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ABSTRACT: Multimodal image fusion plays an important role in image analysis and applications. Multimodal medical
image fusion helps to combine contrast features from two or more input imaging modalities to represent fused
information in a single image. One of the critical clinical applications of medical image fusion is to fuse anatomical
and functional modalities for rapid diagnosis of malignant tissues. This paper proposes a multimodal medical image
fusion network (MMIF-Net) based on multiscale hybrid attention. The method first decomposes the original image to
obtain the low-rank and significant parts. Then, to utilize the features at different scales, we add a multiscale mechanism
that uses three filters of different sizes to extract the features in the encoded network. Also, a hybrid attention module
is introduced to obtain more image details. Finally, the fused images are reconstructed by decoding the network. We
conducted experiments with clinical images from brain computed tomography/magnetic resonance. The experimental
results show that the multimodal medical image fusion network method based on multiscale hybrid attention works
better than other advanced fusion methods.

KEYWORDS: Medical image fusion; multiscale mechanism; hybrid attention module; encoded network

1 Introduction

Image fusion has been widely used in computer vision, remote sensing, traffic safety, and other fields.
Using appropriate feature extraction methods and fusion strategies, a single image containing important
features and complementary information is generated from two or more source images for a more explicit
description and easier understanding of the target scene. Since the 1990s, image fusion techniques have
been developed and applied in the medical field. Medical image fusion techniques fuse important reference
information from different modal images into a single image that can display more visual, comprehensive,
and transparent information [1]. It is convenient for doctors to observe and estimate cases, analyze lesions,
and diagnose more accurately. Brain injury, cerebrovascular diseases, brain tumors, and other brain diseases
account for the largest proportion of diagnoses in the elderly, with the highest incidence of cerebrovascular
disease and high mortality. Acute cerebral infarction is a common cerebrovascular disease with a trend of
increasing incidence year by year and gradually decreasing the age of onset. Diagnosing and treating these
types of brain diseases at an early stage is essential. In general, computed tomography (CT), magnetic resonance
imaging (MRI), and positron emission tomography (PET) are often used by physicians to visualize brain
disorders. Different medical image modalities have unique characteristics and provide different medical
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information [2,3]. For example, CT images can clearly show the anatomical structures and skeletal tissues of
the brain with high resolution, which can provide a good reference for establishing the extent and location
of lesions. In contrast, CT images lack functional information and information about the interior of the
lesion. The spatial resolution of MRI images is lower than that of CT images. MRI images also do not show
functional information in MRI images. However, they can clearly show the lesion’s soft tissue and internal
structure. PET images provide mainly functional metabolic information but poorer anatomical structures
and can give sensitive information for detecting early lesions and determining the level of lesions. The critical
medical semantic information contained in different medical image modalities and their complementary
information are essential references for the diagnosis of brain diseases. Image fusion technology integrates
and enhances this information from two source images into one image, enabling physicians to observe,
understand and diagnose diseases more efficiently and accurately [4-6]. Therefore, brain CT/MRI/PET
image fusion techniques are essential to help physicians diagnose brain diseases. In recent years, many
medical image fusion methods have been proposed. These existing methods mainly include two categories:
traditional manual fusion methods [7,8] and deep learning-based fusion methods.

Traditional methods are driven by manual cognition [9,10]. Traditional feature extraction methods rely
mainly on manual extraction, which requires specialized domain knowledge and complex parameter-tuning
processes. In addition, each technique targets a specific application scenario. Therefore, the generalization
ability and robustness could be better, and most fusion strategies are based on basic processing techniques
without considering high-level abstract information. But traditional methods can capture global and local
structural information and point singularities of signals. And deep learning-based methods are data-driven.
They can learn a large number of samples to obtain deep abstraction features. The datasets are more efficiently
and accurately represented, and the extracted abstract features are more robust and generalizable. Deep
learning methods have been successfully applied to many areas of image processing. However, medical image
analysis based on deep learning cannot express the singularity of curves in two-dimensional information
and is still in the early development stage. Corresponding research is becoming hot and will have many
application prospects.

To solve the above problems, a multimodal medical image fusion network based on multiscale hybrid
attention is proposed in this paper, which uses multiscale hybrid attention to design a novel feature extraction
network to extract the low-rank and significant parts of the input image. The medical image fusion is
performed using DenseFuse. We use three filters of different sizes to extract features at the end of the original
DenseFuse encoder separately. We use a fusion strategy to fuse them individually to get more feature maps
of different scales. Finally, we cascade the fused features of different scales into the decoder to obtain the
combined image. The research contributions of this paper are as follows.

a. To preserve the structural information of the images, a multimodal medical image fusion network
model based on multiscale hybrid attention is proposed, which uses large-sized extraction frames to
extract global structural information for filtered images and small-sized extraction frames to extract
local structural information for detail layer images.

b.  For feature maps of different scales, this paper proposes a hybrid self-attentive module to further filter
the features of different channels in the feature maps to improve the feature representation of key
channels and further guide the network to focus its attention on the regions containing key information.

c.  Because the background of medical images are mostly similar, and the data of the same class will present
large visual differences due to different acquisition objects, thus the sample features between different
types are hybrid due to the highly similar background areas and the distance in the feature space is
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enlarged due to the large visual differences between the data of the same class, therefore, this paper
solves the above problem through decoding network reconstruction.

2 Related Work

With the development of machine learning technology, image processing techniques have been widely
used, among which image fusion techniques are now commonly used in remote sensing, computer vision,
and the medical field studied in this paper. Medical image fusion integrates useful human body information
in multiple source images obtained from different imaging modalities into a single image by some tech-
nical means. Image fusion technology can realize the organic combination of multimodal medical image
information, enrich helpful details to assist disease diagnosis, reduce the randomness and redundancy of
information, and at the same time, improve the efficiency of diagnosis of certain complex diseases. The
existing fusion methods include traditional fusion methods and deep learning-based fusion methods.

2.1 Application of Traditional Manual Methods in Image Fusion

Traditional fusion methods can capture the signal’s global and local structural information and point
singularities of the signal. Chen et al. proposed a new noise-containing image fusion strategy that uses the
similarity of low-rank components to constrain intra-class consistency and applies it to the coding coeffi-
cients to improve the recognition ability of dictionary learning further [11]. Minimum rank regularization is
used to estimate the potential subspace for fusion recovery. Gillespie et al. proposed a simple and effective
image fusion method based on potential low-rank representation to better retain the useful information
in the source images [12]. Using the idea of low-rank clustering, the medical images are divided into low-
rank and significant parts. Then the coefficients of the low-rank and significant parts are multiplied by 0.5
and summed up, which is the final fusion result. To solve the problem that multi-exposure low dynamic
range images and high dynamic range image fusion methods are sensitive to noise, object motion, etc.
Nandi proposed a new method based on low-rank matrix recovery features to fuse consecutive multi-
exposure images into images, which improves the ability to resist noise and remove artifacts, as well as
the performance of captured images [13]. Ghandour et al. proposed an image fusion method based on
low-rank sparse representation [14]. Himanshi et al. used different morphological gradient operators to
distinguish the focus, scattered, and focus boundary regions in reconstructing the fused image [15]. Yadav
and Yadav proposed a multi-focused noisy image fusion method based on low-rank representation, which
is a representation learning method [16]. The source image is decomposed into low-frequency and high-
frequency coeflicients using a multiscale transform framework. For the low-frequency coefficients, a spatial
frequency strategy is used to determine the fused low-frequency coeflicients. In contrast, the high-frequency
coefficients are fused using an LRR-based fusion strategy. Finally, the fused image is reconstructed by the
inverse multiscale transformation of the fused coeflicients. To fully exploit the useful information of the
image, a low-rank representation algorithm is used in this paper. LRR statistically decomposes the image
into a linear correlation between the low-rank and significant parts, which improves the ability to resist noise
and eliminate artifacts.

2.2 Application of Deep Learning in Image Fusion

Recently, image fusion methods based on deep learning have been rapidly developed and widely used.
He proposed a method based on the deep learning model and DT-CWT image fusion to achieve multi-
focus multi-source image fusion [17]. Calhoun and Adali used the depth features of the source images to
reconstruct the fused images [18]. Convolutional neural networks are one of the most successful applications
of deep learning algorithms and have brought new developments in image fusion [19,20]. Convolutional
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layers play a crucial role in feature extraction. It can extract a broader and richer range of features than
traditional manual feature extractors [21]. In addition, the convolutional layer is also used as a weighted
average to generate the output image. Convolutional neural networks have great potential in the field of image
fusion. Deep learning-based fusion methods attempt to design an end-to-end network to generate fused
images directly [22]. Li et al. studied the problem of pulse-coupled neural networks (abbreviated) and digital
image fusion. They proposed a real-time deep-learning model for a two-channel fusion algorithm based
on image clarity [23]. Combined with the hyperviscosity syndrome compliant orthogonal color space, the
traditional Pulse Coupled Neural Network (PCNN) model was simplified to a parallel two-channel adaptive
PCNN structure. Li et al. proposed an unsupervised fusion network based on Convolutional Neural Network
(CNN) and multilayer features [24]. Kumar et al. designed a new unsupervised end-to-end CNN learning
method with a structural similarity metric as a loss function during training [25]. Zhao and Lu proposed
a new network (Fusion Generative Adversarial Network) that automatically generates image information
using adversarial game theory and has been successfully applied in image fusion tasks [26]. The fusion results
of this method can maintain thermal radiation in infrared images and texture in visible images. Wang et al.
fused infrared and visible images by multi-scale image decomposition based on wavelet transform [27]. The
key issues in image fusion, i.e., the measure of activity and the design of fusion rules, were addressed using
continuous convolutional neural networks. The reconstruction results are more sensitive to the human visual
system. Zhang et al. proposed a general image fusion framework based on the convolutional neural network
(IFCNN) for the fusion of different types of images [28]. Although CNN models have achieved some success
in image fusion, the existing models need more generalization capability and can only fuse specific types
of images effectively. To obtain more effective fused images, the new generalized fusion network NestFuse
uses a network model to optimize existing fusion algorithms such as IFCNN to get more and better depth
features [29-31]. However, its network structure is complex. From the experimental results, the method is
suitable for infrared and visible images, but relatively poor for medical images. The above techniques are
designed for visual, infrared, remote sensing, and photographic images. Even for the standard multiple-image
fusion methods, the fusion effect in medical brain images could be better [32-35].

3 Methodology

A multimodal medical image fusion method based on multiscale hybrid attention is proposed to obtain
the detailed features of multimodal images for the randomness of gene mutation location, heterogeneity of
lesion degree, and loss of structural details in brain diseases. The method first proposes a multiscale hybrid
attention mechanism to decompose the original image and extract the detail features of the low-rank part
and the significant portion of the original image. Then the image fusion is performed by the fusion strategy
of the decoder. The MMIF-Net network structure consists of a feature encoder, multiscale, hybrid attention,
and decoding, and the network structure diagram is shown in Fig. 1.
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Figure 1: Multimodal medical image fusion network structure based on multiscale hybrid attention

The core innovation of MMIF is that it is specifically adapted to solve the core challenges of multimodal
fusion. Faced with the inherent heterogeneity, redundant complementarity of multi-source information,
and the potential cross-modal gradient dissipation and information bottleneck problems in deep networks,
MMIF explicitly constructs a cross-layer and cross-modal fusion state feature library by allowing each
fusion layer to directly access the output of all previous fusion layers. This mechanism ensures that the
original and intermediate fusion features of different abstract levels and modal combinations are retained
and reused for a long time, enabling the network to dynamically and flexibly select and integrate the most
relevant cross-modal cues, and greatly promotes the effective return of gradients between multimodal paths.
At the same time, the dense connection of MMIF is task-oriented, and its design core focuses on deep
modeling of complex cross-modal interactions and overcoming the information integration difficulties
unique to multimodality, thereby achieving significant performance improvements in specific tasks that
exceed traditional stacking or simple fusion methods. Therefore, the innovation of MMIF lies in the first
demonstration and realization of the effectiveness and unique advantages of dense connection as a key
technology for solving information flow maintenance and interaction efficiency in multimodal deep fusion.

In this paper, MRI and PET images of the brain are fused by the proposed multimodal medical image
fusion network (MMIF-Net), and the detailed process is shown in Fig. 2.

As shown in Fig. 2, the first step of this paper is to input MRI and PET images, convert the input images
to NTSC color space, and then extract the I, Q, and Y channels of NTSC space, respectively. In the second
step, this paper extracts the global and local parts from the I channel of the obtained MRI and PET images,
respectively. In the third step, the international and local parts corresponding to the second step are fused by
the MMIF-Net method to obtain the I, Q, and Y channels of the reconstructed MRI and PET images. In the
fourth step, the MMIF-Net method is used to fuse the I, Q, and Y component maps of the reconstructed MRI
and PET images to obtain the I, Q, and Y component maps of the fused image. The fifth step is to convert
the I, Q, and Y channels of the fused image into a fused grayscale image.
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Figure 2: The flowchart of the proposed method

3.1 Feature Encoder

The backbone network for feature extraction consists of 2 parts, as shown in Fig. 1. The encoder is
constructed by a convolutional layer, dense block and a multi-scale layer. We add multi-scale layer whose
filters’ sizeare 5 x 5,3 x 3and 1 x 1respectively to extract features from coarse to fine at the end of Denseblock.
We adopt a parallel multi-branch structure, through parallel branches of convolution kernels of different
sizes, and dynamically weighted fusion features through the channel attention mechanism. In this paper, the
shallow layer often uses a step size of 1 to maintain the resolution, and the deep layer uses a step size of 2 for
downsampling. In terms of padding strategy, this paper uses zero padding to ensure that the output size of
each branch is consistent, and symmetric padding preserves edge information. Why we choose these sizes
of filters? Because we adopt 1 x 1 filters to fuse the information of different channels at the same location
and 3 x 3, 5 x 5 filters to fuse the information of different channels around the same location. When we
choose a larger size of filters, the features extracted from the filters will not be obvious, so larger size of
filters is not selected. Through the multi-scale layer, we will get three groups of multi-channel features. Since
the 11 loss function forces the model to focus on key modal features through absolute value penalties and
reduces outlier interference, its selection in multimodal fusion tasks is mainly based on its sparsity and noise
resistance; while the square penalty of 12 will over-smooth the differences between modalities. This feature
makes 11 more suitable for dealing with redundancy and noise problems in multimodal data. Then, we choose
lI-norm strategy.

In the feature extraction module, a multi-scale feature structure is proposed in this paper, as shown
in Fig. 3, where we hope to obtain deep semantic features in medical images by a deep network. To solve the
problem of inadequate learning of the shallow network brought by the deeper network. For this purpose,
the ResNet network proposes the classical residual block structure, i.e., the Bottleneck structure in the above
figure. On top of the original sequentially stacked three convolutional layers, the input is superimposed on
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the output by a jump connection. The presence of the jump connection allows passing the gradient obtained
near the result to the external network near the input, avoiding the gradient dispersion problem caused by
the angle only passing back through the deep network. The residual block in Fig. 3 is the optimized structure.
The original residual block consists of two 33 convolutions. The new structure compresses and expands the
feature map channels by using 11 convolutions to ensure the accuracy of the network while reducing the
number of parameters of the model and speeding up the forward inference of the network.
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Figure 3: Multiscale hybrid attention module

Meanwhile, to enable the network to thoroughly learn features of different scales and improve the
effectiveness of features, this paper extracts the output feature maps of Stage 1, Stage 3, and Stage 5,
respectively, based on the Resnet network, and for the input of 512%512 size, the output feature map sizes
are 128+128x64, 64x64x%512 and 16%16+2048, which correspond to the shallow texture features, intermediate
transition features and deep semantic features of the image respectively, and input to the subsequent
self-attention module for further channel screening of layer-by-layer features.

For the feature maps of different scales output by the residual network, this paper designs a self-
attentive module to further screen the different channel features in the feature maps. The design idea of this
module comes from the non-local mean (NLM) noise reduction algorithm, which suppresses the irrelevant
information in the image to express adequate information fully.

3.2 Self-Attention Module

The Self-Attention Convolution Module consists of self-attention convolution layer and global average
pooling layer. The input matrix x consisting of word embedding s € R"** and location embedding € R"*%
first passes through the self-attention convolution layer to obtain matrix ¢, and then passes through the global
average pooling layer to obtain matrix r.

CNNs perform discrete convolution operations on an input matrix using several different filters to
obtain local sentence feature. However, since the length of a sentence is often long and convolution processes
information in local neighborhoods, using only the convolutional layer in obtaining the long-distance
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semantic relationships is inefficient. For the issues, we adapt the non-local model of to introduce self-
attention to the CNN network. The proposed convolution block is called Self-Attention Convolution Block
(SACB) due to its self-attention module and SACB is shown in Fig. 4.
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Figure 4: Self-attention block

Given input matrix x € R (%*4) and a SACB of convolution kernel size s € {1,2,3,...}, we are able
to obtain the attention matrix & by computing two feature spaces ¢y = f (x) = Wyxand ¢g = g(x) = Wyx as
follows:

exp(hi;)
= 1
(xj > exp(hij)
h,-j=tanh(f(x,-)TWCg(xj)+bc) (2)
N T
oj:Zocj,--h(x,-) (3)

where the score a;; € [0,1] is the weight which represents the significance of the j-th location towards the
i-th location and )  a;; =1. W, b, is the parameter 2 of the model. Then we calculate the self-attention
convolution matrix by summing the ¢; = h(x) and a.

In this paper, we use self-attention convolution block of different sizes to form a self-attention convo-
lution layer so that we can learn the features of multiple granularities. In addition, to make the input and
output size consistent, we apply a zero-padding strategy before the self-attentive convolutional layer. Then
the output matrices of the three SACBs are concatenated together, which helps to aggregate the semantic
features and feed it to the global average pooling layer.

yi==2,0j (4)
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We use global average pooling to extract one feature for each filter using the pooling technique. It also
ensure that the information obtained by the SACBs is not lost. In addition, this method can handle variable
sentence lengths. These features form the final features obtained by the self-attention convolution module.

3.3 Decoders

The decoder is a symmetric structure of the encoder. During the construction of the encoder, the
spatial size information passed to the following layer decreases as the convolution layers are added. The
decoder should adjust the image size and the number of convolution layers to reconstruct the original image.
Transpose Convolution can increase the spatial size and convolution, but transpose convolution layers cause
artifacts in the final output image. In order to keep more critical information about the original image in
the reconstructed image, upsampling techniques are needed in the decoder. The most common upsampling
methods are UnPooling and UnSampling.

The process of UnPooling is shown in Fig. 5, where the maximum position information is retained
during Max pooling. Then the feature map is expanded with this information during the UnPooling phase,
and the rest is complemented by 0. This is the inverse of pooling, and restoring all the original data
through the pooling result is impossible. If you want to recover all the information from the pooled primary
information, the maximum information integrity can only be achieved through complementary positions.

Pooling Indices

MaxPooling ] UnPooling

Figure 5: UnPooling operation procedure

The process of UnSampling is shown in Fig. 6. This operation does not use the location information of
Max Pooling and directly copies the maximum expansion feature map.

MaxPooling ' — UnSampling

Figure 6: UnSampling operation procedure

In this paper, different upsampling operations are designed for decoders of different layers according
to the characteristics of shallow and deep layer features in the network. Considering the fact that the
information extracted from the shallow network structure is coarser and contains more useless information,
while the feature maps extracted from the deep network structure are smaller, rich in semantic information,
and contain relationships between global contexts, the up-sampling in the deep D4(-) and D3(-) layers in
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the process of designing the decoder uses the UnSampling operation, which directly copies the input feature
map content to expand the upsampling layer feature map; and in the shallow D2(-) and DI(:) upsampling
using the UnPooling operation, which records the location information of the maximum value at the time of
maximum pooling, and then uses this information in the upsampling phase to expand The feature map of the
upsampling layer is complemented by 0 except for the position of the maximum value. UnSampling preserves
the overall data features, and UnPooling preserves features with vital semantic information, typically texture
features. These two upsampling methods combine to compensate for the lost spatial feature information
while preserving important information in the original feature space.

4 Experiments

In this section, we conduct extensive experiments to evaluate medical image fusion methods based on
multiscale contextual reasoning.

4.1 Experiment Settings

Datasets: To further prove the effectiveness of our proposed fusion method, experiments were carried
out on different pairs of brain images (CT-MR/MR-PET). 10000 MRI-PET image pairs as the training set are
obtained from the Whole Brain Atlas (http://www.med.harvard.edu/aanlib/ (accessed on 10 July 2025)), and
their sizes are 256 x 256. The three medical image categories are shown in Fig. 7. In this paper, 60% of the
acquired data are used as the training set, 10% as the test set, and 30% of the data is used as the test set. The
fusion experiments results were analyzed with DenseFuse [22], IFCNN [26], NestFuse [27], FusionDN [32]
and FusionGAN [35] algorithms.

Figure 7: Multimodal images of the brain

Environment Configuration: All the algorithms are coded using python in PyCharm Community
Edition 2020. For each algorithm configuration and each instance, we carry out five independent replications
on the same AMD Ryzen 5 3500X 6-Core Processor CPU @ 3.60 GHz with 16.00-GB RAM and NVIDIA
GeForce GTX 1660 SUPER GPU in the 64-bit Windows 10 professional Operation System.

Model-Related Parameters: The kernel filter of the fusion network in this paper is initialized to a
truncated normal distribution with a standard deviation of 0.01 and a deviation of zero. Each layer has a step
size of 1 and no padding during convolution because each downsampling layer removes detailed information
from the input image, which is crucial for medical image fusion. We use batch normalization with a slope
of 0.2 and ReLU activation to avoid the problem of gradient disappearance. The network is trained for 200
epochs on a single GPU with a batch size of 1 and different \ € [0,1]. The Adam optimizer is used as the
optimization function in the backpropagation step with a learning rate of 0.002.
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4.2 Evaluation Criteria

We evaluate MMIF using six evaluation metrics: EN, SD, MI, SE, SM and VIFE. EN and SD indicate the
information contained in the input image. The larger the value, the better the fusion effect. The larger the
MI, the more original information and features of the source image can be preserved. The larger the QM and
VIF values, the more structural information of the source image is preserved by the fusion algorithm, and
more natural features can be generated. The SF is a measure of spatial frequency, which can be divided into
two cases. When SF > 0, it indicates that the image is over-fused and some distortion or noise is introduced.
When SF < 0, the image is under-fused, and some meaningful information is lost. Since all the results in
our experiments are in the under-fusion state, the smaller the absolute value, the better the fusion effect.
Since the values of different metrics vary widely, I adjusted some values to facilitate comparative analysis.
The value of each indicator is adjusted by linear transformation: y = kx + b. x is the original indicator value,
y is the transformed indicator, and k and b are two coefficients. The coeflicients are shown in Table 1. Where
k1 and bl are the fusion result settings for MRI-CT pairs, and k2 and b2 are the fusion result settings for
MRI-PET pairs.

Table 1: The coeflicients of linear transformation

Coefficients EN SD MI SF SM VIF

k1 1 01 1 1000 1000 1000
bl 0 0 -6 99 -2 1
k2 1 01 1 1000 1000 1000
b2 0 0 -7 999 -12 0

4.3 Experimental Results between the Proposed Method and Existing Methods

MRI is used to obtain electromagnetic signals based on the different attenuation of energy materials
in different structural environments of the body. MRI images have a high resolution and clear soft tissue
information to locate lesions better. PET images are obtained by injecting a radioisotope drug into the body,
which is metabolized by human tissues to cause the drug to decay and produce gamma photons, which are
then converted to light/electricity and processed by a computer into PET images. PET images have a lower
resolution and poorer localization ability. However, the fused MRI and PET raw images provide structural
and activity information with high spatial resolution. Fig. 8 shows the subjective evaluation of MRI-PET
fusion. Where (a) denotes MRI source image, (b) denotes PET source image, (c) denotes FusionDN fusion
method, (d) denotes FusionGAN fusion method, (e) denotes IFCNN fusion method, (f) denotes DenseFuse
fusion method, (g) denotes NestFuse fusion method, and (h) denotes MMIF fusion method proposed in
this paper.

Fig. 8 shows the fusion results of MRI-PET images of patients with brain tumors. We give eight sets of
MRI-PET fusion results to facilitate comparative analysis in Fig. 8. From these eight sets of results, we can
find that DenseFuse (f) can fuse MRI and PET images better with clear contours, but some artifacts make
the resultant images blurred by artificial factors. Texture details in IFCNN (e) are apparent, but more PET
information is discarded. The detail in NestFuse (g) is the opposite of that in IFCNN (e). The fusion results
of NestFuse (g) contain more information about PET but less about MRI. The fusion results of FusionDN (c)
are similar to the method proposed in this paper, which can retain the information of both original images
well. The contour information of FusionGAN (d) is clear, but the specific texture details could be clearer.
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Figure 8: Fused results of MRI-PET medical image fusion

Fig. 9 shows the MRI-CT fusion results. a and b are the original MRI and CT images, and the other
rows show the fusion results obtained by different methods. For comparison and analysis, we present the
fusion results of 7 groups of MRI-CT in Fig. 9. Fig. 9 shows the subjective evaluation of MRI-CT fusion.
Where (a) indicates the MRI source image, (b) indicates the CT source image, c indicates the FusionDN (c)
fusion method, d indicates the FusionGAN (d) fusion method, e indicates the IFCNN (e) fusion method,
(f) indicates the DenseFuse (f) fusion method, g indicates the NestFuse (g) fusion method and h indicates
the MMIF (h) fusion method proposed in this paper. Fig. 9c shows the fusion results obtained by DenseFuse
(f). LRR is used to extract the significant and low-rank parts of the image and then combine these two parts
to reconstruct the fused image. In Fig. 9¢, we can see that some details are lost, the reconstructed image is
incomplete, and the brightness of the fused image is lower than that of the original image. Fig. 9d shows the
fusion results obtained by IFCNN (e). The fusion strategy can be divided into three cases: the maximum,
average, and sum of two feature values. The IFCNN (e) algorithm uses the maximum value when processing
medical images. So in the experiment, I only list the results of the maximum fusion. From the visual effect, the
edges and internal regions are clear. Fig. 9¢ shows NestFuse (g) using the maximum fusion strategy. The idea
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of the NestFuse (g) algorithm is encoding, decoding, and fusion. The encoding includes double convolution
and pooling operations, and the decoding includes dual convolution and sampling operations. The network
structure is complicated, but deeper features can be obtained. From the results, it is similar to DenseFuse (f)
without clear texture details. Fig. 9f shows the fusion results obtained by FusionGAN (d). The fused image
has good contrast between light and dark and can retain the structure and luminance information of the two
source images well. Fig. 9¢ shows the fusion results obtained by FusionDN (c) based on a densely connected
network. The results of this method show that the brightness is improved, but some details are smoothed out.
The last result image is an application of the MMIF (h) method in this paper. Compared to other algorithms,
our fusion results have more suitable brightness, sharper contours, and finer textures. In addition, our results
preserve and enhance crucial medical information very well.

Figure 9: Fused results of MRI-CT medical image fusion
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4.4 Comparison of the Proposed Method with Advanced Method Statistics

The objective evaluation indexes of MRI-PET image fusion are shown in Table 2. The objective
evaluation indexes of MRI-CT image fusion are shown in Table 3.

Table 2: Objective evaluation results of image MRI-PET fusion

EN SD MI SF SM VIF SSMI PSNR

FusionDN  5.609 2.496 5217 -23 4.0 13 0.71 33
FusionGAN 5847 2297 5694 -26 3.6 13 0.80 36
IFCNN 6.063 2487 6127 -24 34 15 0.75 30
DenseFuse 5976 2.446 5951 -24 36 14 0.79 35
NestFuse 5716 2245 5431 -2.6 34 34 0.82 38
MMIF-Net 6.994 6.071 8919 -15 51 44 0.89 45

Table 3: Objective evaluation results of image MRI-CT fusion

EN SD MI SE SM VIF SSMI PSNR

FusionDN  5.952 2998 5.609 -19 49 16 0.73 35
FusionGAN 6.128 2.789 6.018 -22 41 16 0.82 38
IFCNN 6.631 2942 6992 -20 39 1.8 077 31
DenseFuse 6.278 2983 6.158 -2.0 41 17 0.80 34
NestFuse 6.056 2774 5893 -22 39 37 083 36
MMIF-Net 8.624 7532 9791 -11 6.2 53 0.8 46

The quantitative performance comparison of the results in the figure is given in Table 2. From Table 2,
it can be seen that the algorithm of this paper achieves the best results in the six objective evaluation indexes
of EN, SD, M, SF, SM, and VIF for MR-PET image fusion. This indicates that the algorithm of this paper has
richer fused image information and better edge contour fusion. The MMIF-Net-based image fusion method
has significantly improved in these six indexes compared with other methods. Combining the subjective and
objective evaluations, the quality of the fused images of this algorithm is better, and the fused images have
better fusion quality and better performance indexes when this algorithm is used for MRI and PET image
fusion compared with several other comparative algorithms.

Table 3 lists one evaluation metric in each column, where the bold numbers represent the maximum
values. Each row lists separately the values of MRI-CT images fused using different fusion methods and
evaluated on different metrics. The evaluation values of MMIF-Net fusion methods on EN, SD, MI, SM, and
VIF are much larger than those of other fusion methods. The metric values MMIF-Net for SD of the six
methods differ significantly from others. Because the SD index is the distance of each data from the mean,
it reflects the relationship between the data series and the mean and explains the data set’s dispersion. The
larger the value, the higher the measurement accuracy. SF is an image fusion metric based on the spatial
frequency error ratio. It is susceptible to small changes in image quality. The higher the absolute value of SE,
the better the fusion effect. Because the upper and lower layers can retain the structural features in the spatial
structure better but need to avoid the loss of specific details, the value will be relatively small for the method
in this paper.
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It can be seen from Tables 2 and 3 that the SD of the MMIF network is significantly improved. This
is firstly because the multi-scale module can capture the global contextual information of the brain tumor
and avoid structural breaks caused by local fusion; secondly, it suppresses the redundant response of the
background uniform tissue and highlights the grayscale variation of the brain tumor area; finally, we use
a multi-modal complementary optimization strategy in the multi-scale module to produce synergistic
enhancement through weight modulation when fusing images of different modalities.

4.5 Ablation Experiments

This paper studies the impact of each network module on the overall method and judges its performance
based on the fusion results. In addition, this paper lists the scores of each component on each indicator
through experimental control methods. MSL is a multi-scale module, SA is a self-attention mechanism
module, and FA is a fusion module. The scores of each network module on each indicator are shown
in Table 4.

Table 4: Comparison of ablation results

MSL SA FA EN SD MI SF SM VIF SSMI PSNR

4.042 3.264 5905 -26 46 3.7 0.60 29
v 5332 4.011 5997 -25 48 39 0.66 31
4 4 5956 538 7023 -20 53 41 078 37
4 v v 8624 7532 9791 -11 62 53 0.89 46

Ablation experiments show that the MSL module integrates multi-scale features through atrous spatial
pyramid pooling, significantly improving the EN and SD indicators and enhancing the ability to retain
details of small objects; the SA module uses a sparse self-attention mechanism to optimize feature selection,
performs outstandingly in the MI and SF indicators, and effectively captures cross-modal associations in
key areas; the FA module significantly improves SM and VIF through the synergy of channel attention and
deformable convolution, suppresses background noise and enhances texture alignment. The joint action of
the three modules improves SSMI and PSNR respectively, among which MSL provides multi-scale context,
SA strengthens semantic focus, and FA achieves cross-modal complementary fusion.

In order to verify the changes in parameters and inference speed in the MMIF-Net network, this paper
compares the original residual block (composed of two 3%3 convolutions) with the new residual block
(composed of three 1x1 convolutions). The comparison results are shown in Table 5.

Table 5: Comparison results of parameters and inference speed

Method Parameters (M) Inference speed (ms)
Original residual block 0.35 6.7
New residual block 0.16 5.1
Without bottleneck layer 1.18 8.2

By comparing the results, we can see that the residual block designed in this paper can compress and
expand the feature map channel, which reduces the number of model parameters and speeds up the forward
reasoning speed of the network while ensuring the network accuracy.
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5 Conclusion

This paper proposes a multimodal medical image fusion network based on multiscale hybrid attention.
The method first decomposes the original image to obtain the low-rank and salient parts. Then, extracting
features from different parts using a multiscale mechanism, which uses three filters of different sizes to
extract features in the coded network. Also, a hybrid attention module is introduced to obtain more image
details. Finally, the fused image is reconstructed by the decoding network. The attention module can not
only improve the noise immunity performance of the algorithm and the accuracy of fusion. And it can also
enhance the generalization ability of the convolutional network, which can fully reflect the importance of
spatial information and ensure the validity of the fusion results. The medical brain images are processed and
analyzed, including CT-MR image fusion and MR-PET image fusion. Experiments show that our method
has strong generalization and robustness for different types of image pairs compared with existing methods
and can achieve high-accuracy reconstruction. In the future, we will consider extending the framework
to integrate two or more imaging modalities, such as CT, MR, PET, SPECT, and DTI, and apply them to
clinical diagnosis.
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