79.40 0.9851 0.8558
SR 3.19 5.24 17.58 51.71 0.7427 0.4823
DWT 2.80 5.36 22.28 55.72 0.7098 0.4573
D 5 NSST 2.94 5.44 21.47 53.79 0.7311 0.5226
ataset CNN 3.18 483 | 2306 | 6111 | 07448 | 0.5214
Guided filter 3.23 5.78 21.56 66.98 0.7342 0.5330
Proposed 4.03 5.53 25.43 68.08 0.9795 0.8326
SR 4.02 4.21 18.86 47.02 0.7617 0.6056
Dataset6 DWT 3.37 3.63 18.74 41.36 0.7239 0.5783
MR-T2 NSST 4.07 4.13 19.28 48.53 0.7451 0.7120
SPECT CNN 3.86 4.04 20.06 45.82 0.7604 0.7248
Guided filter 3.65 3.77 18.56 41.27 0.7462 0.6761
Proposed 4.47 4.39 24.62 50.99 0.9934 0.9434
SR 4.65 5.18 22.19 63.45 0.7572 0.5660
DWT 3.91 4.43 23.11 58.61 0.7189 0.5371
Dataset7
MR-T2 NSST 4.32 4.98 24.52 68.94 0.7411 0.6708
PET CNN 4.17 4.76 27.96 62.47 0.7584 0.6836
Guided filter 3.97 4.45 24.39 58.26 0.7432 0.6449
Proposed 4.84 5.64 26.61 66.28 0.9901 0.8710
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was used to highlight how different the comparing
methods were from one another. The fused images
show a slightly low intensity in the highlighted area,
as shown in Figs. 5(c) and (d). The NSST and CNN
fusion images are shown in Figs. 5(e) and (f) tend to
preserve more information from the CT image, but
they also tend to lose some information from the MRI
image. The visual clarity of the guided filter is com-
parable to that of our proposed algorithm, which can
preserve all of the original image’s features. However,
as Figs. 5(g)—(h) demonstrates that the contrast of
the guided filter is less than that of our method.

Fig. 6 displays the fusion findings of Dataset-2, the
second medical image set. The application of DWT
results in a poor visual effect and a loss of information
regarding hard tissues, such as bone structures, as
demonstrated in Fig. 6(d); Fig. 6(c) likewise exhibits
this low contrast problem. The results of the other
three techniques already in use did not differ much.
Since our method, in this case, cannot identify the
row-and column-wise frequency variations of pixels in
the CT scan, the suggested method’s retention of CT
information is not as strong as that of the guided fil-
ter. The recommended methodology yielded a fused
image with solid contrast and complete preservation
of soft tissue information, as demonstrated in Fig.
7(h), which compares the suggested method to other
comparison techniques using the third medical data
set (Dataset-3).In Figs. 8 and 9, which include the
fusion results of Dataset-4 and Dataset-5, the NSST,
DWT, and SR methods lose details from the source
images and don’t give adequate information on the
bone structure. The recommended procedure yields
results with stronger contrast, more sharp edges, and
finer details.

The metastatic bronchogenic images from MR and
SPECT-TC are fused, as shown in Figure 10. The
chopped sections are shown separately for a more

Mutual Information

Dataset

Structural Similarity

a
Dataset

readable view. GFF is not able to maintain the
original hue. On DWT, contrast is inadequate. Al-
though the NSST and SR approaches appear to have
a high contrast, they are not as successful in preserv-
ing the originality of the MR-T2 picture’s structural
elements. The color, energy, and structural aspects
of the original images are preserved in the proposed
method.

A combination of MR and PET images with mod-
erate Alzheimer’s disease are fused, as shown in Fig-
ure 11. Parts that have been cropped are shown sep-
arately to provide a better image. GFF is unable to
maintain the original color. DWT has a low contrast.
While CNN and SR methods successfully restore the
characteristics, the original color is gone. NSST has
unduly improved the image. In terms of retaining
structure and color information, the proposed method
works incredibly well to preserve uniqueness.

6. OBJECTIVE ANALYSIS

It is necessary to use both qualitative and quan-
titative evaluation criteria while measuring fusion
performance. Quantitative assessment metrics, in-
cluding mutual information (MI), image entropy
(IE), mean structural similarity (MSSIM), spatial fre-
quency (SF), standard deviation (SD), and margin
information retention (Qap/r), are used in this work
to evaluate the efficacy of different fusion procedures
[29-31].

Table 1 displays the quantitative analyses based on
image evaluation metrics. The top results are shown
in bold. The suggested method of fusing the im-
ages performed significantly well in terms of MI, IE,
QAB/F, & MSSIM, and the other metrics are barely
comparable to one another, demonstrating that it can
preserve edge features and saliency information. Fig-
ure 12 presents a visual comparison of several ap-

Dataset

Edge Strength

a
Dataset

Fig.12: Comparative analysis of average value of quality assessment metrics.
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proaches based on the average values of four key rela-
tive assessment metrics (MI, IE, QAB/F & MSSIM)
studied over thirty different slices of seven datasets.

7. RESULT ANALYSIS

The experimental results show that low intensity
and insufficient bone structure knowledge produce
unsatisfactory fusion outcomes for the Sparse Rep-
resentation (SR) & DWT techniques. While NSST,
CNN, and guided filter techniques have a reasonable
visual impact, MR-CT does not entirely preserve the
edge and texture within the yellow highlighted zone.

Furthermore, the color could not be maintained
by the Guided Filter approach in the MR-SPECT
and MR-PET fusion situations. However, the sug-
gested method maintains saliency features, which of-
fer the most information about the soft tissues and
bone structure, resulting in fused images that are
sharper and more vivid. Among the six measures
considered are image entropy (IE), spatial frequency
(SF), and standard deviation (SD). These measures
are frequently used to demonstrate the inherent qual-
ities of a single image and assess the quality of fused
images. The data entropy of the fused image is repre-
sented by the IE. The SF makes the image transpar-
ent. The SD characterizes the contrast of the com-
bined image. A higher SD results in a more widely
scattered grey level dispersion of the image, whereas a
higher contrast facilitates the perception of the fused
image. The additional data that some existing ap-
proaches contain are redundant, increasing the value
of each of these metrics.

To facilitate a more thorough objective examina-
tion, this work adds three more metrics: QAB/F,
MSSIM, and MI. The MI indicates how similar the
intensity distributions of the linked image pairings
are, as well as providing an estimate of the amount
of information recovered from the source images. As
more information is extracted from the original im-
ages and the combined image’s clarity and activity
level increase, the MI value also increases. The com-
posite image’s level of distortion is determined by
the MSSIM. The quantity of edge information car-
ried over from the original images into the fused im-
age is also evaluated by Qap/r. With the incorpora-
tion of more edge information, including texture and
bone structure, this metric becomes more significant
for clinical image fusion the more values it possesses.
This is because it enables correct pathological assess-
ment of edges. Based on a statistical examination
of experimental findings from both the existing and
proposed techniques, it was shown that the proposed
algorithm improves mutual information by 25%, im-
age entropy by 9.5%, spatial frequency by 21%, stan-
dard deviation by 18.1%, structural similarity index
by 30%, and edge strength of the fused image by 39%
compared to existing methods.This shows minimal
distortion in the fused image and an adequate num-

ber of prominent features, soft tissue details, denser
structures, and significant edge details.

8. CONCLUSION

In this paper, a novel fusion technique for MRI
and CT medical images is proposed by combining
convolutional neural networks and cross-guided fil-
ters in the spatial domain. The proposed method
uses a cross-guided filter to decompose the input im-
ages and extract detail layers. Convolutional neural
networks are used to determine the strength of de-
tails in the source images, which are then used to fuse
the input images using the weighted average rule to
create the fused image. Comprehensive contrast ex-
periments have been carried out on many pairs of CT
and MR images, proving that the proposed method is
superior in both qualitative and objective assessment.
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