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A B S T R A C T

Introduction: Multimodal medical image fusion technology generates new images containing more accurate 
disease information by fusing different modal images. It not only improves the accuracy and efficiency of di
agnosis but also provides strong support for the formulation of treatment plans. Meanwhile, it also shows great 
potential value in disease monitoring, personalized medicine, and clinical research. Although different multi
modal medical image fusion methods have been presented, most of them are hindered by information loss, 
blurred edges, and low fusion efficiency.
Methods: To solve these problems, this paper proposes a multiscale residual dense fusion network (MRDFN) for 
multimodal medical image fusion. MRDFN integrates the strengths of both the multiscale residual network and 
dense network to achieve feature extraction and fusion.
Results: Experiments show that the fusion images of the proposed method are superior to the reference methods 
in terms of edge intensity, detail definition, and objective metrics. The comparative analysis of these fusion 
metrics proves that the fusion image quality of MRDFN is better than that of the reference methods. The sug
gested method achieves higher values in average gradient, standard deviation, spatial frequency, and visual 
information fidelity for fusion, with average gradient reaching 2.0 times the average of the comparison algo
rithms, standard deviation 1.2 times, spatial frequency 2.3 times, and visual information fidelity for fusion 1.3 
times.
Conclusions: The findings in this study demonstrate that MRDFN outperforms other approaches discussed in the 
analysis, particularly in objective metrics and detailed information, and the average fusion time of MRDFN is 
lower than that of most reference methods, demonstrating effective multimodal medical image fusion.

1. Introduction

Accurate diagnosis and effective treatment of diseases, cancers in 
particular, are crucial for protecting human health. With the rapid 
advancement of medical imaging technology, various advanced ima
ging modalities, such as computed tomography (CT), magnetic re
sonance imaging (MRI), positron emission tomography (PET), and 
single-photon emission CT (SPECT), are widely used in clinical practice. 
However, each imaging technology has its unique advantages and 
limitations. For example, CT provides optimal visualization of bone 
structures, MRI offers strong soft tissue contrast, and PET and SPECT 
can reflect the metabolic functions of tissues. To leverage the ad
vantages of different imaging modalities and overcome the limitations 
of single-modality imaging, image fusion technology1–4 has emerged. 
This technology integrates information from multiple medical imaging 

modalities, fully exploits their respective advantages, compensates for 
their shortcomings, and provides doctors with richer, more compre
hensive, and more accurate diagnostic information. This not only im
proves the reliability and accuracy of disease diagnosis but also pro
vides stronger support for treatment planning, ultimately enhancing 
treatment outcomes and patients’ quality of life. Therefore, an in-depth 
study of medical image fusion technology has significant practical im
portance and broad application value.

Medical image fusion aims to effectively combine multimodal image 
information to generate a fusion image containing more complete and 
precise information. Such fusion images provide a rich diagnostic basis, 
improve diagnostic accuracy and reliability, and support the develop
ment of precise and personalized treatment plans, thereby improving 
treatment outcomes and patient prognosis. For example, tumors can be 
more accurately localized and delineated by fusing CT and MR images, 
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enabling more precise surgical planning. During treatment, medical 
image fusion can also be used to monitor therapeutic efficacy. By 
comparing fusion images obtained before and after treatment, clin
icians can evaluate treatment outcomes and adjust treatment plans 
accordingly. Furthermore, medical image fusion can be applied in tel
emedicine, where integrating imaging data from different locations 
enables doctors to provide more accurate diagnoses and treatment re
commendations for remote patients.

Early medical image fusion methods realized effective information 
integration by decomposing source images into multiple scales or re
solution levels. These methods preserve and enhance important features 
across different scales, thereby improving fusion quality. For example, 
wavelet transform5,6 decomposes an image into multiple frequency 
subbands using wavelet basis functions, with each subband re
presenting image details at a specific scale. During fusion, the most 
significant features at each scale are selected according to predefined 
rules, and the fusion image is reconstructed using the inverse wavelet 
transform. The Laplacian pyramid7,8 is another classical multiscale re
presentation method that constructs a pyramid through successive 
downsampling and upsampling operations. The original image is first 
successively downsampled to generate a series of low-resolution re
presentations. These representations are then upsampled to the original 
size and subtracted from the corresponding images to obtain Laplacian 
pyramid representations at different levels. During the fusion stage, 
optimal pixel values are selected from the corresponding layers of the 
source images and combined. Finally, the fusion image is reconstructed 
through the inverse transformation process. The non-subsampled con
tourlet transform (NSCT)9,10 is an improved wavelet-based method 
designed to overcome the shortcomings of traditional wavelet trans
forms in directional representation. It can more accurately capture 
geometric features, such as edges and textures, because NSCT supports 
both multiscale and multidirectional analysis. Non-subsampled shearlet 
transform (NSST)11,12 is also specially designed to efficiently capture 
and represent anisotropic features in images. Similar to NSCT, the NSST 
preserves directional information; however, it can be more flexible and 
efficient in certain scenarios. These multiscale transform-based 
methods possess distinct characteristics and have improved the per
formance of medical image fusion to some extent.

Deep learning–based medical image fusion methods have undergone 
rapid development in recent years. These methods leverage the pow
erful feature extraction capabilities of convolutional neural networks 
(CNNs)13–15 to realize effective fusion of multimodal medical images. 
CNNs automatically learn hierarchical feature representations from 
input images through stacked convolutional, pooling, and fully con
nected layers. In image fusion tasks, CNN models with specialized ar
chitectures can extract key features from source images and fuse them 
effectively based on these representations. In addition, attention me
chanisms16–18 enable models to focus on the most informative regions 
of input images, which is particularly important when processing 
medical images with complex backgrounds and significant targets. 
Through training, attention mechanisms can locate and fuse key in
formation more accurately to improve the fusion effect in different 
modal images. Recent advances in medical image fusion include 
methods such as a co-occurrence filter and local extrema-based fra
mework in the NSST domain,19 a content-aware generative adversarial 
network–based approach,20 TSJNet (a multimodality target and se
mantic awareness joint-driven image fusion network),21 clustering- 
based multimodal fusion,22 and directive clustering contrast-based 
multimodality medical image fusion for smart healthcare systems.23

Different from the previously proposed MSRPAN (a multiscale residual 
pyramid attention network for medical image fusion),24 this study in
troduces a multiscale residual dense fusion network, termed MRDFN, 
for multimodal medical image fusion. MSRPAN employed a multiscale 
residual pyramid attention network consisting of three components: a 
feature extractor, a feature fusion module, and a feature reconstruction 
module. It requires an additional fusion strategy to combine the high- 

dimensional features extracted by the network before reconstructing 
the fused image. In contrast, MRDFN is an end-to-end model that di
rectly generates the fused image from the input images without re
quiring an explicit fusion strategy. This design simplifies the overall 
framework while maintaining reliability and adaptability, making it 
effective for multimodal medical image fusion.

However, most early fusion methods have several limitations, in
cluding complex parameter settings, low fusion efficiency, edge de
gradation, and information loss. Different from traditional fusion ap
proaches, deep learning-based methods overcome these shortcomings 
to a certain extent and have therefore been widely studied and applied 
in the field of image processing. Although recent deep learning–based 
fusion methods have achieved notable progress, there is still significant 
room for improvement in terms of fusion efficiency, model complexity, 
edge preservation, and information retention. To address these chal
lenges, this paper proposes an MRDFN for nuclear medical image fu
sion. Experimental results indicate that MRDFN outperforms existing 
methods in objective evaluation metrics and information richness. The 
contributions of this paper are described as follows: 

(1) We propose a multiscale residual dense fusion network for nuclear 
medicine image fusion. The architecture effectively utilizes both 
local and global information and improves the fusion quality of 
multimodal complementary information.

(2) We adopt three different loss functions to enhance the quality of the 
fusion images. Mean squared error (MSE) loss is used to preserve 
basic image content, structural similarity loss improves image de
tails, and gradient difference loss enhances edge strength.

(3) We analyze the distributions of objective evaluation metrics and 
pixel intensities of fusion images obtained using different methods. 
The experimental results demonstrate that the proposed method 
achieves superior fusion performance and that its pixel distributions 
are more uniform and reasonable compared to those of the com
peting methods.

2. Related works

This section introduces the principles and applications of multiscale 
residual networks and multiscale dense networks, which form the basis 
of the subsequent work.

2.1. Multiscale residual network

The multiscale residual network25,26 adaptively extracts image fea
tures at different scales using convolution kernels of varying sizes, 
thereby capturing image information more comprehensively and ef
fectively. First, it employs multiple convolution kernels of different 
sizes to perform convolution operations, enabling the simultaneous 
extraction of both large-scale and small-scale features from the image. 
For example, large convolution kernels capture the overall contour and 
texture information, while small convolution kernels focus more on fine 
details and edge information. Second, the residual network in
corporates a skip connection mechanism that directly transfers input 
information to the output and fuses it with features obtained from 
convolution operations. This connection helps alleviate the vanishing 
gradient problem, making the network easier to optimize and im
proving the efficiency of information transmission. In addition, it en
ables effective fusion of features at different scales, resulting in richer 
and more representative image feature representations. This maximizes 
the utilization of image feature information and improves overall net
work performance.

Multiscale residual networks are widely used in image-related tasks. 
For example, they have been applied in image reconstruction27,28 to 
better restore image details and texture information and improve image 
clarity and quality. They were also used in tasks such as pose estimation 
of moving objects, robotic navigation, and autonomous driving. By 
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integrating multiscale feature extraction, residual connections, and 
feature fusion, multiscale residual networks can process image data 
more effectively and improve performance and generalization ability, 
demonstrating broad application prospects across various fields.

2.2. Multiscale dense network

The multiscale dense network, termed MSDnet,29,30 is a neural 
network architecture that combines multiscale feature extraction with 
dense connections, aiming to process image information at different 
scales. It contains multiple receptive fields, enabling it to simulta
neously capture global information, context information, and fine de
tails. For example, a larger receptive field can capture macro-level in
formation, such as the overall structure of an image, while a smaller 
receptive field focuses on micro-level details, such as local textures and 
edges, thereby facilitating a more comprehensive understanding of 
image content. In addition, the multiscale dense network can effectively 
detect and recognize both large and small objects. For large-scale tar
gets, the network utilizes its global receptive field for accurate locali
zation and classification, whereas for small-scale targets, the local re
ceptive field improves detection accuracy.

Compared with traditional network architectures, each layer in a 
multiscale dense network is closely connected to all preceding layers, 
allowing it to receive feature information from every previous layer. 
This dense connection strategy not only ensures maximum feature reuse 
and mitigates information loss but also integrates features from dif
ferent levels to generate more representative feature maps. Moreover, 
the dense connection structure promotes efficient feature propagation 
and interaction throughout the network, enabling deep features to be 
rapidly transmitted to shallow layers and providing richer information 
for training. This enhanced feature interaction helps the network better 
capture underlying data patterns and improves its generalization cap
ability.

Multiscale dense networks have demonstrated strong performance 
in various computer vision tasks. For example, in image classification 
tasks,31,32 they can accurately recognize images across different scales 
and categories. In object detection tasks,33,34 they effectively locate and 
identify objects of varying sizes. In semantic segmentation tasks,35–37

they enable precise pixel-level classification. By integrating multiscale 
feature extraction with dense connectivity, multiscale dense networks 
demonstrate strong image processing capabilities and achieve robust 
performance across a wide range of applications.

3. Methods

Medical image fusion technology is indispensable in modern medi
cine, and its importance is self-evident. In medical diagnosis and 
treatment, accurate and comprehensive medical image information 
serves as a key basis for physicians to make correct decisions. However, 
due to the differing principles and characteristics of various imaging 
devices, the images they acquire can only provide information from a 
single perspective, which imposes certain limitations. Therefore, this 
paper proposes a MRDFN for nuclear medical image fusion. (Figure 1). 

The pseudo-code of the training process is described in Algorithm 1 and 
the feature dimensions are presented in Table 1. 

Algorithm 1. Pseudo-code of the training process.

3.1. Fusion principle

MRDFN consists of six convolution layers and five batch normal
ization layers. After adding two input images, MRDFN automatically 
completes the feature extraction and reconstruction processes. After 
200 training iterations, MRDFN is capable of completing the end-to-end 
fusion process of input images. With its simple structure, MRDFN can 
achieve the fusion of multimodal medical images without the need for a 
complex parameter adjustment process. The formula for MRDFN is 
defined as follows:
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= + + + +
=
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where F F F F, , ,1 2 3 4, and F5 are the deep features after extraction. 
N N N N N, , , ,1 2 3 4 5, and N6 are six convolution layers. BN is a batch 
normalization layer. Con is a concatenation operation. M1 and M2 are 
two multimodal medical images. Mf is a fusion image.

3.2. Loss functions

Network loss functions play an important role in the training pro
cess, especially in the optimization process of neural network training. 
The training process goal is to minimize the difference between the real 
data and the generated data. Different tasks and application scenarios 
require different loss functions. To improve the fusion quality of 
MRDFN, three loss functions were employed in this study. These three 
loss functions are introduced below.

3.2.1. MSE loss
MSE38 is a loss function commonly used, especially in regression 

problems. It measures the difference between the predicted data and 
the real data and uses square errors to focus on the punishment of larger 
errors, with good mathematical properties. In the optimization process, 
the gradient of MSE is proportional to the prediction error, which helps 
the model converge to the optimal solution quickly. The smaller the 
MSE loss, the more information the fusion image retains.

The MSE loss is defined as follows:

=
= =
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i j
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i j
f

0

1

0

1

, ,
2

(2) 

where R and C are the numbers of image rows and columns, respec
tively. Mr and Mf denote the reference image and the fusion image, 
respectively.
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3.2.2. Structural similarity metrics loss
Structural similarity metrics (SSIM)38 is a metric to measure the 

similarity of two images, which considers the brightness, contrast, 
and structure of the image. Different from the traditional pixel-level 
loss functions, such as MSE, SSIM better aligns with human visual 
perception of image quality. The smaller the SSIM loss, the richer the 
detailed information of the fusion image. The SSIM loss function is as 
follows:

=
+ +

+ + + +
loss

µ µ C C
µ µ C C

1
(2 )(2 )

( )( )SSIM
x y xy

x y x y

1 2
2 2

1
2 2

2 (3) 

where x and y are the two images to be compared. µx and µy are the 
mean value of x and y, representing brightness. x

2 and y
2 are the 

variance of x and y, representing contrast. xy is the covariance of x
and y, representing structural similarity. C1 and C2 are the constants 
used to avoid cases where the denominator is zero. Typically, 

=C L(0.01 )1
2 and =C L(0.03 )2

2. L is the dynamic range of the pixel 
value and is usually set to =L 255.

3.2.3. Gradient difference loss
Gradient difference (GD) loss39 is a loss function used for image 

processing and computer vision tasks. The core idea of this loss 
function is to assess image quality by comparing the gradient spatial 
difference between the original image and the fusion image. GD loss 
can capture edge and texture information, which is crucial to 
maintain structural image details. The definition of gradient differ
ential loss is as follows:

=
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where R and C are the numbers of rows and columns of the image. 
sobel is the Sobel gradient operator. M1 and M2 are the two reference 

images, respectively. Mf is a fusion image.

3.2.4. Total loss
In this study, MSE loss, SSIM loss, and GD loss were used to optimize 

the network. Therefore, the total loss function of the network is defined 
as follows:

= + +loss loss loss k losstotal MSE SSIM GD (5) 

where lossMSE is the MSE loss, lossSSIM is the SSIM loss, and lossGD is the 
GD loss. Set =k 0.35.

4. Results

Because the principles of each fusion algorithm are different, the 
resulting fusion images also vary significantly. To compare the different 
fusion algorithms, nine image fusion methods were used in this paper. 
These fusion methods are GFF,40 MLES,41 LLFD,42 PSF,43 CSMCA,44

ATBIF,45 JBFLGE,46 ALMFnet,47 and LRFNet.48 Three kinds of multi
modal medical images are compared: MRT1-PET, MRT2-PET, and 
MRT2-SPECT image pairs. To more objectively compare the image fu
sion quality of different fusion methods, this study employed six dif
ferent evaluation metrics, namely average gradient (AG),49 entropy 
(EN),49 standard deviation (SD),50 spatial frequency (SF),50 spatial and 
spectral entropies (SSEQ),51 and visual information fidelity (VIFF).52

and represent the image gradient and details. EN, SD, and VIFF reflect 
the quality of image content. SSEQ represents the fidelity of image 
color. The larger AG and SF are, the richer the details of the image and 
the higher the edge intensity. The larger EN, SD, and VIFF are, the 
higher the quality of the image content. The smaller SSEQ is, the higher 
the fidelity of image color.

Figure 1. MRDFN schematic. 

Table 1 
Parameters of MRDFN. 

Convolution 
block

Kernel size Stride Padding Input channel Output channel

N1 1 × 1 1 0 1 64
N2 5 × 5 1 2 64 64
N3 7 × 7 1 3 128 64
N4 3 × 3 1 1 192 64
N5 1 × 1 1 0 256 64
N6 1 × 1 1 0 64 1
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The following sections introduce these evaluation metrics, qualita
tive comparisons of fusion results, quantitative comparisons of eva
luation metrics, and corresponding discussions. The datasets are all 
from the whole brain Atlas (http://www.med.harvard.edu/AANLIB/ 
home.html). The training set includes 400 images, and the test set in
cludes 180 images, totaling 580 images. In addition, the learning rate is 
0.001, the number of learning epochs is 200, and stochastic gradient 
descent is utilized as an optimization algorithm. The training batch size 
is set to 4.

4.1. Fusion metrics

AG is a metric used to measure the image clarity and the richness of 
texture details. It reflects the rate of change in image gray values and is 
used to describe the overall gradient characteristics of an image.

= +
= =

AG
M N

f m n
m

f m n
n

1
( 1)( 1)

[( ( , ) ) ( ( , ) ) ]/2
m

M

n

N

1

1

1

1
2 2

(6) 

where M and N are the image length and height, respectively. f is a 
fusion image.

EN is a measure of image information richness. It represents the 
uncertainty or information content of random variables. The more 
uniform and random the gray value distribution, the greater the EN and 
the richer the information contained in the image.

=
=

EN h i h i( )log ( )
i

L

If If
0

2
(7) 

where hIf represents the pixel value distribution histogram of If . L is the 
number of gray levels in the image, taken =L 255.

SD is a statistic used to measure the discreteness of image pixel 
values. It reflects the deviation degree of pixel value from the mean 
value in the image. The larger the SD, the more scattered the pixel 
values, and the image contains more details and textures.

=
= =
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i

M
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i j
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,
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where M and N represent the image length and width, respectively I is 
a fusion image and µ represents its pixel mean.

SF is a metric to describe the intensity of gray changes in an image. 
It reflects the richness of detail and texture in the image. The larger the 
SF, the more intense the change in image gray value, and thus the richer 
the details and textures.
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where M and N represent the image length and width, respectively If is 
a fusion image.

SSEQ uses support vector machine (SVM) to train the image dis
tortion and quality prediction engine to obtain the quality metrics of 
image spatial spectral entropy. The smaller the SSEQ, the smaller the 
loss of spatial spectral information and the color distortion.

=

=

SSEQ SVM E E

SVM p x p x P i j P i j

( , )

( ( )log ( ), ( , )log ( , ))
s f

x i j
2 2

(10) 

where Es is spatial entropy and Ef is spectral entropy. p is the pixel 
histogram of the fusion image =P i j( , ) C i j

C i j
( , )

( , )i j

2
2 . i1 8 and 

j1 8. C is a block discrete cosine transform efficient matrix com
puted on 8 × 8 blocks.

Visual information fidelity (VIFF) is a new image fusion metric 
based on the fidelity of visual information. This metric emphasizes 
measuring image quality from the perspective of the human visual 
system. The larger the VIFF, the higher the fidelity of visual information 
and the smaller the distortion.

=VIFF I I I p VIFF I I I( , , , ) ( , , , )n F
k

k k n F1 1
(11) 

where the fusion visual information with distortion (FVID) and the 
fusion visual information without distortion (FVIND) are denoted in the 
local spatial and spectral domains.

=VIFF I I I
FVID I I I

FVIND I I I
( , , , )

( , , , )
( , , , )k n F

b k b n F

b k b n F
1

, 1

, 1 (12) 

4.2. Fusion image comparisons

In Figure 2, panels A and B represent the MRT1 and PET images, 
respectively. Panels D and F are similar; their brightness is low, and 
their color and cerebral cortex are not clear. Panels C, G, and I also 
exhibit similar characteristics; their color is dark, and the white matter 
is not clear. Panel E shows marked color distortion. The brightness of 
panel H is excessively high, resulting in a lack of detailed information. 
Panels J and K retain only color information, while failing to preserve 
the cerebral cortex structures present in the MR images. Compared with 
the other methods, panel L via the proposed MRDFN is not only more 
visually informative in color but also preserves clearer structural details 
of both white matter and gray matter.

In Figure 3, panels A and B show the MRT2 and PET images, respec
tively. Panels C, D, F, G, and K are similar; their colors are dim, and the 
details of white matter and gray matter are not clear. Panels E, H, I, and J 
are similar. Their color information is rich, and the details are clear. 
Compared with the other methods, the fusion panel L via the proposed 
MRDFN has richer color and detailed information, and the lesion area is 
clearer.

In Figure 4, panels A and B show the MRT2 and SPECT images, 
respectively. Panels D and F are similar; their brightness is low, and the 
details of the lesions are not clear. Panels C, G, H, I, and J are similar. 
They are rich in color information, but the details of the lesions are not 
clear. Marked color distortion was observed in panel E. There are a few 
details in panel K. Compared with the other methods, panel L via the 
proposed MRDFN has richer color and detailed information, and the 
lesion area is clearer.

4.3. Comparison of fusion metrics

The quantitative comparisons of fusion metrics for MRT1-PET, 
MRT2-PET, and MRT2-SPECT images are presented in Table 2, re
spectively. The proposed MRDFN achieves the best performance in 
three metrics, namely,: AG, SF, and SSEQ. The proposed MRDFN attains 
optimal results in five metrics, namely, AG, EN, SD, SF, and VIFF. The 
proposed MRDFN achieves the best performance in all six metrics, 
namely, AG, EN, SD, SF, SSEQ, and VIFF.

From the quantitative analysis, the proposed method demonstrates 
superior performance across the majority of evaluation metrics 
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Figure 3. Comparison of MRT2-PET fusion images. Abbreviations: 1. MRT1: magnetic resonance T1 2. PET: positron emission tomography 3. GFF: image fusion with 
guided filtering 4. MLES: multi-scale local extrema scheme 5. LLFD: local laplacian filtering domain 6. PSF: parallel saliency features 7. CSMCA: convolutional 
sparsity-based morphological component analysis 8. ATBIF: adaptive two-scale biomedical image fusion 9. JBFLGE: joint bilateral filter and local gradient energy 10. 
ALMFnet: auto-searching light-weighted multi-source fusion network 11. LRFNet: lightweight residual fusion network.

Figure 4. Comparison of MRT2-SPECT fusion images. Abbreviations: 1. MRT1: magnetic resonance T1 2. PET: positron emission tomography 3. GFF: image fusion 
with guided filtering 4. MLES: multi-scale local extrema scheme 5. LLFD: local laplacian filtering domain 6. PSF: parallel saliency features 7. CSMCA: convolutional 
sparsity-based morphological component analysis 8. ATBIF: adaptive two-scale biomedical image fusion 9. JBFLGE: joint bilateral filter and local gradient energy 10. 
ALMFnet: auto-searching light-weighted multi-source fusion network 11. LRFNet: lightweight residual fusion network 12. SPECT: single-photon emission computed 
tomography.

Figure 2. Comparison of MRT1-PET fusion images. Abbreviations: 1. MRT1: magnetic resonance T1 2. PET: positron emission tomography 3. GFF: image fusion with 
guided filtering 4. MLES: multi-scale local extrema scheme 5. LLFD: local laplacian filtering domain 6. PSF: parallel saliency features 7. CSMCA: convolutional 
sparsity-based morphological component analysis 8. ATBIF: adaptive two-scale biomedical image fusion 9. JBFLGE: joint bilateral filter and local gradient energy 10. 
ALMFnet: auto-searching light-weighted multi-source fusion network 11. LRFNet: lightweight residual fusion network.

J. Fu, G. Ge, Y. Tan et al.                                                                                                                                                                  Intelligent Oncology 2 (2026) 100054

6



compared with the reference methods. These results indicate that the 
proposed method achieves higher-quality fusion images than the com
peting approaches.

5. Discussion

To further distinguish the differences among various fusion 
methods, this study conducted a pixel histogram analysis of the fusion 
images, and the results are shown in Figure 5. The pixel distribution of 
panel A is uneven and concentrated in the lower intensity range, 
whereas the pixels in panel B are more evenly distributed. The pixel 
distributions of panels C, G, and I are similar and relatively uniform, 
resulting in clearer color representation and better detail preservation. 
Panels D and F exhibit similar characteristics; their pixel distributions 
are concentrated in the mid-intensity range, with fewer values in both 
low- and high-intensity regions. Consequently, these images have low 
brightness and lack clear details. The pixel distribution of panel E is 
concentrated in the higher intensity range, with limited representation 
in low-intensity regions, leading to color distortion and unclear details. 
Similarly, panel H shows a concentration in the higher intensity range, 
resulting in excessive brightness and loss of detail. Panel J also has pixel 
values concentrated in the higher intensity range with fewer low-in
tensity values, leading to weak contrast. In contrast, panel K has pixel 
values concentrated in the lower intensity range, with limited high- 
intensity distribution, causing it to retain color information but lose 

structural details. Compared with other methods, panel L via the pro
posed MRDFN demonstrates a more uniform pixel distribution, richer 
color representation, and enhanced detail clarity.

To validate the impact of the parameter k in the loss function of Eq. 
(5) on fusion images, we conducted an experiment and performed a 
comparative analysis. The experimental results and comparisons are 
shown in Table 3. In this table, the bold numbers represent optimal 
metrics, and the underlined numbers represent suboptimal metrics. 
After comparisons, we can see that the optimal metrics are the most 
when =k 0.4. However, the color distortion of the fusion images is 
obvious, and the brightness is the lowest when =k 0.4. In contrast, the 
fusion images have richer detail information and higher brightness than 
the fusion images with =k 0.2 and =k 0.3. Therefore, the parameter k
is set to 0.35in the loss function of this research to better balance the 
details and brightness of fusion images.

The ablation experiment comparisons of different loss functions for 
MRT1-PET, MRT2-PET, and MRT2-SPECT are shown in Table 4, where 
the bold numbers in this table represent the optimal metrics. In the 
MRT1-PET image fusion experiment, MRDFN using MSE, SSIM, and GD 
loss functions achieved four optimal metrics, while MSRPAN achieved 
only two optimal metrics.

In the MRT2-PET image fusion experiment, MRDFN using MSE and 
SSIM loss functions achieved three optimal metrics. Similarly, MRDFN 
using MSE, SSIM, and GD loss functions also attained three optimal 
metrics, whereas MSRPAN achieved none. In the MRT2-SPECT image 

Table 2 
Metric comparison of MRT1-PET, MRT2-PET, and MRT2-SPECT image fusion. 

Metrics/methods AG EN SD SF SSEQ VIFF

GFF 11.6822 5.9497 74.9128 33.6770 42.9567 0.4913
MLES 7.5197 6.0336 67.2775 20.7875 42.1698 0.5024
LLFD 13.5391 6.2550 85.8510 37.6024 37.9091 0.5723
PSF 6.8967 6.3328 67.4298 20.4555 42.5929 0.3485
CSMCA 11.9188 5.5856 73.5466 35.8804 39.1573 0.5017
ATBIF 10.5787 6.2222 95.6699 33.3955 44.2224 0.5985
JBFLGE 12.0151 5.9614 80.1008 34.3337 42.5947 0.4932
ALMFnet 11.6101 5.8555 82.9956 33.9586 40.7189 0.5363
LRFNet 6.0702 5.4022 60.9167 14.6301 38.1090 0.2606
Proposed 16.3725 5.4804 75.7800 52.8648 34.6798 0.4800
GFF 6.7339 4.5853 53.9212 22.8519 45.6522 0.4648
MLES 4.3141 4.5903 47.2814 14.0426 42.1422 0.4237
LLFD 8.2834 4.9945 65.1701 26.2177 36.9652 0.5589
PSF 4.4368 5.0208 51.6015 15.5409 44.6872 0.3485
CSMCA 6.5108 3.9808 50.4016 22.6421 44.0579 0.4306
ATBIF 6.4950 5.1958 73.5538 21.8720 42.6507 0.6088
JBFLGE 7.1238 4.7366 64.4705 23.2705 40.5873 0.5465
ALMFnet 6.8090 4.6096 65.7824 22.7314 41.0217 0.5445
LRFNet 4.9678 5.1573 64.1623 14.3782 35.8056 0.4015
Proposed 12.6050 5.2157 75.6185 46.9227 37.1530 0.6247
GFF 5.7359 4.7982 56.1347 17.6339 38.5479 0.5464
MLES 3.7183 4.5986 44.1006 11.5079 38.7629 0.4303
LLFD 7.9394 5.0740 59.4611 23.3741 36.8333 0.5776
PSF 3.6451 5.0097 44.5338 11.8351 41.1879 0.3274
CSMCA 4.6639 3.8279 39.5576 14.8773 40.9755 0.4040
ATBIF 5.8938 5.2697 68.2010 18.2479 40.2452 0.6528
JBFLGE 6.0279 4.8311 60.8441 18.3491 36.3931 0.5698
ALMFnet 5.7773 4.7001 59.4282 18.4536 39.0987 0.6166
LRFNet 4.6438 5.2008 63.2877 14.5038 46.6718 0.4280
Proposed 13.3055 5.2790 79.3592 47.2491 35.6210 0.7476

Abbreviations: 1. GFF: image fusion with guided filtering 2. MLES: multi-scale local extrema scheme 3. LLFD: local laplacian filtering domain 4. PSF: parallel saliency 
features 5. CSMCA: convolutional sparsity based morphological component analysis 6. ATBIF: adaptive two-scale biomedical image fusion 7. JBFLGE: joint bilateral 
filter and local gradient energy 8. ALMFnet: auto-searching light-weighted multi-source fusion network 9. LRFNet: lightweight residual fusion network 10. AG: 
average gradient 11. EN: entropy 12. SD: standard deviation 13. SF: spatial frequency 14. SSEQ: spatial and spectral entropies 15. VIFF: visual information fidelity.
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fusion experiment, MRDFN using MSE and SSIM loss functions had one 
optimal metric, MRDFN using MSE, SSIM, and GD loss functions had 
five optimal metrics, and MSRPAN had none. In summary, MRDFN with 
MSE, SSIM, and GD loss functions performed best in terms of objective 

fusion metrics, significantly outperforming the reference method 
MSRPAN, particularly in detail information and brightness.

To verify the impact of different network structures on fusion quality, 
we conducted ablation experiments on MRT1-PET, MRT2-PET, and MRT2- 

Figure 5. Pixel histograms of fusion images. The first row of images represents the original image and the fused images generated by different algorithms. The 
second row of images are local enlarged views, and the third row shows the pixel distribution histograms of the fusion images.Abbreviations: 1. MRT1: magnetic 
resonance T1 2. PET: positron emission tomography 3. GFF: image fusion with guided filtering 4. MLES: multi-scale local extrema scheme 5. LLFD: local laplacian 
filtering domain 6. PSF: parallel saliency features 7. CSMCA: convolutional sparsity-based morphological component analysis 8. ATBIF: adaptive two-scale bio
medical image fusion 9. JBFLGE: joint bilateral filter and local gradient energy 10. ALMFnet: auto-searching light-weighted multi-source fusion network 11. LRFNet: 
lightweight residual fusion network.
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SPECT, and the experimental results are shown in Table 5. Without the 
multi-scale or residual module, MRDFN lost most of the source image in
formation, retaining only a small amount of edge and color information 

and failing to achieve optimal metrics. Therefore, these modules play a 
crucial role in the fusion quality of MRDFN. Only with these modules can 
MRDFN achieve better fusion quality and objective metrics.

Table 3 
Ablation experiment of MRT1-PET, MRT2-PET, and MRT2-SPECT image fusion based on different k values. 

Abbreviations: 1. MRT1-PET: magnetic resonance T1-positron emission tomography 2. MRT2-PET: magnetic resonance T2- 
positron emission tomography 3. MRT2-SPECT: magnetic resonance T2-single-photon emission computed tomography 4. 
AG: average gradient 5. EN: entropy 6. SD: standard deviation 7. SF: spatial frequency 8. SSEQ: spatial and spectral 
entropies 9. VIFF: visual information fidelity.
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In addition, the average fusion time of each pair of medical images 
was computed to compare the complexity of the different fusion 
methods. The comparison results are shown in Table 6, where the bold 
numbers represent the best and the underlined numbers represent the 

second best. By comparison, GFF consumes the least average fusion 
time, and the proposed MRDFN consumes less average fusion time. 
Therefore, the proposed method has a certain real-time application 
value.

Table 4 
Ablation experiment of MRT1-PET, MRT2-PET, and MRT2-SPECT image fusion based on different loss functions. 

Abbreviations: 1. MRT1-PET: magnetic resonance T1-positron emission tomography 2. MRT2-PET: magnetic resonance T2- 
positron emission tomography 3. MRT2-SPECT: magnetic resonance T2-single-photon emission computed tomography 4. 
AG: average gradient 5. EN: entropy 6. SD: standard deviation 7. SF: spatial frequency 8. SSEQ: spatial and spectral 
entropies 9. VIFF: visual information fidelity 10. MSE: mean squared error 11. SSIM: structural similarity metrics 12. GD: 
gradient difference.
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6. Conclusions

Multimodal medical fusion images not only retain the key details of 
source images but also enhance the image contrast and clarity. They can 
provide a comprehensive and accurate basis for clinical diagnosis and 
facilitate the formulation of effective treatment plans. However, most of 
the traditional fusion methods suffer from several limitations, such as 
information loss, edge degradation, insufficient contrast, and unclear 
details. To address these issues, this research proposes an MRDFN for 
nuclear medical image fusion. First, the two input images were com
bined. The combined input was then fed into the multiscale residual 
dense fusion network to perform feature extraction and fusion, thereby 
generating the fused image. A multi-scale residual dense architecture 
was used to construct feature extractors and reconstructors to extract 
deep features of multimodal medical images and generate fusion 
images. Experimental results demonstrate that the proposed method 
outperforms reference methods in terms of color fidelity, detail pre
servation, and contrast enhancement, achieving superior performance 
across most objective metrics. In future work, improving the adapt
ability of multimodal image fusion methods and reducing noise in fu
sion images will be key research directions. The main contributions of 

Table 5 
Ablation experiment of MRT1-PET image fusion based on different networks of MRDFN. 

Abbreviations: 1. MRT1-PET: magnetic resonance T1-positron emission tomography 2. MRT2-PET: magnetic resonance T2- 
positron emission tomography 3. MRT2-SPECT: magnetic resonance T2-single-photon emission computed tomography 4. 
AG: average gradient 5. EN: entropy 6. SD: standard deviation 7. SF: spatial frequency 8. SSEQ: spatial and spectral 
entropies 9. VIFF: visual information fidelity.

Table 6 
Average fusion time comparison of different methods (unit: second). 

Methods/modality MRT1-PET MRT2-PET MRT2-SPECT

GFF 0.05 0.05 0.05
MLES 7.05 5.62 5.76
LLFD 91.89 93.72 96.64
PSF 2.69 2.73 2.58
CSMCA 62.39 60.72 57.66
ATBIF 2.41 2.35 2.35
JBFLGE 0.31 0.32 0.32
ALMFnet 0.13 0.12 0.13
LRFNet 0.11 0.11 0.11
MRDFN 0.07 0.07 0.07

Abbreviations: 1. GFF: image fusion with guided filtering 2. MLES: multi-scale 
local extrema scheme 3. LLFD: local laplacian filtering domain 4. PSF: parallel 
saliency features 5. CSMCA: convolutional sparsity based morphological compo
nent analysis 6. ATBIF: adaptive two-scale biomedical image fusion 7. JBFLGE: 
joint bilateral filter and local gradient energy 8. ALMFnet: auto-searching light- 
weighted multi-source fusion network 9. LRFNet: lightweight residual fusion net
work 10. MRT1-PET: magnetic resonance T1-positron emission tomography 11. 
MRT2-PET: magnetic resonance T2-positron emission tomography 12. MRT2- 
SPECT: magnetic resonance T2-single-photon emission computed tomography.
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this paper include the development of a novel network architecture, 
MRDFN, and its application to multimodal medical image fusion. The 
proposed method adopted an end-to-end framework with a simple fu
sion strategy and strong modality adaptability. Future research should 
also focus on reducing computational time to further enhance its po
tential for real-time applications.
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