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Highlights

(. Significant Advantages of Multimodal Fusion: Multimodal medical image fusion enhances diagnostic accuracy\

and medical value by integrating multi-source data such as CT, MRI, and PET images, outperforming single-
modality technologies.

¢ Benefits of Deep Learning: Deep learning technologies significantly advance multimodal medical image fusion,
enabling more efficient and accurate fusion results.

¢ Perioperative clinical significance: Multimodal image fusion can provide important support for perioperative pre-
operative planning, intraoperative guidance, and postoperative evaluation, thereby improving surgical accuracy
and patient safety.

¢ Future Research Directions: Future research should focus on improving model interpretability, enhancing modal-

\_ ity alignment, and achieving breakthroughs in practicality, applicability, and efficiency. )

Abstract

Multimodal medical image fusion technology optimizes image content by integrating images from diverse mo-
dalities, such as Computed Tomography (CT), Positron Emission Tomography (PET), Magnetic Resonance Imag-
ing (MRI), and Single Photon Emission Computed Tomography (SPECT), while retaining critical information. With
the rapid advancements in medical imaging technology, single-modal approaches have limitations in capturing
comprehensive anatomical or functional characteristics. As a result, researchers are increasingly turning to mul-
timodal fusion methods to enhance diagnostic accuracy and provide richer data for classification, detection,
and segmentation tasks. In particular, during the perioperative period, multimodal image fusion plays a crucial
role in surgical planning, intraoperative navigation, and postoperative evaluation, enabling precise localization of
lesions and improving clinical decision-making. This paper presents a survey of the latest literature on medical
image fusion, covering three major approaches: traditional methods, model-based methods, and learning-based
methods. It discusses the advantages and limitations of each approach, with a particular emphasis on traditional
image processing techniques, model-based fusion methods, and the integration of emerging deep learning (DL)
technologies. Comparative experimental analysis highlights performance differences among these methods in
terms of information retention, computational efficiency, and clinical applicability. Finally, the paper reviews per-
formance evaluation metrics for multimodal fusion and provides recommendations for future research to further
promote the widespread adoption of this technology in clinical diagnostics and intelligent healthcare.
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Introduction

Medical imaging plays a crucial role in diagnosis
and clinical treatment. One of the greatest chal-
lenges in medicine is achieving accurate dis-
ease identification and effective treatment [1].
The exploration of medical imaging began in
1895 with the discovery of X-rays by German
physicist Wilhelm Conrad Roentgen. This
groundbreaking discovery not only revolution-
ized the scientific community but also provided
a new tool for medical diagnosis. X-ray imaging
enables non-invasive observation of the inter-
nal structure of the human body, quickly
becoming an indispensable part of medical
diagnostics.

With the continuous advancement of science
and technology, more imaging techniques
have emerged, such as MRI, CT, ultrasound
(US), and PET. These technologies have greatly
enhanced clinical diagnosis, disease monitor-
ing, and surgical planning, improving both the
level of medical care and the quality of life for
patients. However, despite their effectiveness,
single-modality imaging technologies—such as
X-rays, MRI, or ultrasound—each have limita-
tions [2]. For example, X-ray imaging is excel-
lent for visualizing bone structures but less
effective for soft tissues. MRI excels in soft tis-
sue imaging but has long scan times and is
sensitive to metal implants. CT is ideal for
imaging bones and high-density tissues, while
PET provides valuable functional and meta-
bolic data. Moreover, single-modality imaging
often cannot provide both rich anatomical
and functional information simultaneously,
which hinders early disease diagnosis and
treatment.

As a solution to these limitations, multimodal
medical image fusion (MMIF) technology has
emerged. Image fusion was first proposed in
1985 and has since rapidly advanced, particu-
larly in fields such as infrared and visible light
image fusion, material analysis, remote sens-
ing, multi-focus images, and medical image
fusion [3].

In recent decades, medical image fusion tech-
nology has significantly advanced medical
imaging. It can be broadly classified into sin-
gle-modality fusion and multimodal fusion.
Single-modality fusion typically provides less
information, which is why most research focus-
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es on multimodal image fusion [4]. MMIF com-
bines images from multiple modalities, inte-
grating their strengths [5]. This technology
offers not only more comprehensive and accu-
rate diagnostic information but also enhances
treatment decisions and improves outcomes.
Furthermore, it holds great potential for early
disease detection, treatment evaluation, and
prognosis monitoring, making it an indispens-
able tool in modern medicine. The core princi-
ple is to integrate information from various
imaging modalities, overcoming the limitations
of single-modality imaging by leveraging the
strengths of each. Different imaging modalities
provide complementary anatomical and func-
tional data [6]. By effectively fusing these dif-
ferent image modalities, doctors can obtain
more precise and comprehensive information,
enhancing diagnostic accuracy and increasing
the likelihood of early detection.

With the advancement of computer vision,
artificial intelligence, and deep learning tech-
nologies, multimodal fusion methods based on
image processing and machine learning (ML)
have matured. These methods have become
especially valuable in neuroimaging, oncology,
and cardiovascular diseases, improving diag-
nostic efficiency and treatment outcomes [3, 7,
8]. For example, in brain tumor diagnosis, MRI
delineates the tumor boundary and brain tissue
structure, while PET reveals areas of metabolic
activity. The fusion of these images allows for
precise determination of the tumor’s location,
size, and activity, guiding surgical resection and
radiotherapy planning [9]. In cancer treatment,
PET/CT fusion plays a critical role in accurate
positioning, staging, diagnosis, and radiothera-
py planning by combining anatomical and
functional metabolic information, significantly
enhancing diagnostic accuracy and optimizing
treatment strategies [10]. Furthermore, this
technology provides crucial perioperative sup-
port: it enables comprehensive preoperative
assessment by displaying lesion and anatomi-
cal information; it enables intraoperative navi-
gation through real-time data integration; and it
assists postoperative assessment by accurate-
ly monitoring residual lesions and tissue recov-
ery. The integration of multimodal information
facilitates preoperative planning and prognostic
assessment by providing more detailed and
accurate pathological data, thereby improving
the level of diagnosis and treatment and
prognosis.
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Table 1. Comparison of several common imaging methods

!I'nejc?hg:;%ogy Imaging Principle Main Advantages Main Disadvantages Applications
MRI Strong magnetic  High soft tissue contras  Long scan time, high cost, Neurology,
field + RF signals  no ionizing radiation, metal implants restricted musculoskeletal, soft
multi-parametric tissues

CT X-ray tomography Fast scanning, high
spatial resolution,

suitable for emergencies

PET Radioactive tracer Provides functional &
metabolic imaging metabolic info, often
combined with CT

us High-frequency No radiation, real-time
sound wave imaging, low cost,
reflection portable

SPECT Radioactive tracer Shows blood flow &

functional imaging metabolism, can
combine with CT
Ultra-high resolution,
non-invasive

OCT Low-coherence
optical imaging

Low resolution, operator-
dependent, poor penetration abdominal
through bone/gas
Long imaging time, low
resolution, requires
radioactive material
Limited imaging depth, high  Ophthalmology
cost, motion-sensitive

lonizing radiation, lower soft Chest, abdomen,
tissue contrast

bones, emergencies

High radiation dose, Oncology,
low resolution, high cost cardiovascular,
neurology

Fetal, cardiac,

examinations

Cardiology, brain
disorders

(retina), cardiovascular

However, MMIF also faces several challenges,
including dealing with modality differences,
improving computational efficiency of fusion
algorithms, and enabling real-time clinical appli-
cations. This paper aims to comprehensively
review existing MMIF technologies, focusing
on traditional methods, model-based methods,
and learning-based methods. Through a sys-
tematic analysis of the advantages and disad-
vantages of these methods and a review of
commonly used performance evaluation met-
rics, this paper explores their prospects and
challenges in clinical applications. The ultimate
goal is to offer valuable references for research-
ers to further promote the development of mul-
timodal fusion technology, improving diagnostic
accuracy and clinical outcomes.

Imaging technology

Each imaging modality in medical diagnosis has
its own unique characteristics and provides
specific types of information. Different medical
imaging modalities utilize various bands of the
electromagnetic spectrum to diagnose differ-
ent medical conditions in the human body [7].

Below are some common medical imaging
modalities, briefly summarized in Table 1
[11-16].

Magnetic resonance imaging (MRI)

MRI utilizes strong magnetic fields and radio-
frequency signals to produce high-resolution
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images, making it ideal for soft tissue imaging,
such as the brain, spinal cord, and muscles. It
offers excellent soft tissue contrast, no ionizing
radiation, and multi-directional imaging capa-
bilities, making it suitable for detailed observa-
tion of lesions. However, MRI has several disad-
vantages, including long scan times, high costs,
and limitations for patients with metal implants.

Computed tomography (CT)

CT uses X-rays to scan the body and quickly
generate 3D cross-sectional images. It is par-
ticularly useful for imaging the chest, abdomen,
and bones and plays a crucial role in emergency
diagnoses. CT offers fast imaging and high spa-
tial resolution, especially for bone and lung
imaging, providing precise views of internal
structures and lesions. However, it uses ioniz-
ing radiation, which can harm the body with fre-
quent exposure, and it has lower soft tissue
contrast.

Positron emission tomography (PET)

PET uses radioactive tracers to observe meta-
bolic activity within the body and is often com-
bined with CT (PET-CT) to provide both anatomi-
cal and functional information. PET is valuable
for studying tumors, cardiovascular diseases,
and neurological conditions, offering detailed
insights into metabolism and function. However,
it involves radiation exposure, has lower spatial
resolution, and is expensive.
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Ultrasound imaging

Ultrasound imaging uses high-frequency sound
waves to generate real-time images, commonly
used for examining fetuses, the heart, and
abdominal organs. It is non-invasive, portable,
cost-effective, and provides rapid imaging.
However, the quality of ultrasound imaging
depends on the operator’s skill, and its resolu-
tion is lower than that of other imaging modali-
ties. Additionally, ultrasound cannot penetrate
gas or bone well, limiting its effectiveness in
imaging deep tissues.

Single photon emission computed tomogra-
phy (SPECT)

SPECT uses radioactive tracers to visualize
blood flow or metabolic activity and is often
employed in diagnosing heart disease and brain
disorders. It provides functional and metabolic
information and is usually combined with CT
(SPECT-CT) for integrated imaging. However,
SPECT has longer imaging times, lower resolu-
tion, and involves radioactive materials, which
pose a risk of radiation exposure.

Optical coherence tomography (OCT)

OCT uses light waves to provide high-resolution
imaging, primarily in ophthalmology and increas-
ingly in cardiovascular fields. It offers excellent
resolution for non-invasive tissue observation,
especially in eye exams. However, its imaging
depth is limited to superficial tissues, and it is
relatively expensive. Additionally, motion can
interfere with imaging quality.

Multimodal imaging in clinical scenarios

Various imaging modalities have their unique
advantages and limitations, making them suit-
able for different medical scenarios. For exam-
ple, brain tumor diagnosis is a key area for
imaging technologies. A meta-analysis on the
diagnostic value of PET/CT for brain tumors
showed that PET, using high-efficiency tracers,
provides valuable diagnostic information. The
combination of PET/CT improves diagnostic
accuracy and better delineates brain tumor
boundaries, while MRI provides clear anatomi-
cal structure. Thus, PET/CT and MRI are often
combined in brain tumor diagnostics to obtain
more precise information [17]. At the same
time, OCT plays an important role in early can-
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cer detection [18]. While OCT has limitations in
scanning deep tissue sites, its high resolution,
superior to other technologies, makes it ideal
for cancer screening. It is also used to guide
biopsies, provide real-time feedback during
surgeries, and monitor tumor responses to
treatment.

As mentioned, single-modality imaging technol-
ogies have inherent limitations in providing
comprehensive spatial, temporal, and function-
al information, making it difficult to fully capture
tissue structure, function, and metabolic activi-
ty. Multimodal imaging technology addresses
these limitations by fusing data from different
modalities. In multimodal image fusion, combin-
ing the strengths of these imaging technolo-
gies provides more comprehensive and detailed
diagnostic information. With continuous tech-
nological advancements, multimodal fusion can
effectively enhance diagnostic accuracy and
improve disease treatment outcomes.

In this section, we discuss some commonly
used multimodal medical databases, including
MIMIC-1V, Open-i, TCGA, the Cancer Imaging
Archive, Open Access Series of Imaging Studies
(OASIS), PhysioNet, and recent large-scale
databases, such as MedTrinity-25M and CLIMB
(Clinical Large-scale Integrative Multimodal
Benchmark). These databases cover various
data modalities—electronic health records
(EHR), medical images, physiological signals
(electrocardiogram, electroencephalogram),
genomic data, pathological sections, radiology
reports, and clinical records—providing research-
ers with rich multimodal information. They play
an important role in clinical research, disease
prediction, imaging genomics, and the develop-
ment of Al-based diagnostic tools.

MIMIC-IV  (https://physionet.org/content/mim-
iciv) primarily includes patient hospitalization
data, diagnoses, EHR, vital signs, lab test
results, and medical images, making it a cru-
cial resource for clinical prediction and deci-
sion support systems [19]. Open-i (https://
openi.nim.nih.gov) is a platform for medical
imaging and text integration, offering X-rays,
CT, MRI images, and radiology reports, making
it valuable for image-text joint learning [20].

TCGA (https://portal.gdc.cancer.gov) contains

CT, MRI images, and genomic data for cancer
patients, widely used in imaging genomics
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Citation Counts

* MIMIC-IV = Open-i =TCGA =TCIA =OASIS =PhysioNet

Figure 1. Citations of six databases in PubMed in the
past five years.

research [21]. The Cancer Imaging Archive,
(https://www.cancerimagingarchive.net) focus-
es on cancer-related medical imaging, providing
high-quality pathology slides, CT, and MRI data
to support tumor imaging analysis and radia-
tion oncology research [22]. OASIS (https://
www.oasis-brains.org) is dedicated to neuroim-
aging, containing MRI images and cognitive
data from individuals with Alzheimer’s disease
and normal aging, offering significant value for
brain structure research and cognitive disorder
prediction [23]. PhysioNet Database (https://
physionet.org) includes various physiological
signals such as electrocardiogram, electroen-
cephalogram, and cardiac ultrasound, com-
bined with patient medical records, supporting
cardiovascular disease research and the devel-
opment of intelligent diagnostic systems [24].

MedTrinity-25M (https://huggingface.co/datas-
ets/UCSC-VLAA/MedTrinity-25M) provides 25
million images across 10 imaging modalities
(CT, MRI, ultrasound, gastroscopy, etc.), with
fine-grained annotations for 65 types of
lesions, ideal for cross-modal classification,
segmentation, and report generation tasks
[25].

CLIMB (https://github.com/DDVD233/climb)
Integrates 2D images, 3D sequences, monitor-
ing time series, physiological signals, EHR text,
and brain network diagrams from 4.51 million
patients (19TB of data), covering 96 clinical
conditions and 13 fields, with a multi-task eval-
uation pipeline [26].

The establishment and sharing of these data-
bases, along with advancements in Al and big
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data technologies, have significantly promoted
the cross-modal integration of medical data.
This has supported Al innovation in the medi-
cal field and fostered research in medical image
analysis, intelligent diagnosis, and personalized
treatment, etc. Figure 1 shows the approximate
citation counts of the first six databases men-
tioned above in PubMed, restricted to the past
five years. This was achieved by searching for
the keyword, such as “MIMIC-IV” in the PubMed
database, within a five-year period. Figure 2
shows several brain images from the OASIS
database [27].

MMIF procedure

Multimodal medical image fusion usually
involves several key steps. First, medical imag-
es from different modality sources undergo pre-
processing, including denoising and normaliza-
tion, to enhance the effect of subsequent pro-
cessing. Next, image registration is conducted.
The source image is aligned with the reference
image, and this process is completed based on
matched features to provide support for the
subsequent fusion step [28]. Then, features are
extracted from the image to capture the struc-
tural, textural, and functional features in images
of different modalities. Finally, fusion rules are
employed to highlight key information and fea-
tures from sub-images, which support later
stages of image reconstruction. Image fusion
technique is applied by overlapping two input
source images to produce a resultant image
with excessive and complementary information
[29]. Performance metrics are necessary to
evaluate and validate the effectiveness of the
selected fusion algorithm [30]. The overall
MMIF procedure is shown in Figure 3 [31].

Two prerequisites need attention in the image
fusion step. First, all reasonably required medi-
cal information present in the input image must
appear in the fused image. Second, the fused
image should not contain information that is
not present in the original input image. Fusion
methods are applicable across multi-sensor
images from diverse modalities, multi-focus
images from the same modality, and are widely
employed in multimodal medical images.

MMIF techniques

In MMIF, methods are generally divided into
three categories: traditional methods, model-
based methods, and learning-based meth-
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(B)

(E)

(©)

(F)

Figure 2. MRI images from OASIS dataset: (A) non-demented aging disease, (B) high-grade mild dementia, (C)
mild dementia disease, (D) less extreme dementia disease, (E) Alzheimer’s Disease, and (F) healthy control [26].

Feature
Extraction

Input 2

Figure 3. Overall multimodal medical fusion procedure.

ods. Below is a brief introduction to these
approaches.

Traditional methods

Traditional methods primarily rely on classic
image processing and analysis techniques,
often using simple mathematical operations
and transformations. Pixel-level fusion is the
basic category within these methods, includ-
ing techniques such as IHS (Intensity-Hue-
Saturation) transformation, principal compo-
nent analysis (PCA), and multi-resolution analy-
sis techniques like Laplace pyramid, wavelet
transform, and Contourlet transform [32]. Among
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Preprocessing
Registration

Fusion %
lit
Techniq Qualiy
ues: evaluation:
HIS.
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learning
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etc.

these, IHS transformation, wavelet transform,
and Laplacian pyramid fusion methods are par-
ticularly valuable in practice.

Pixel-level fusion methods combine images at
the individual pixel level to make fusion deci-
sions [33, 34]. Since this is applied directly to
the initial images, the resulting images exhibit
less spatial distortion and a lower signal-to-
noise ratio (SNR). In the frequency domain
method, images are first converted into the fre-
quency domain using Fourier transform. The
fusion process is then performed on the fre-
quency components, followed by an inverse
transformation to obtain the final fused image.
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Figure 4. Transformation formula: (A) RGB to IHS (B) corresponding inverse transformation.

The IHS method has garnered significant atten-
tion among traditional methods of MMIF due to
its ability to control image details, simplicity in
computation, suitability for real-time applica-
tions, and status as a classic technique in
image fusion [35]. Below is a brief overview of
this method.

IHS transformation is a color space conver-
sion method primarily used to convert the RGB
(Red-Green-Blue) color space into the IHS
(Intensity-Hue-Saturation) color space. The core
idea is to separate the image’s color informa-
tion (hue H, saturation S) from the brightness
information (intensity 1), allowing for indepen-
dent processing of each component during
image processing, ultimately enhancing the
visual effect and information fidelity after
fusion.

| represents the brightness or grayscale value
of the image (the overall brightness of the
color). H represents the type of color, such as
red, green, or blue. S represents the purity of
the color (the depth of the color). The mathe-
matical equations for IHS transformation are
as follows:

- R*G+B

3 1)
H= arctan<M> 2
2R-G-B
min (R, G, B)
S=1-——"—"— 3)

l

Inverse transformation (from IHS back to RGB):

R = | + Scos (H) 4)
G =1+ Scos(H-120") (5)
B =1+ Scos(H + 120°) (6)
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Figure 4 further shows the RGB-IHS transfor-
mation and its inverse transformation process
in matrix form.

For instance, Sajid Ullah Khan et al. proposed a
novel structural and spectral feature enhance-
ment method in the NSST (Non-Subsampled
Shearlet Transform) domain for MMIF [36]. In
this domain, the image is decomposed into
sub-bands of multiple scales and directions,
enabling image processing operations at differ-
ent scales and directions, such as image fusion,
denoising, and feature extraction. First, two
pairs of images are generated using the IHS
method. The input image is then decomposed
using the NSST to obtain low-frequency and
high-frequency subbands. The proposed struc-
tural information (SI) fusion strategy is applied
to the low-frequency subband (LFS), enhancing
structural information such as texture and
background. Next, PCA is used as the fusion
rule for the high-frequency subband (HFS) to
extract pixel-level information. Finally, the fused
image is obtained through inverse NSST and
IHS.

In medical imaging, PET displays metabolic
changes in pseudo-color, while MRI provides
anatomical structures in grayscale. The fusion
of PET and MRI brain images creates a compos-
ite image that integrates anatomical structures
with metabolic changes, helping doctors effec-
tively diagnose potential diseases. Chen et al.
proposed a new fusion method based on IHS
and log-Gabor wavelet transform [37]. First, the
intensity components of MR and PET images
are decomposed using the log-Gabor wavelet
transform at an appropriate decomposition
scale. Then, a “maximum selection” fusion rule
is applied to high-frequency subbands, while a
two-stage fusion rule based on a weighted
average scheme and visibility measure is used
for low-frequency subbands. Finally, an inverse
log-Gabor wavelet transform is applied to the
fused high- and low-frequency subbands to
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obtain new intensity components, along with
the original hue and saturation components
of the PET image, which are then transformed
into a fused color image. This method effec-
tively presents both anatomical structures and
color changes, while significantly reducing color
distortion.

Additionally, Mozhdeh Haddadpour et al. pro-
posed another PET/MRI fusion technology
based on the two-dimensional Hilbert trans-
form (2-D HT) and the IHS method [38]. This
approach aims to fuse the anatomical details
of MRI images with high spatial resolution and
the metabolic characteristics of PET images to
facilitate more accurate and convenient clinical
diagnosis and treatment. Both methods seek to
maximize the preservation and enhancement of
the spatial and spectral (functional) information
from the input images, ultimately providing reli-
able support for clinical applications.

The IHS method, however, has several limita-
tions: (i) Spectral Distortion: It may lose spec-
tral information, especially in high-dimensional
multispectral images. (ii) Non-linear Instability:
It lacks stability for images with strong non-
linear characteristics. (iii) Color Distortion:
Large color discrepancies between input imag-
es can cause color shifts after IHS fusion. To
address these issues, researchers often inte-
grate IHS with wavelet transforms, PCA, deep
learning, and other techniques to improve
fusion performance.

Model-based methods

Model-based methods use mathematical and
statistical models to capture the characteris-
tics of images, leading to more accurate
fusion. Sparse representation fusion methods
are widely used within this category. These
methods assume that images can be repre-
sented by a small number of non-zero coeffi-
cients under a redundant dictionary. During the
fusion process, a common dictionary is first
learned, followed by sparse encoding of the
source image. The sparse coefficients are then
fused, and the fused image is reconstructed
using the dictionary.

For example, PET and MRI images fused using

the nonparametric Bayesian-based sparse rep-
resentation (SR-NPB) technique outperformed
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three other sparse representation techniques—
Traditional Sparse Representation (SR), Adaptive
Sparse Representation (ASR), and Joint Sparse
Representation (JSR)—in both visual and quan-
titative comparisons [39]. The new approach
was also faster in execution, with experiments
using 20 sets of PET and MRI scans. Bhardwaj
et al. applied a fractional-order BSA (Bird Swarm
Algorithm)-based Bayesian fusion strategy using
the BRATS brain MRI dataset [40]. This method
simplifies the fusion process by using wavelets
generated from the original images using the
HWT (Haar Wavelet Transform).

In Nayak’s study, a bird swarm optimization
(BSO) technique was used to develop a novel
Bayesian fusion algorithm on the BRATS datas-
et [41]. The BSO, inspired by the flocking behav-
ior of birds, optimizes the fusion process by
simulating the cooperation and information
sharing of birds during foraging and migration.
This new medical image fusion scheme, BSO,
demonstrated superior performance. Discrete
wavelet transform was applied to images of dif-
ferent modalities, extracting decomposition
coefficients from the four frequency bands: LL
(low-low, capturing overall structure), LH (low-
high, representing horizontal details), HL (high-
low, representing vertical details), and HH
(high-high, capturing diagonal details). Bayesian
fusion theory, optimized by the BSO algorithm,
effectively fused the feature information of dif-
ferent modalities, enhancing image directional
sensitivity and reducing redundant coefficients.
This method significantly improved the informa-
tion richness and diagnostic value of the fused
image.

In the study of multimodal medical image
fusion, various algorithms and methods are
constantly being proposed to improve fusion
quality. For example, in the study by Das and
Bhattacharya, researchers found that multi-
resolution wavelet decomposition provides
more image information than single-resolution
methods, particularly in image fusion and
denoising [42]. Meanwhile, Li et al. proposed a
medical image fusion approach based on joint
low-rank and sparse decomposition with dic-
tionary learning for image denoising and
enhancement [43]. This method’s dictionary
learning model includes low-rank and sparse
regularization terms, constructing the fused
image by combining the low-rank and sparse
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Table 2. Compatrison of learning methods in multimodal medical image fusion

Method Category

Representative Models Key Advantages

Typical Applications

Traditional ML
Methods

CNN-based Methods U-Net, FusionNet

SVM, RF, KNN, PCA

GAN-based Methods FusionGAN, CycleGAN

Autoencoder-based Fusion AE, VAE

Methods

Hybrid Deep Models  Wavelet-CNN,
SwinFusion

Emerging Methods  Transformer-based

Interpretable, easy to implement, Early-stage studies, simple
effective for small datasets
Preserves spatial and texture
features, supports hierarchical
learning

High-quality outputs, handles
nonlinear relationships

Good for unsupervised learning, Fusion tasks with limited or
extracts latent representations
Multi-scale extraction, blends
transform and deep features
Strong global context modeling,  Large-scale fusion, complex
adaptable across modalities

or low-noise image fusion

Fusion of structurally aligned
images (e.g., CT+MRI)

High-detail, cross-modality
image fusion (e.g., PET+MRI)

no annotations
Structural reconstruction,

diagnosis-oriented fusion

multimodal integration

Support vector machines (SVM), random forests (RF), K-nearest neighbors (KNN) and principal component

analysis (PCA). Variational Autoencoder (VAE).

components of the source image, thereby
improving image quality.

Learning-based methods

Learning-based MMIF methods use machine
learning and deep learning techniques to learn
features and patterns from large datasets for
efficient image fusion. These methods can
automatically extract complex features, offer
strong generalization performance, and adapt
flexibly to the fusion needs of different types
of images. Prior to the widespread use of deep
learning, traditional machine learning methods
such as support vector machines, random for-
ests, K-nearest neighbors and PCA were com-
monly used. These methods achieved effective
information integration through statistical anal-
ysis, feature optimization, and pixel-level fusion
strategies. However, as the complexity and
dimensionality of medical imaging data grew
significantly, traditional methods began to show
limitations in feature representation and com-
putational efficiency. This has driven the
advancement of deep learning technology.

In recent years, deep learning has gained sig-
nificant traction in fields like text processing,
computer vision, and natural language pro-
cessing, making MMIF more efficient and intel-
ligent [44]. Deep learning techniques, such as
convolutional neural networks (CNNs), genera-
tive adversarial networks (GANs), and autoen-
coders, have proven particularly effective.
CNNs, such as FusionNet and U-Net, extract
local features from medical images via multi-
layer convolution operations, making them
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highly suitable for fusion tasks like CT-MRI and
PET-MRI [45-49]. GANs, such as FusionGAN
and CycleGAN, generate realistic, detailed
images through adversarial training, effective-
ly addressing complex, nonlinear fusion chal-
lenges. Autoencoder frameworks, like Fusion
Autoencoder and Variational Autoencoder,
excel at latent feature extraction, compres-
sion, and high-quality reconstruction, particu-
larly in unsupervised learning scenarios.
Additionally, hybrid models like Wavelet-CNN
combine traditional transform-domain tech-
niques with deep learning for improved multi-
scale feature extraction and enhanced fusion
efficiency. Their characteristics and applicabil-
ity are summarized in Table 2.

Li et al. introduced a novel deep learning archi-
tecture designed specifically for infrared and
visible image fusion [50]. Unlike traditional con-
volutional networks, their encoding network
consists of convolutional layers, fusion layers,
and dense blocks, where the output of each
layer connects to all other layers. This architec-
ture aims to extract more useful features from
source images during encoding and uses two
fusion layers (fusion strategies) to merge these
features. Finally, the decoder reconstructs the
fused image, optimizing information integration
before reconstruction and improving feature
extraction during encoding.

To further enhance the detail quality and real-
ism of the fused image, the Generative
Adversarial Network (GAN) is used to achieve
high-quality medical image fusion through
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adversarial training between the generator and
discriminator [45-48, 50-53].

Despite the impressive results achieved by cur-
rent fusion methods, there are still areas for
improvement. For example, GAN-based fusion
of infrared and visible light images is time-con-
suming and lacks ground truth, making it diffi-
cult to design a comprehensive input for the
discriminator to perform high-level tasks. Two
existing solutions to this problem involve using
visible images as references or learning a
generative model through a dual-discriminator
approach, where both infrared and visible imag-
es serve as input [54, 55]. To address these
challenges, Hou et al. proposed a semantic
segmentation-based infrared and visible light
image fusion GAN (SSGAN) [56]. This method is
a deep learning-based, end-to-end fusion net-
work that does not require manual rule design.
It uses semantic masks to separate images
into foreground (salient semantic features)
and background (fine texture details). The fore-
ground represents salient semantic objects,
while the background contains finer texture
details. Distinct generator pathways extract the
semantic features, while the discriminator com-
bines the infrared foreground and visible back-
ground to generate images that preserve both
semantic clarity and textural detail.

The instability of GANs has prompted the
exploration of Transformer architectures. The
Transformer’s attention mechanism excels at
capturing global multimodal relationships and
has demonstrated great potential in accurately
integrating cross-modal features. With its suc-
cess in natural language processing and com-
puter vision, researchers have started to explore
its application in the field of medical image
fusion.

Current fusion rules employed by convolution-
based networks for multimodal medical image
fusion are often not fine-grained enough. Deep
learning-based methods generally concatenate
source images or depth features from different
modalities and input them into neural networks,
which may lead to insufficient utilization of the
source image information and limit the compre-
hensive use of available modalities. To address
this, Zhang et al. proposed Transfusion, a trans-
former-based end-to-end medical image fusion
framework [57]. This innovative framework
incorporates the Transformer as a fusion strat-
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egy, utilizing its self-attention mechanism to
integrate the global contextual information of
multimodal features and fully fuse them.
Additionally, the designed branch networks
interact through multi-scale fusion transform-
ers, enabling better utilization of information
from different modalities.

Simultaneously, self-supervised learning (SSL)
has been developing rapidly [58-62]. SSL does
not require a large amount of manually anno-
tated data but instead leverages the structural
information within the data to train models and
enhance cross-modal alignment and feature
representation.

Fang et al. proposed a multimodal brain tumor
segmentation framework that utilizes hybrid
fusion of modality-specific features via a self-
supervised learning strategy, employing fully
convolutional networks [63]. Their multi-input
architecture, along with the novel hybrid atten-
tion fusion scheme, learns independent fea-
tures from multimodal data, adapts to varying
numbers of multimodal inputs, and captures
the correlation between them through the
attention mechanism.

Inspired by contrastive learning, Zhang et al.
developed an SSL framework based on contras-
tive autoencoding and convolutional informa-
tion exchange for multimodal medical fusion
tasks [64]. Since extracting features from
source images in pairs often causes informa-
tion redundancy, the researchers combined
Transformers and CNNs in parallel as autoen-
coders. This combination preserves both global
and local features based on prior knowledge
and uses a contribution estimation model to
assess the optimal fusion contribution of
paired source images. The Transformer-CNN
hybrid encoder and contribution estimation
model treat paired source images as positive
and negative results of reconstructed images,
improving fusion quality by mitigating infor-
mation redundancy through refined feature
exchange.

Currently, self-supervised MMIF methods pre-
train networks using large natural image datas-
ets via the original image reconstruction task,
then achieve image fusion by integrating fusion
rules into the trained network. However, they
often overlook the domain differences between
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Figure 5. Three fusion approach categories: Traditional methods provide a foundation for model methods, which
in turn provide a development foundation for learning methods. “Laplacian Pyramid”, “IHS” and “PCA” are pixel-

level fusion technologies; GAN is developed based on CNN.

the training and test data. Additionally, most
existing MMIF methods are built upon tradition-
al CNN architectures, limiting their ability to
model long-range contextual relationships in
the source modalities. To overcome this, Zhang
et al. proposed a self-supervised transformer
for MMIF [65]. Under this framework, random
image super-resolution (RSR) is used to train
the network. Both RSR and MMIF share similar
multi-resolution inputs and objectives: image
restoration and enhancement, which helps
reduce domain discrepancies between the
training and test data. Furthermore, a trans-
former-based fusion network is introduced to
capture both local and global information from
the source modalities. By leveraging RSR as a
pretext task aligned with fusion objectives, this
model reduces domain differences and effec-
tively captures both global and local modality
information.

In summary, image fusion methods can be
classified into three categories: traditional
methods, model-based methods, and learning-
based methods. Each method has distinct
characteristics and application scenarios, with
developmental relationships among them. As
shown in Figure 5, traditional image fusion
methods (e.g., Laplacian pyramid, IHS trans-
form, PCA) are primarily based on pixel-level
operations or direct transform-domain process-
ing, laying the theoretical and technical foun-
dation for model-based methods. These mod-
el-based methods continue to evolve, ulti-
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mately driving the development of learning-
based fusion technologies, with deep learn-
ing as the core. Table 3 lists some fusion
techniques.

With the continuous growth of medical imaging
data and advancements in computing power,
learning-based methods are moving toward
smarter and more efficient solutions. Future
research will likely focus on multimodal feature
alignment across different domains, improving
the interpretability of fusion methods, and lever-
aging large-scale pretrained medical imaging
models. The development of these technolo-
gies will not only enhance diagnostic efficiency
but also play a key role in areas such as tele-
medicine, disease detection, and personalized
treatment.

Image fusion quality assessment metrics

The evaluation of MMIF quality is crucial to
ensure that the fusion results meet clinical
diagnostic needs. Fusion quality assessment
methods are typically divided into two catego-
ries: subjective and objective evaluation [66].
Subjective evaluation, as the name suggests,
relies on human judgment, often performed by
clinical experts. It typically involves comparing
the fused image with the original images to
score the fusion result. The advantage of sub-
jective evaluation is that it directly reflects the
practical utility of the fused image and the
observer’s intuitive assessment. However, it
has limitations, including dependence on per-

162



Perioperative Precision Medicine 2025; 3 (4): 152-167. PPM25040461

Table 3. Comparison of several methods

Method Name Type Advantages

) m ional Im
Disadvantages Computationa age

Complexity Quality
IHS Traditional Intuitive, low computational Spectral loss, Low Medium
cost unstable for high
dimensions
PCA Traditional Dimensionality reduction, Color distortion, Medium Medium
feature extraction sensitive to noise
Wavelet Traditional Multi-resolution, image detail  High complexity, long High High
Transform preservation processing time
GAN Learning-based High quality image generation, Unstable training, High High
handles complex tasks requires large data
CNN Learning-based Automatic feature extraction, High computational High High
strong recognition cost, long training
Transformer Learning-based Integrates multimodal data, Long training, High High

self-attention mechanism
Effective feature representa-

Sparse Model-based

Representation tion, robust to noise

complex model
Needs high-quality
dictionary, complex
computation

Medium Medium

sonal experience and subjective judgment, vari-
ability between different observers, and being
time-consuming, labor-intensive, and difficult to
quantify. As a result, objective evaluation indi-
cators are commonly introduced for automated
and repeatable quality assessment. Objective
evaluation analyzes the quality of the fused
image from multiple perspectives by examining
the statistical and structural features of both
the fused and source/reference images.

Common objective evaluation indicators focus
on different aspects, including the (SSIM), peak
signal-to-noise ratio (PSNR), mutual informa-
tion (MI) and cross entropy (CE).

(1) SSIM assesses the similarity of image
structure, brightness, and contrast. Its value
range is from O to 1, with 1 indicating that the
structure of the fused image closely matches
that of the original image. The formula is as
follows:

_ (2.leay + Ci)<25xy + CQ)
SSIM(x,y) = (tiro)iroisc) 7

(2) PSNR measures the difference in pixel
intensity between the fused image and the ref-
erence image. A higher PSNR value indicates
better image quality, as it signifies a lower level
of distortion between the fused and reference
images. The formula is as follows:

MAX? >

PSNR = 10I0g1o< VISE
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(3) Ml measures the amount of information
the fused image retains from the two source
images. A larger MI value indicates that the
fused image contains more of the original infor-
mation. The formula is as follows:

_ p(x.y)
MIOY) = 2 pxlog ©)

(4) CE evaluates the similarity between the
light intensity distribution of the fused image
and the source image. A smaller cross-entropy
value indicates less information loss [67].

In general, the above objective indicators can
quantify fusion quality to some extent, but each
focuses on different aspects, making it chal-
lenging to fully capture the subjective quality
evaluation criteria of the human eye. To improve
the consistency between objective evaluation
and human perception, recent research has
proposed enhanced fusion quality assessment
methods. For instance, Wang et al. proposed a
super-pixel-level structural similarity evaluation
index system [68]. This method first performs
superpixel segmentation on the image, dividing
it into smaller areas that are perceptually uni-
form. It then extracts features from the source
and fused images within the corresponding
superpixel areas to calculate regional structur-
al similarity. This approach helps reduce errors
caused by direct pixel comparison of images
from different modalities, enabling a more
accurate assessment of how well the fused
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image retains the source image’s structural
information. Compared to traditional pixel-by-
pixel SSIM, the superpixel-based evaluation is
less sensitive to registration errors and offers
greater accuracy in fusion quality assessment.

In the future, by integrating human visual per-
ception models with artificial intelligence tech-
nologies, fusion quality evaluation methods will
more accurately and comprehensively reflect
the strengths and weaknesses of fusion results,
providing stronger support for the advancement
of MMIF technology.

Discussion

MMIF effectively integrates complementary
features from different imaging modalities,
overcoming the limitations of single-modality
imaging and enhancing diagnostic accuracy.
Initially, traditional fusion techniques dominat-
ed, focusing mainly on spatial and frequency
domain methods. However, these methods
have limitations in preserving information and
accurately representing key diagnostic features.
As a result, model-based methods gradually
became mainstream, offering greater flexibility
and robustness in processing complex image
data and integrating probabilistic information,
thereby improving diagnostic accuracy.

In recent years, deep learning methods have
driven further progress in MMIF. Architectures
based on CNNs, GANs, and Transformers have
significantly improved MMIF performance with
their powerful feature extraction and adaptive
learning capabilities. CNNs excel in capturing
multi-scale features through their hierarchical
learning structure. GANs enhance fusion quality
by synthesizing high-fidelity images, bridging
modality differences, and improving visual clar-
ity. Transformers, known for their excellent fea-
ture extraction and global context modeling,
handle long-range dependencies and enhance
modality alignment.

Despite the ongoing development of MMIF tech-
niques, challenges remain, including address-
ing cross-modality differences, optimizing algo-
rithms for efficiency, and achieving clinical
applicability. Continued research is crucial for
improving these technologies, optimizing fusion
performance, and ultimately enabling clinical
application.
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Looking ahead, MMIF technology holds broad
application potential. Possible future develop-
ment directions include:

« Improving interpretability is key to enhancing
user trust and optimizing clinical decision-mak-
ing. With growing demands for transparency in
Al products, enhancing the interpretability of
deep learning models is crucial for clinical
decision support. Future developments should
focus on explaining model decisions. For
instance, incorporating attention mechanisms
could highlight specific regions of medical imag-
es prioritized during fusion, providing visual
cues for clinicians. Additionally, feature visual-
ization techniques (e.g., Grad-CAM or saliency
maps) could be used to display internal feature
representations, clarifying how the model pro-
cesses multimodal data.

« Future research should aim to improve fusion
accuracy by addressing modality differences,
enhancing feature alignment, and reducing
information redundancy. Researchers could
design custom loss functions (e.g., mutual infor-
mation-based or redundancy-penalizing losses)
to minimize overlapping or irrelevant informa-
tion during fusion.

» The focus is on developing computationally
efficient and lightweight models for clinical
usability. However, bottlenecks such as high
computational complexity, slow inference
speed, and resource-intensive models limit
real-time clinical applications. Researchers
should consider applying model compression
techniques, such as pruning (removing redun-
dant neurons) and quantization (reducing
weight precision), to create lightweight models
without compromising accuracy. Additionally,
utilizing advanced hardware or optimizing algo-
rithms with efficient convolution operations and
approximate complex functions can help, with
custom implementations tailored to clinical
hardware limitations.

» To address data scarcity and labeling costs,
self-supervised learning and synthetic data aug-
mentation methods are increasingly employed,
enabling robust model training without large
labeled datasets. For example, self-supervised
learning can be used to pre-train a model on an
unlabeled multimodal dataset and then fine-
tune it on a smaller labeled dataset.
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» Research should focus on developing gen-
eral models that can adapt to various medical
imaging modalities and clinical scenarios. This
includes applying transfer learning to adapt
pre-trained models to new modalities and
developing multi-task learning frameworks to
enhance the adaptability and versatility of MMIF
models.

Overall, continuous innovation and interdisci-
plinary collaboration are crucial to advancing
multimodal medical image fusion technology.
Combining medical image fusion technology
with genomics, physiological signal monitoring
and big data analysis will further promote the
implementation of personalized diagnosis and
treatment strategies, achieve early diagnosis
and precise treatment of diseases, and signifi-
cantly improve the accuracy of clinical diagnosis
and the efficiency of medical decision-making.

Conclusion

The rapid advancement of multimodal image
fusion technology has greatly benefited the
medical field and human well-being. This
paper summarizes the evolution of MMIF tech-
nology, beginning with an introduction to main-
stream imaging technologies, followed by an
analysis of the advantages and limitations of
single-modality technologies. It then introduc-
es multimodal image fusion technology, fol-
lowed by an overview of three MMIF methods:
traditional methods, model-based methods,
and learning-based methods, with a particular
focus on the application of deep learning in
recent years. Finally, performance evaluation
indicators for multimodal fusion are analyzed,
and suggestions for future research direc-
tions are provided.
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