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ABSTRACT

By combining complementary data from various imaging modalities, including Computed Tomography
(CT) and Magnetic Resonance Imaging (MRI), multimodal medical image fusion significantly improves
diagnostic accuracy. Despite notable progress, there are still no comprehensive assessment frameworks
that fairly contrast cutting-edge deep learning methods with conventional symmetric and asymmetric
fusion techniques. Using a wide range of models, such as Average Fusion, Principal Component Analysis
(PCA), Discrete Wavelet Transform (DWT), Laplacian Pyramid, Saliency Mapping, Guided Filtering, and
the DenseFuse Convolutional Neural Network (CNN) framework, this study suggests a unified
comparative method for fusion of multimodal medical images. All techniques were applied to uniformly
preprocessed CT-MRI datasets and assessed using a variety of quantitative metrics, including the Edge
Preservation Index (EPI), Mean Squared Error (MSE), Entropy, Mutual Information (MI), Standard
Deviation (STD), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM). The
findings show that although deep learning-based methods such as DenseFuse provide strong feature
extraction capabilities, they may have stability and generalizability issues in specific situations. However,
asymmetric techniques provided better edge preservation and localized detail enhancement, while
conventional symmetric techniques such as PCA and DWT demonstrated more consistent and
interpretable performance across metrics. In addition to outlining the advantages and disadvantages of
each category, this thorough analysis offers vital information to select the best fusion technique based on
image properties, computational efficiency, and diagnostic requirements. The findings show that PCA and
Guided Filtering produced superior SSIM and PSNR values (up to 0.9766 and 35.16 dB, respectively),
while deep learning-based DenseFuse showed performance limitations under the given conditions,
indicating domain adaptation issues. The results provide a strong basis for further investigation into
multimodal image fusion and its useful implementation in clinical settings.

Keywords-medical image fusion; multimodal imaging; CT-MRI fusion; symmetric fusion; asymmetric fusion;
deep learning; DenseFuse; Principal Component Analysis (PCA); Discrete Wavelet Transform (DWT);
Laplacian pyramid; guided filtering; saliency mapping; performance evaluation metrics; Structural Similarity
Index (SSIM); Peak Signal-to-Noise Ratio (PSNR)

I.  INTRODUCTION

examine metabolic function. However, no singular modality

Medical imaging is an important part of modern
diagnostics. Computed Tomography (CT), Magnetic
Resonance Imaging (MRI), and Positron Emission

Tomography (PET) are some of the methods that are typically
used together to get a full picture of a patient's condition. CT is
better at showing dense tissues and bones, MRI is better at
showing soft tissue contrast, and PET is the best way to

can encompass all the necessary diagnostic information across
diverse tissue types and disease states. Because of this,
multimodal image fusion has become an important way to
combine the complementary characteristics of several
modalities into one enhanced image.

To solve this challenge, several traditional image fusion
methods have been suggested. Some of the most prominent
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ones include the Discrete Wavelet Transform (DWT), Principal
Component Analysis (PCA), and Laplacian Pyramid fusion,
which are simple and work well. These are symmetric fusion
algorithms, which means that both source images add the same
amount of information. On the other hand, asymmetric
approaches, such as directed filtering and saliency-based
fusion, give more weight to contextual or structural cues from
one dominant modality, leading to better results in some
clinical situations.

A. Decomposition-Based Fusion Methods

Decomposition-based fusion techniques seek to divide
images into low- and high-frequency components, enabling
more efficient integration of complementary features from
multimodal sources. One such method is the Adaptive Non-
Subsampled Shearlet Transform (ANSST) framework, which
breaks down input images and uses Hybrid Water Strider—
Dingo Optimization (HWS-DOX) to find the best fusion
parameters. An optimized deep neural network combines the
high-frequency sub-bands, and weighted averaging combines
the low-frequency components to make the final image [1].
Similarly, Weighted Least Square Optimization and Gaussian-
Rolling Guidance Filter-based decomposition strategies
enhance image detail and structural integrity, improving visual
fidelity and diagnostic interpretability [2].  These
decomposition methods maintain both spatial and spectral
information, which is very important for multimodal medical
fusion. However, they often cost more to compute, and the
difficulty of decomposition may make them less useful in real
time [1, 2].

B. Optimization-Based Fusion Strategies

Optimization-based methods use metaheuristic and
gradient-based optimization to make image fusion models more
accurate, efficient, and adaptable. For instance, Actionable
Uncertainty Quantification Optimization (AUQantO) combines
entropy-based and Monte Carlo dropout methods to improve
the classification of medical images by eliminating predictions
that are not certain, which makes them more reliable and easier
to understand [3]. Other studies have looked into sequential
model-based optimization as a way to automate
hyperparameter tuning in deep learning models such as VGG-
16, making the model more accurate and reducing the number
of errors [4]. Particle Swarm Optimization (PSO) and the
Chimp Whale Optimization Algorithm (ChWOA) are two
methods that have been used to improve the performance of
neural networks in sentiment prediction and image analysis [5,
6]. In addition, model compression and hardware-accelerated
optimization techniques such as pruning, quantization, and
GPU utilization have made it possible to use deep learning in
medical imaging in real time [7, 8]. Although these methods
have some advantages, they often need a lot of computing
power and may not work well with certain architectures or data
distributions [9, 10].

C. Deep Learning and CNN-Based Fusion Techniques

Deep learning techniques, especially Convolutional Neural
Networks (CNNs) and Generative Adversarial Networks
(GANSs), have changed the way image fusion works. CNN-
based fusion uses hierarchical feature extraction to combine

multimodal medical images, facilitating diagnosis [11-13]. For
example, Context Encoder (CE), Context-Conditional GAN
(CC-GAN), and Partial Convolutional Layers have been
combined to obtain better results for image inpainting and
fusion [14]. Using InceptionV4 and MS-GWNN classifiers in
hybrid frameworks has also been shown to make early cancer
detection more accurate [15]. Recent advances integrate
transformer architectures and attention-based fusion to
represent global dependencies and spatial relationships across
modalities [13]. Moreover, the integration of Variational
Autoencoders (VAEs) with Generative Adversarial Networks
(GANSs) facilitates the generation of high-quality, realistic
images through self-supervised optimization [16, 17].
However, the efficacy of CNN-based fusion techniques is
significantly dependent on extensive annotated datasets, and
the interpretability of these models continues to be a critical
issue in clinical contexts [11, 12].

D. Hybrid and Multimodal Approaches

Hybrid and multimodal fusion frameworks combine the
best parts of classical decomposition, optimization, and deep
learning methods. For instance, using GrabCut segmentation
with deep architectures like U-Net and Mask R-CNN makes
object delineation better by balancing the speed of classical
methods with the strength of deep learning [18]. Combining
GAN-VAE architectures with attention mechanisms in hybrid
frameworks improves image generation quality and
generalization [17, 19]. In multimodal fusion techniques, data
from MRI, CT, and PET modalities are combined through
input, intermediate, and output-level fusion schemes to
optimize the utilization of complementary information [13, 20].
Hybrid models, such as those utilizing ORB feature extraction
in conjunction with deep learning-based feature fusion, exhibit
improved performance in biomedical applications, including
early disease prediction [15]. In [21], a novel method for
medical image segmentation employed biologically inspired
mechanisms within deep neural networks. This method used a
spike-based attention mechanism on top of a DenseNet-169
backbone to focus on important features, especially in cases
with low contrast and high imaging noise. Hybrid models make
systems more stable and add more features, but they also make
them harder to build and use.

II. PROPOSED METHODOLOGY

This study aimed to enhance the information content and
diagnostic quality of multimodal medical images, specifically
CT and MRI, by applying and evaluating a range of symmetric
and asymmetric fusion techniques, including both classical
methods and deep learning-based approaches, as shown in
Figure 1.

A. Dataset Preparation

This study used the publicly accessible BraTS 2021 dataset
[22], comprising multimodal MR and CT scans of patients with
brain tumors, selecting 40 cases based on the following criteria:

® Modalities Completeness: To ensure full multimodal
information for fusion, only subjects with all four MRI
sequences (T1, T1-Gd, T2, and FLAIR) were kept.
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e Annotation Completeness: Cases with complete and
verified ground-truth tumor masks for all sub-regions,
Enhancing Tumor (ET), Whole Tumor (WT), and Tumor
Core (TC), were included to enable consistent supervised
training and evaluation.

e Scanner/Protocol Consistency: Cases were selected from
institutions with uniform acquisition parameters (voxel
resolution, magnetic field strength, and slice thickness) to
minimize inter-scanner variability and harmonization
effects.

¢ Clinical Diversity: The selection was stratified to ensure a
balanced representation across tumor grades (LGG and
HGGQG), patient age, and sex, thereby reducing sampling bias
and enhancing generalizability.

The 40 cases were also randomly chosen from the pool of
eligible high-quality subjects (n = 1250 in BRaTS 2021) after
the filters above were applied. This number was chosen to
ensure that cross-validation experiments were statistically
reliable while still being possible to compute. To ensure that
the sampling could be repeated, the random seed was fixed
(seed = 42).

CT Image

:)[ Fusion

Fused Image

[ Evaluation W

MRI Image

by Asymmetric
< Fuslon

Fig. 1. Proposed architecture.

B. Symmetric Fusion Approaches

Symmetric fusion treats both input modalities equally. The
following methods are implemented:
1) Average Fusion

A pixel-level weighted average is computed as:

F(i,j) = 0.5 % I (i,j) + 0.5 X Iyg, (i, )) (D

2) Principal Component Analysis (PCA) Fusion

Images are transformed into a lower-dimensional feature
space using PCA. The principal components guide the fusion
process to retain maximum variance from both modalities.

3) Laplacian Pyramid Fusion

Each image is decomposed into Laplacian pyramids.
Corresponding levels are fused using pixel-wise maximum
selection, followed by pyramid reconstruction. Three levels of
decomposition were used in this process.

4) Discrete Wavelet Transform (DWT) Fusion

Images are decomposed into frequency subbands. The
fused image is reconstructed using fusion rules such as
maximum selection for detail coefficients and averaging for
approximation coefficients.

C. Asymmetric Fusion Approaches

Asymmetric fusion gives priority to one modality (e.g., CT
for anatomical detail) while enhancing with features from the
other (e.g., MRI for soft tissue).

1) Saliency-Based Fusion

A pixel-wise saliency map is calculated using the Laplacian
operator to detect high-contrast regions. The image with greater
local contrast at each pixel is selected.

2) Guided Fusion

A base image (CT) is preserved while the enhancing image
(MRI) is smoothed with a Gaussian kernel. The final fused
image is a weighted combination of the base and the
enhancement.

D. Deep Learning-Based Fusion (DenseFuse)
A pre-trained CNN model (DenseFuse) is employed, which
includes:

e Encoder: Extracts deep features from CT and MRI using
dense convolutional blocks.

e Fusion Layer: Combines features using element-wise
average.

e Decoder: Reconstructs the final fused image from the fused
features using:

F = p (fertfum) )

2

E. Evaluation Metrics

Each fusion result is evaluated against the original CT and
MRI images using the metrics shown in Table I.

TABLE L. EVALUATION METRICS
Metric Purpose
SSIM Structural similarity (CT & MRI)
MSE Mean squared error
PSNR Peak signal-to-noise ratio
Entropy Information richness
MI Mutual information (CT & MRI)
STD Contrast/intensity variation
EPI Edge preservation (CT & MRI)

F. Result Aggregation and Visualization

e All fused images were saved and displayed for visual
comparison.

® Metric scores were exported into a structured CSV file.

e Graphs and heatmaps were generated to highlight
performance differences across fusion methods.
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G. Implementation and Experimental Setup

1) Symmetric Fusion (Linear/Transform-Based)

In symmetric fusion, both images are given equal
importance or processed using an unbiased fusion strategy:

a) Simple Weighted Average

Foym (i, 1) = wy X 11 (i, ) + wp X I, (i, ), 3)
where w; +w, = 1.

b) PCA-Based Fusion
L
Fom =" 1] @)

where P is the principal component matrix derived from the
covariance of input images. The variance retention threshold is
95%.

c) Transform-Domain  Fusion Wavelet  or
Laplacian)

The Daubechies 4 (db4) wavelet function was used:

(e.g.,

1. Apply the following transform:

T, =T(,), T2 =T(,) 4)
2. Apply the fusion rule on the coefficients as:

Tr = 0(Ty, Tz) (6)
3. Reconstruct using:

Fsym = R(Tr) (M

2) Asymmetric Fusion (Saliency or Guided Fusion)

a) Saliency-Based Fusion

Let S;, S, be the saliency maps computed using Laplacian
energy or edge strength:

Co (1 if S0 ) > S,(0))
Mask(i,j) = {0 ' Otheﬁwise ®)
Fasym (i, ) = Mask (i, ). 1, (i,j) +
(1 - Mask(i,))) -1, i, j) ©)

b) Guided Fusion

Let G be the base (e.g., CT), and H be the image providing
enhancement. The Gaussian kernel size is 5x5 with o = 1.0.

Fasym(iﬂj) =G0, )+ A.[H(i,)) - H(L'])] (10)

where H; is the smoothed/enhanced detail from MRI (e.g.,
Gaussian blur), H is the local mean or low-frequency
component, and A is a tuning parameter to enhance strength.

3) DenseFuse (Deep Learning Model)

This model uses a shared encoder to extract deep features
from both inputs, fuses them, and decodes the fused feature
map. The original DenseFuse pretrained weights (infrared-
visible fusion) were used without retraining.

a) Feature Extraction
D, =E(,), D,=E() (11)

b) Fusion of Deep Features (Element-Wise Average or

Max)
D1+ D,

Dy = Y(Dy, Dy) = 2 (12)
c) Reconstruction
Fopn = D(Dy) (13)

where E(.) is the encoder CNN, D(.) is the decoder CNN, and
F_,.,, 1s the fused image output

d) Final Output
The final fused image can be any of

Fsyn
F= Fasym
FCTlTl
or a hybrid model:
F=a Fym+ B Fasym +7 - Founs (14)

with @ +  +y = 1. This hybrid fusion allows leveraging the
strengths of all approaches.

III. RESULTS AND DISCUSSION

This section evaluates the proposed image fusion
framework by comparing seven different fusion methods:
Average, PCA, Saliency, Guided, Laplacian Pyramid, DWT,
and DenseFuse. There are two types of these methods:
symmetric (Average, PCA) and asymmetric (Saliency, Guided,
Laplacian, DWT, DenseFuse). A 5-fold cross-validation was
applied, splitting the dataset into training (80%) and testing
(20%) sets, repeated over 5 random seeds. Paired t-tests and
ANOVA were used to assess the statistical significance
between fusion methods for SSIM and PSNR (p < 0.05).

A. Quantitative Evaluation

The following metrics were used to evaluate performance:
SSIM (Structural Similarity Index), Entropy (information
richness), MSE (Mean Squared Error), PSNR (Peak Signal-to-
Noise Ratio), Mutual Information (information shared between
CT and MRI), STD (standard deviation of pixel intensities),
and EPI (Edge Preservation Index).

Figure 2 and Table II show the results of the simulations in
a short form. PCA and guided fusion methods performed better
than the others in SSIM and PSNR, which means they kept the
structure and visual quality high. Each metric is reported with
mean * standard deviation over 5 folds. Figure 2 plots
Confidence Intervals of 95% (Clyse,) in the performance
graphs. For each performance metric, such as SSIM, PSNR,
MSE, MI, Entropy, STD, and EPI, the mean value is shown at
the top of each bar, with variability captured through the error
bars. The confidence intervals and standard deviations were
computed as:

Clysy, = ¥ + 1.96. (15)

sD
Vn
B. Visual Analysis

Figure 3 illustrates fused outputs from Patient ID #17, with
anatomical region of mid-sagittal brain slice.
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TABLE II. EVALUATION RESULTS
Fusion Method | SSIM (CT) SSIM (MRI) Entropy MSE PSNR MI (CT) MI (MRI) STD EPI (CT) EPI (MRI)
Average 0.9311 0.9123 1.4796 177.47 25.64 0.4583 0.7030 22.71 0.9469 0.8986
PCA 0.9766 0.8735 1.3946 19.83 35.16 0.5037 0.6014 33.94 0.9884 0.8692
Saliency 0.9061 0.8820 1.6116 286.44 23.56 0.5441 0.8212 28.46 0.9341 0.8637
Guided 0.9720 0.8766 14711 63.94 30.07 0.4976 0.6110 26.45 0.9815 0.8687
Laplacian 0.7712 0.7477 3.3819 301.73 23.33 0.4282 0.5286 27.27 0.8831 0.8608
DWT 0.9360 0.8987 1.5099 192.59 25.28 0.4296 0.6060 23.21 0.9467 0.8963
DenseFuse 0.0148 0.0249 0.3338 14896.6 6.40 0.0688 0.0569 0.23 0.8573 0.8962
SSIM (CT) SSIM (MR1) Entropy MSE
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1.00F o9 o 09 O - oy 1.00 L onr ops o 093 RIH 1915253
miw S0 S0 o s Ly Pog o | [ el Lsh 1 . ’ RV . 20000
v 075 £ 0075 R > B o 15000
o o o 1.0 <
& 0.50 3050 ] on 10000
0.25 0.25 05 5000
0.00 002 0.00 0:’) 0.0 0 17747 1983 20644 ()94 0173 19259
8 \,4‘ > A p‘“ & & y 03 = ‘,,‘ & A & & p s > \'c & A & & & @J \.e r p A & & & y 03
AR AV v A A I A AV ATy TS
PSNR Mutual Info (CT) Mutual Info (MRI) STD
%0 3530 4 oio 050 08 0ro o 33,94
] .07 or R op op o M Dr o oft S 30 e rar
o X net £ oy B 004 b mim o 08 op 5™ i B e war
o T 1 r ] o o o T 1 | ]
&2 3 . & 0.4 S
0.2 T r or:
10 640 0.2 10
0 0.0 0.0 -
o ¥ A & & e & & & A & R & & & & @ & & & & ¥ A @ ) & &
AR AV & PR AV ¥ P A A AV A
EPI(CT) EPI (MR1)
1.0
1.00F ©9 o9y 0¥ 0% 090 8 7 87 ope O3 6
Hd o8 oss ui‘“~ 0.8 4 o ol L i 4 °f
» 0.75
S 5 0.6
@ 0.50 ’
0.25 0.2
0.00 0.0
& ¥ A L & & & A S F & &
ATy T VAR A AV A
Fig. 2. Performance metrics - A comparison of different ways to combine images. The mean value from five cross-validation runs is shown by each bar, and

the error bars show 1 SD. The numbers above the bars show the average performance scores.

PCA Guided

Average Saliency

Laplacian

DenseFuse

Fig. 3. Fused outputs for Patient #17.
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The comparative results in Table III indicate that symmetric

methods such as PCA and Average Fusion are computationally
efficient and yield satisfactory outcomes. In particular, PCA
excelled in SSIM, PSNR, and STD metrics.

TABLE IIL OVERALL COMPARISON
Fusion SSIM
method quality Entropy | PSNR | STD Comments
. . . . Excellent structure
PCA High Medium | High High and contrast
Guided Very | NMedium | High | Good | Balanced fusion with
High low noise
Average Good Low OK Low SFable but‘less
informative
DWT Good | Medium | OK OK Consistent and stable
Saliency | Medium | High Poor High High detail but noisy
Laplacian Poor Highest | Worst OK Over-enhflnced and
noisy
DenseFuse Very Very Worst | Broken D?EP model fal} ure
Poor Low (misuse or untrained)

IV. CONCLUSION

This study conducted a thorough comparative analysis of

medical image fusion techniques, assessing both symmetric
methods (e.g., PCA, DWT) and asymmetric methods (e.g.,
Guided Filtering, DenseFuse) to improve diagnostic imaging
through the integration of features from CT and MRI. The
metrics used to evaluate were SSIM, PSNR, and Mutual
Information. The results showed that PCA fusion worked best
among symmetric methods, with high SSIM and PSNR

shi

owing that the structure was well preserved. Guided filtering

worked well to keep the contrast and edges balanced. However,
DenseFuse did not perform as well, which means that deep
learning methods need to be trained and tuned for specific
domains. The findings show that symmetric techniques are
good at keeping things balanced and efficient, but asymmetric
techniques are better at keeping modality-specific features.
Future plans involve retraining DenseFuse with data from

Sp!

ecific domains, combining attention and transformer models,

adding PET and SPECT for multimodal fusion, and making it
work in real time for clinical assessment.
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