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Abstract

Multimodal Medical Image Fusion (MMIF) aims to exploit the correlation and complemen-
tarity of different imaging modalities to integrate cross-modal information and provide
more potential support for clinical diagnosis. However, effectively preserving both shallow
and deep features of each modality while integrating multi-source representations remains
challenging, often leading to blurred edges and loss of fine details in fused images. To
address this issue, this paper proposes a novel Dual-stream Decoupled Feature parallel
alignment fusion network (DDFNet). Built upon an autoencoder (AE) framework, the
encoder adopts a dual-branch multi-scale design, consisting of a Detail Feature Extrac-
tion Module (DFEM) and a Global Context Feature Extraction Module (GCFEM). These
two parallel branches leverage the complementary advantages of CNNs and Transformers
to capture local details and global contextual dependencies, respectively, while operating
independently without feature interference. In addition, an Improved Multi-scale Cross-
alignment and Spatial Attention Fusion module (IMSC-SAF) is introduced to enhance
feature integration. It performs complementary feature alignment and cross-attention to
strengthen multiscale interactions, while a spatial attention mechanism highlights spatially
salient regions. The decoder then reconstructs the fused representation and generates
the final fused image. Extensive experiments on publicly available datasets from Har-
vard Medical School demonstrate that the proposed method achieves competitive fusion
performance. In particular, DDFNet consistently obtains the highest MI, VIF, and SSIM
values across the evaluated datasets while maintaining competitive results in the remaining
objective metrics. Qualitative comparisons further demonstrate that the proposed method
effectively preserves complementary anatomical and functional information, producing
visually balanced fusion results.

Keywords: decoupled feature extraction; deep learning; CNN and transformer; multimodal
medical image fusion network; parallel alignment fusion

1. Introduction
Over the past decade or so, the tremendous development in the medical and health

field has spurred the production of various imaging sensors, and medical images acquired
using different imaging modes are widely used in clinical diagnostic medical applications.
Relying on a single imaging modality often fails to provide comprehensive information
about human organs or lesions, which is necessary to ensure the accuracy of clinical sce-
narios and the thoroughness of examinations [1]. At the same time, different imaging
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technologies differ in terms of resolution and contrast, and each imaging technology has
its limitations. Different imaging modalities provide different information about the same
organ in the body [2]. Among them, MRI, X-ray, CT, and US can all show the location,
size, and shape of lesions, as well as the morphological and structural changes they cause
in surrounding tissues, thus providing more comprehensive anatomical and structural
information. To gain a deeper understanding of the biological processes of tumors and
their soft tissue and functional information, PET, functional MRI, and SPECT are becoming
increasingly common. In the diagnosis and treatment of the same human organ, multi-
modal medical image fusion technology has been explored as a useful tool for integrating
complementary anatomical and functional information from different imaging modalities,
thereby supporting clinical scenarios, treatment planning, and disease monitoring [3,4].

Over the past few decades, image fusion methods have evolved into various technical
directions [5]. In this process, based on the core technologies they employ, they can be
classified into two main types: one is fusion methods based on traditional image processing
techniques [6], and the other is fusion methods based on deep learning techniques [7].
The purpose of both is to fuse multiple images of different modalities into an image
with comprehensive information. Traditional medical image fusion methods primarily
include: spatial-domain methods [8], frequency-domain methods [9], sparse representation
methods [10], and saliency-based methods [11], among others. Most traditional image
fusion methods are designed manually, relying on prior human understanding of image
features to design fusion rules. Traditional methods are limited by their inherent framework,
manually designed fusion rules, and complex manual design, which not only restrict
performance optimization but also lead to low inference efficiency, making them unsuitable
for strict real-time requirements in medical scenarios.

Deep learning-based methods can be divided into end-to-end deep learning methods
and non-end-to-end deep learning methods [12,13]. These methods have inherent deep
feature learning capabilities, and their end-to-end architecture avoids the manual design
of fusion strategies, significantly improving fusion performance and efficiency. Although
deep learning-based medical image fusion methods, especially those using independent
encoders and multi-scale feature extraction strategies, have made significant progress, there
is still a neglected bottleneck in mainstream designs regarding the key issue of how to most
effectively preserve and integrate features of different properties.

As summarized in Figure 1, early autoencoder-based multimodal medical image fusion
(MMIF) frameworks mainly relied on pixel-level fusion or single-encoder architectures,
as shown in Figure 1a,b. More recent methods generally adopt one of two representative
feature extraction paradigms. The first directly propagates shallow feature representations
into deeper layers for hierarchical encoding (Figure 1c). Although this strategy facilitates
progressive feature abstraction, shallow detail features and deep contextual representations
become increasingly entangled during hierarchical encoding, leading to the degradation
of fine-grained spatial information and weakening the preservation of modality-specific
characteristics. The second paradigm extracts shallow and deep features in parallel and
subsequently fuses them through direct element-wise addition within a shared feature space
(Figure 1d). While this design improves feature aggregation efficiency, it implicitly assumes
semantic compatibility between heterogeneous feature representations. Consequently,
structural details and contextual information may interfere with each other before fusion,
preventing complementary features from being preserved independently and ultimately
limiting multimodal feature representation and fusion performance. On the other hand,
convolutional neural networks (CNNs) focus excessively on local information, and their
limited receptive field makes it difficult to extract global information from an image. While
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the Transformer model excels at global modeling by extracting global information, it
neglects local details and has higher computational complexity.

Figure 1. Representative feature extraction paradigms and their inherent limitations in existing
autoencoder-based multimodal medical image fusion (MMIF) frameworks.

To address these limitations, we propose a Dual-stream Decoupled Feature Parallel
Alignment Fusion Network (DDFNet), in which shallow detail features and deep contextual
features are extracted independently to avoid feature entanglement during representation
learning. Instead of directly mixing multi-level features in a shared feature space, DDFNet
introduces an alignment-guided fusion strategy to enable complementary interaction while
mitigating feature interference, thereby improving multimodal medical image fusion per-
formance. The encoder part is a dual-branch, multi-scale design that combines the global
context awareness of the Transformer with the local feature extraction efficiency of the CNN.
The core of DFEM is lightweight convolution and residual connections, which enables
efficient extraction of high-frequency detail information. GCFEM consists of a cascaded
hierarchical convolutional encoder (HCE) and a global context transformer (GCT). The
HCE progressively encodes hierarchical local representations and performs spatial down-
sampling, thereby significantly reducing the computational complexity of the subsequent
GCT. Based on the compressed representation, the GCT further captures global context
dependencies, thereby extracting deep feature representations. The features are fed in
parallel into the IMSC-SAF fusion module, which employs feature alignment and different
attention mechanisms to adaptively integrate information from these two different scales,
thereby facilitating deep interaction between cross-modal features. The reconstruction mod-
ule performs precise, high-fidelity decoding of the features output by the fusion module
and maps them back to the image pixel space. The novelty of DDFNet does not stem from
introducing a new CNN, Transformer, or attention mechanism individually, but from the
proposed decoupled feature representation framework, alignment-guided fusion strategy,
and the collaborative interaction among these components.
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The main contributions of this study are summarized as follows:

(1) We propose a Dual-stream Decoupled Feature Parallel Alignment Fusion Network
(DDFNet) for multimodal medical image fusion. Unlike conventional autoencoder-
based fusion frameworks that directly mix shallow and deep representations, DDFNet
explicitly decouples detail and contextual feature extraction into two parallel process-
ing streams and performs alignment-guided feature interaction, thereby alleviating
feature entanglement and improving feature complementarity.

(2) We develop a decoupled feature representation strategy that independently models
shallow spatial details and deep contextual information. By preserving these com-
plementary representations before fusion, the proposed strategy reduces information
interference caused by serial feature extraction or direct feature mixing in a shared
feature space.

(3) We design an alignment-guided fusion mechanism by integrating feature alignment,
multi-scale cross-attention, and lightweight spatial attention into a unified fusion
module. The proposed interaction strategy enables more effective complementary
fusion between decoupled features while mitigating feature mismatch and informa-
tion interference.

2. Related Work
This section provides a brief review of relevant methods and representative works

on deep learning-based multimodal medical image fusion, and outlines the development
process of the Transformer architecture in visual tasks.

2.1. Deep Learning-Based Methods for Multimodal Medical Image Fusion

A large number of deep learning-based techniques have been developed in the field
of medical image fusion, among which end-to-end fusion methods have become a ma-
jor research focus. In general, the deep learning-based image fusion pipeline consists of
three key stages: feature extraction and processing, feature fusion, and feature reconstruc-
tion [12]. Existing deep learning-based multimodal image fusion methods involve a variety
of network architectures, mainly including autoencoders (AEs), generative adversarial
networks (GANs), convolutional neural networks (CNNs), Transformers, and diffusion
models [14]. Since it is extremely difficult to obtain ground-truth images for medical image
fusion tasks, most mainstream deep learning-based methods adopt unsupervised training
strategies [12]. These methods typically construct loss functions by measuring the differ-
ences between the fused image and each source image, thereby driving the optimization of
network parameters.

2.2. CNN-Based MMIF Methods

CNNs are among the most widely adopted deep learning models for MMIF due to
their strong capability in extracting local spatial features and preserving fine structural
details [15]. Liu et al. [16] first introduced CNNs into the image fusion field and pro-
posed a deep convolutional neural network for multi-focus image fusion. Subsequently,
Zhang et al. [17] developed IFCNN, a fully convolutional framework that performs feature
extraction, feature fusion, and image reconstruction in an end-to-end manner. Xu and
Ma et al. [18] proposed EMFusion, an unsupervised medical image fusion network that
enhances information preservation through both shallow- and deep-level supervision. Han
et al. [19] proposed IE-CFRN, which introduces shallow feature interaction at each stage of
hierarchical feature extraction.
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However, due to the inherently local receptive field of convolution, CNN-based
methods are limited in capturing long-range contextual dependencies, making it difficult
to fully model global semantic information in MMIF tasks.

2.3. Transformer-Based MMIF Methods

Transformer, originally proposed by Vaswani et al. [20], captures long-range depen-
dencies through self-attention and has been widely adopted in multimodal medical image
fusion following the introduction of the Vision Transformer (ViT) [21] and the Swin Trans-
former [22], owing to its superior capability for global contextual modeling [22–27]. In
MMIF, Tang et al. [28] proposed the Multi-scale Adaptive Transformer (MATR), which
enhances global semantic representation through an adaptive Transformer architecture.
Ma et al. [29] introduced SwinFusion, a general image fusion framework that combines
cross-domain long-range dependency modeling with the Swin Transformer for multimodal
image fusion. Wang et al. [30] further proposed SwinFuse, which exploits hierarchical self-
attention to improve the interaction between local and global features, thereby enhancing
the visual quality of fused images.

Such architectures prioritize global contextual representation, often at the expense
of fine-grained structural detail preservation and the independent modeling of modality-
specific complementary information.

2.4. Hybrid CNN–Transformer Autoencoder Frameworks

Hybrid CNN–Transformer autoencoder frameworks have emerged as a represen-
tative paradigm for multimodal medical image fusion, where feature extraction, fea-
ture fusion, and image reconstruction are jointly optimized in an end-to-end manner.
Early autoencoder-based MMIF frameworks typically relied on a single encoder for mul-
timodal feature extraction, followed by feature fusion and image reconstruction through
a decoder. Such designs, predominantly based on CNNs [17,18] and more recently ex-
tended to Transformers [28,30], encode heterogeneous modalities within a unified fea-
ture extraction pathway. As a result, modality-specific characteristics tend to become
coupled during representation learning, making it difficult to preserve complementary
information independently.

To address this limitation, recent studies have increasingly integrated CNNs and
Transformers within autoencoder frameworks to jointly exploit local detail perception and
global contextual modeling. Representative methods, such as SwinFusion [29], LRFNet [31],
and FATFusion [32], have demonstrated improved fusion performance by leveraging the
complementary strengths of convolution and self-attention mechanisms.

Nevertheless, most existing hybrid architectures still rely on a unified feature extraction
and representation paradigm, which limits the independent preservation of shallow detail
features and deep contextual information. Consequently, modality-specific complementary
characteristics cannot be fully disentangled, which restricts the expressive capability of
learned representations, and most fusion strategies lack an explicit mechanism to address
inter-modal feature misalignment, ultimately limiting fusion performance. Therefore,
designing an effective feature representation framework that explicitly decouples and
collaboratively exploits these complementary characteristics remains an important research
direction in multimodal medical image fusion.

We propose a parallel decoupled alignment-fusion paradigm that extracts local and
global features via independent dual streams and explicitly rectifies inter-modal spatial
misalignment prior to fusion.
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3. Proposed Method
To address the aforementioned challenges in MMIF, we propose a fusion network

named DDFNet, whose overall architecture is illustrated in Figure 2a. Built upon an AE-
based architecture, the proposed network mainly consists of a Detail Feature Extraction
Module (DFEM), a Global Context Feature Extraction Module (GCFEM), an advanced
improved multiscale cross-alignment and spatial attention fusion module (IMSC-SAF), and
an image reconstruction module.

 

Figure 2. (a) The overall network structure of DDFNet, consisting of DFEM, GCFEM, IMSC-SAF, and
IRM; (b,c) The framework of DFEM, GCFEM; (d,e) The framework of HCE, GCT.

RGB-to-YCbCr transformation is a widely used strategy for addressing the fusion
problem between three-channel RGB functional images and single-channel grayscale struc-
tural images [33,34]. Specifically, let the MRI image be denoted as Ia ∈ RH×W×Ca and the
PET/SPECT image as Ib ∈ RH×W×Cb , where W and H denote the width and height of the
image, respectively, and Ca and Cb represent the number of channels. After applying the
RGB-to-YCbCr transformation, the PET/SPECT image is decomposed into three channels,
denoted as IY

b , ICb
b and ICr

b , respectively. Subsequently, Ia and IY
b are fed into the proposed

DDFNet. The shallow features extracted from the two inputs by the Detail Feature Extrac-
tion Module are concatenated, while the deep features extracted by the Global Context
Feature Extraction Module are also concatenated, resulting in unified shallow and deep
feature representations. These two aligned feature streams are then treated as explicit and
complementary inputs to the subsequent feature fusion and reconstruction modules. The
fused image in the Y channel is represented as IY

f , and the final RGB fused image If is gener-
ated through the inverse YCbCr-to-RGB transformation. Therefore, the proposed network
performs fusion only on the luminance (Y) channel, while the chrominance components are
preserved without participating in the learning process. This design enables the network to
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focus on learning complementary structural and functional information in the luminance
domain while preserving the original functional color representation.

3.1. Feature Extraction Encoder Module

Feature extraction is a crucial step for the model to understand image information.
To enhance the feature saliency of structurally informative regions, a dual-branch multi-
scale feature extraction module is proposed to perform specialized processing of feature
information at different levels. By employing a parallel-branch structure, the module is
capable of simultaneously capturing local detail features and global contextual information
in medical images.

Specifically, we design a Detail Feature Extraction Module (DFEM) to preserve spatial
details and local structural information during fusion. As shown in Figure 2b, the DFEM
employs a lightweight convolutional architecture with residual connection to balance detail
representation and computational efficiency. It contains two cascaded convolutional layers
followed by BN, where Leaky ReLU and SiLU are used as the activation functions. Both
layers use a kernel size of 3 × 3 and a stride of 1. A 1 × 1 convolution is further introduced
for channel matching in the residual path, which facilitates feature reuse and alleviates
gradient vanishing. The base convolution channel number of DFEM is set to 16, and the
output feature dimension is maintained at 16 for subsequent feature extraction and fusion.
The above operations can be formulated as follows:

FOut1 = LReLU(BN(Conv(IIn))) (1)

FOut2 = BN(Conv(FOut1)) (2)

FDFEM
Out = SILU(FOut2 + Conv1×1(IIn)) (3)

where FOut1 and FOut2 represent the outputs of the first and second convolutional lay-
ers, respectively; FDFEM

Out denotes the output feature generated by the DFEM; LReLU and
SILU denote the activation functions; BN denotes the normalization operation; Conv and
Conv1×1 represent the 3 × 3 and 1 × 1 convolutions operations, respectively; and IIn

denotes the input image feature; and “+” denotes the residual connection.
As shown in Figure 2c, the Global Context Feature Extraction Module (GCFEM) con-

sists of a Hierarchical Convolutional Encoder (HCE) and a Global Contextual Transformer
(GCT). The HCE employs convolutional layers to progressively extract local contextual
representations while reducing feature dimensions, thereby generating compact feature
embeddings for subsequent Transformer processing and significantly reducing the com-
putational burden of the self-attention mechanism. Subsequently, the GCT leverages
self-attention to capture global contextual relationships and long-range dependencies,
thereby improving the global discriminative capability of the features. In this way, the con-
volutional encoder and the Transformer complement each other, with the former providing
efficient local feature modeling and compact representations, and the latter enhancing
global contextual reasoning through self-attention.

In the HCE module, a hierarchical progressive structure is adopted to balance receptive
field expansion and feature representation capability. As shown in Figure 2d, the network
consists of four cascaded “convolution-normalization-activation-pooling” units. In each
unit, a 3 × 3 convolution is used to extract local features and expand the channel dimension,
while max pooling performs downsampling. After four downsampling stages, a dilated
convolutional layer is introduced to enlarge the receptive field without changing the spatial
resolution, thereby capturing richer multi-scale contextual information. The convolutional
layers use a kernel size of 3 × 3 with a stride of 1, the max-pooling layers use a kernel size
of 2 × 2 with a stride of 2, and the dilated convolution uses a kernel size of 3 × 3, a padding
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of 2, and a dilation rate of 2. The intermediate feature channels are progressively increased
from 16 to 32, 64, and 128 to enlarge the receptive field and enhance hierarchical contextual
representation. The above process can be formulated as follows:

FHCE
Out = LReLU(BN(DilatedConv(
MaxPool2×2(LReLU(BN(Conv(
MaxPool2×2(LReLU(BN(Conv(
MaxPool2×2(LReLU(BN(Conv(

MaxPool2×2(LReLU(BN(Conv(IIn))))))))))))))

(4)

where FHCE
Out denotes the output feature of the HCE, MaxPool2×2 denotes the 2 × 2 max-

pooling operation, and Conv denotes the 3 × 3 convolution operation.
Inspired by the patch embedding strategy in the Vision Transformer, we design a Fea-

ture Sequence Projection Block (FSPB) to transform the feature maps produced by the HCE
into a sequence format compatible with the Transformer architecture. This process involves
flattening the spatial dimensions, projecting the features to the target dimension via a linear
layer, and adding positional encoding to retain spatial information.

In the GCT module, Transformer blocks derived from the Vision Transformer and
Swin Transformer are directly introduced. The specific structure is shown in Figure 2e. The
module consists of two Transformer Layer Blocks (TLBs), resulting in a lightweight design.
The first TLB contains two residual units: the first is composed of layer normalization (LN)
and multi-head self-attention (MSA), while the second consists of LN and a multilayer
perceptron (MLP). The second TLB shares the same structure but replaces MSA with shifted
window-based multi-head self-attention (SW-MSA), thereby reducing computational com-
plexity relative to global attention. The embedding dimension of the GCT is set to 64, with
four attention heads and an MLP ratio of 4.0, corresponding to a hidden dimension of
256. The window size was empirically set to 8 × 8, following the common configuration
adopted in Swin Transformer-based vision models. To improve computational efficiency,
the Transformer operates only on compressed 16 × 16 feature maps, rather than the original
high-resolution features.

FTLB
Out1 = MLP(LN(MSA(LN(FFSP

Out)) + FFSP
Out))

+MSA(LN(FFSP
Out)) + FFSP

Out
(5)

FGCT
Out = MLP(LN(SWMSA(LN(FTLB

Out1)) + FTLB
Out1))

+MSA(LN(FTLB
Out1)) + FTLB

Out1
(6)

where FTLB
Out1 and FGCT

Out represent the output of the first TLB and the output of the GCT
module, respectively; LN denotes Layer Normalization; MSA denotes the multi-head self-
attention operation, MLP denotes the computation process of the multilayer perceptron,
and SWMSA denotes the shifted window-based multi-head self-attention operation; FFSP

Out
denotes the output of the FSPB module and “+” denotes the residual connection.

After the GCT, we design a Sequence-to-Feature Map Reconstruction module to
restore the Transformer output sequence into a feature map representation. This process is
implemented through dimension transposition and reconstruction, which recovers spatial
positional information and provides a standard input format for subsequent feature fusion.

3.2. Feature Fusion Module

The fusion module is designed to integrate the features extracted in the previous
stage, enabling complementary and collaborative interactions across modalities and feature
levels. To this end, we propose an Improved Multiscale Cross-alignment and Spatial
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Attention Fusion module (IMSC-SAF) to effectively integrate shallow detail features and
deep contextual information. Specifically, the proposed IMSC-SAF consists of a Multiscale
Cross-alignment Fusion (MSC-AF) module for feature alignment and cross-scale interaction,
followed by a lightweight spatial attention module for spatial refinement of the fused
features. The overall architecture is shown in Figure 3.

 

Figure 3. The specific network structure of IMSC-SAF.

Compared with the original MSC module, the proposed MSC-AF introduces three key
improvements to enhance feature alignment and cross-modal feature fusion. Based on
the original MSC module [35], we first use a 1 × 1 convolution layer to project the input
features from the two branches into a unified 128-channel dimension, and employ adaptive
average pooling to align their spatial sizes, thereby addressing the fusion bottleneck caused
by feature mismatch. A residual connection is further introduced into the multi-scale
pooling branch to preserve the original feature information. Meanwhile, adaptive average
pooling not only achieves spatial alignment but also reduces the sequence length required
for the subsequent cross-attention mechanism. The improved module is termed Multiscale
Cross-attention with Alignment Fusion (MSC-AF). While retaining the advantages of
multi-scale perception and sparse cross-attention fusion in the original module, MSC-AF
enables more efficient feature alignment and preliminary fusion. These three modifications
distinguish MSC-AF from the original MSC module while retaining its advantages in
multi-scale perception and sparse cross-attention fusion, thereby enabling more effective
feature alignment and preliminary cross-modal feature fusion.

To further refine the fused representations and enhance their focus on key anatomical
structures, a lightweight spatial attention module is cascaded after the MSC-AF module.
This module aggregates cross-channel information from the preliminarily fused feature
maps to generate a spatial attention map, which adaptively emphasizes informative anatom-
ical regions while suppressing less relevant responses. The specific operation is formulated
as follows:

MS(FMSC-AF
Out ) = Mul(Sig(Conv7×7(CAT(AvgPool(FMSC-AF

Out ),
MaxPool(FMSC-AF

Out )))), FMSC-AF
Out )

(7)

where FMSC-AF
Out denotes the output of the MSC-AF module, CAT denotes the channel-wise

concatenation operation, Mul denotes the multiplication operation, Sig denotes the Sigmoid
activation function, Conv7×7 denotes the 7 × 7 convolution operation, and AvgPool and
MaxPool denote the average pooling and max pooling operations, respectively.

3.3. Feature Reconstruction Decoder Module

The image reconstruction module is the final step in AE-based multimodal image
fusion. To restore the spatial size of the fused image, bilinear interpolation is adopted for
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upsampling. Each upsampling block consists of an upsampling operation followed by
a convolutional layer, where the convolution is used to refine the up sampled features,
recover image details and clarity, and reduce the feature dimension. In this way, smooth
upsampling is achieved while artifacts are alleviated. The detailed structure is shown in
Figure 4.

 

Figure 4. The framework of image reconstruction module (IRM).

3.4. Loss Function

To supervise the training and preserve the original image features, a composite loss
function consisting of structural similarity (SSIM) loss, content loss, and gradient loss is
employed. The structural similarity index (SSIM) measures image similarity by compar-
ing luminance, contrast, and structure. Based on the design principles of the SSIM loss
function [36], it is defined as follows:

LSSIM = 1 − SSIM(IY
f , Ia) + α · (1 − SSIM(IY

f , IY
b )) (8)

where Ia and IY
b represent the source images, IY

f represents the fused image, α is a weighting
factor used to balance the contribution of each source image in the SSIM calculation, and
SSIM(·) denotes the structural similarity operation. The SSIM is defined as follows:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(9)

where µ, σxy, and σ2 denote the mean, covariance, and variance, respectively, and C1 and
C2 are constants used to stabilize the computation.

LSSIM is adopted to constrain the structural similarity between the fused image and
the source images. To further preserve fine details, we introduce both content loss and
gradient loss. Instead of forcing the fused image to approximate a single-source modality,
the pixel-wise maximum operation is adopted as a surrogate supervision to encourage the
preservation of the dominant complementary responses from both modalities. Since MRI
mainly provides anatomical structures, whereas CT, PET, and SPECT provide complemen-
tary density or functional information, the pixel-wise maximum helps reduce the loss of
salient modality-specific information during optimization while avoiding excessive bias
toward either modality. These two pixel-wise losses jointly form the edge loss function [37].
Specifically, the content loss Lc is used for intensity constraint and is defined as follows:

Lc =
1

H × W
∥IY

f − max(Ia, IY
b )∥1 (10)

where H and W denote the height and width of the fused image IY
f , respectively, and max(·)

and ∥·∥1 denote the maximum operation and the L1 norm, respectively.
The gradient loss Lg is employed to preserve texture details and is defined as follows:

Lg =
1

H × W
|||∇IY

f | − max(|∇Ia|, |∇IY
b |)||1, (11)
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where ∇ represents the Sobel operator for gradient calculation, and |·| denotes the absolute
value operation. Accordingly, the edge loss is defined as follows:

LE = LC + βLg (12)

The parameter β controls the trade-off between the content loss and the gradient loss.
Accordingly, the overall loss function is defined as follows:

Ltotal = LSSIM + γLE (13)

where γ is a hyperparameter for balancing the total loss Ltotal so as to obtain high-quality
fused images.

4. Experiments and Results
In this section, we first describe the datasets, training details, comparison methods,

and evaluation metrics. Then, qualitative and quantitative comparisons are conducted
between DDFNet and several state-of-the-art fusion methods. Finally, the experimental
results are further analyzed and discussed.

4.1. Datasets and Experimental Settings

The Harvard Medical Image Dataset is a widely used dataset for multimodal medical
image fusion [28,29,34]. All the images used in this experiment are from the publicly
available Harvard dataset. We downloaded 413 pairs of MRI and SPECT images, and
167 pairs of MRI and CT images. Each image has a resolution of 256 × 256 pixels. The
datasets were split into training and testing sets with a 9:1 ratio, resulting in 372 training
and 41 testing pairs for MRI-SPECT, and 150 training and 17 testing pairs for MRI-CT. To
avoid data leakage, all datasets were split at the subject level, ensuring that image pairs
from the same subject do not appear in both training and testing sets. Additionally, 32 pairs
of MRI and PET images were downloaded for generalization experiments, and were not
involved in training or parameter tuning. No additional preprocessing was performed on
the data, except for converting PET/SPECT images to the YCbCr color space and separating
the Y channel.

All experiments in this study were implemented and trained using the PyTorch2.0
framework on an Intel Core i5-13600KF CPU and an NVIDIA GeForce RTX 4070Ti GPU.
During the training phase, the Adam optimizer was used with a learning rate of 0.0001,
a batch size of 4, and a total of 100 epochs. The hyperparameters α and γ in the loss function
were set to 1 and 0.1, respectively. Since the two source modalities are considered equally
important during fusion, α was set to 1 to assign equal weights to both source images
in the SSIM loss. Li et al. [37] recommended setting β to 10, and we adopted this value
accordingly to balance the content and gradient losses. The parameter γ was empirically
set to 0.1 based on preliminary experiments. A larger γ places excessive emphasis on the
edge loss, which degrades the overall fusion quality and weakens structural consistency.

4.2. Comparison Methods and Evaluation Metrics

To objectively and quantitatively evaluate the fusion results, six mainstream evalu-
ation metrics are employed: Entropy [38] (EN), Spatial Frequency [39] (SF), Normalized
Weighted Edge Information [40] (QAB/F), Mutual Information [41] (MI), Visual Information
Fidelity [42] (VIF), and Structural Similarity Index [36] (SSIM).

A brief introduction to each metric is as follows: EN measures the amount of infor-
mation contained in the fused image. SF measures the gradient distribution of the fused
image to evaluate the level of detail and texture preservation. QAB/F measures the amount
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of edge information transferred from the source images to the fused image. MI measures
the amount of information transferred from the source image to the fused image. VIF
quantifies the similarity and mutual information between the source and fused images
in the feature space. SSIM is used to model the level of distortion and loss in the image,
thereby reflecting the structural similarity between images.

To validate the effectiveness of the proposed method, we compare it with one tradi-
tional method and six deep learning-based methods: LRD [43], IFCNN [17], SwinFuse [30],
MATR [28], M4Fnet [44], LRFNet [31], and FATFusion [32]. For all comparison methods,
we used either publicly available implementations or re-implemented them according to
the original papers. All deep learning-based methods were implemented using the official
codes and retrained on the same training datasets with the default hyperparameter settings
recommended by the original authors. Qualitative and quantitative results are provided
for each fusion task, with LRD being the traditional method.

4.3. Analysis of Results
4.3.1. Qualitative Evaluation

We apply the proposed method along with seven existing methods to the fusion tasks
of SPECT-MRI, PET-MRI, and CT-MRI, selecting nine image pairs for visualization analysis.
Three fusion results are presented for each modality. Additionally, to provide a clearer view
of the images, a region of interest from each image is zoomed in for better observation.

Figure 5 presents the fusion results of three pairs of MRI and SPECT images using
eight fusion methods. The fused images generated by the traditional method LRD exhibit
significant artifacts. Both LRD and IFCNN show noticeable color shifts compared with the
source functional images. SwinFuse preserves the chromatic appearance of the functional
images but loses some anatomical structural details. M4FNet improves structural feature
extraction compared with SwinFuse but does not adequately preserve fine edge details
from the MRI images. FATFusion changes the intensity distribution of the MRI regions. The
fusion results of MATR and LRFNet show relatively limited distortions, although slight
artifacts remain. In comparison, the proposed method preserves more distinguishable
anatomical structures while maintaining a more consistent intensity distribution. The
fused images also retain the functional characteristics of the source SPECT images without
introducing obvious visual artifacts.

Figure 5. Qualitative comparison of our DDFNet with seven methods on three MRI and SPECT
image pairs. The red boxes indicate the regions enlarged for detailed comparison.

To further evaluate the generalization capability of the proposed method, experiments
were conducted on MRI–PET image pairs. As shown in Figure 6, LRD still exhibits consider-
able artifacts, while both LRD and IFCNN suffer from noticeable color distortion. SwinFuse
shows limited capability in preserving anatomical structural information. M4FNet does
not adequately preserve fine texture details in the MRI images and produces relatively low-
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intensity edge regions. MATR effectively preserves anatomical information but weakens
the intensity characteristics of the PET images. FATFusion changes the intensity distribution
of the MRI regions. The proposed method effectively preserves anatomical texture details
while maintaining the functional characteristics presented in the PET images, resulting in
visually consistent fusion results with well-preserved edge structures.

Figure 6. Qualitative comparison of our DDFNet with seven methods on three MRI and PET image
pairs. The red boxes indicate the regions enlarged for detailed comparison.

Figure 7 shows the fusion results of three pairs of MRI and CT images using eight
fusion methods. LRD suffers from insufficient image clarity, resulting in detail loss and
visible artifacts. Although the remaining deep learning-based methods generally produce
satisfactory fusion results, differences remain in preserving edge details and smooth tissue
regions. IFCNN produces relatively dark fused images, while SwinFuse overemphasizes
CT information and weakens important MRI structural details. M4FNet loses part of
the MRI structural information and reduces the visibility of dense CT structures. MATR,
LRFNet, and FATFusion weaken the intensity characteristics of CT images, leading to slight
structural degradation. In comparison, the proposed method better preserves anatomical
edge structures while maintaining the complementary information from both MRI and CT
images, producing visually consistent fusion results with fewer observable artifacts.

Figure 7. Qualitative comparison of our DDFNet with seven methods on three MRI and CT image
pairs. The red boxes indicate the regions enlarged for detailed comparison.

4.3.2. Quantitative Evaluation

This paper conducts a quantitative analysis of eight fusion methods using six evalua-
tion metrics, where higher values indicate better performance for EN, SF, QAB/F, MI, VIF,
and SSIM.

Tables 1–3 present the objective evaluation results of the comparison experiments on
the MRI-SPECT, MRI-PET, and MRI-CT datasets. The traditional method LRD achieves
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the highest EN across all three datasets. The traditional method LRD achieves the highest
EN across all three datasets. Since EN mainly measures information richness rather than
information quality, higher EN values may also reflect the preservation of additional
redundant or noisy information. Specifically, the proposed method maintains the highest
values of MI, VIF and SSIM across all three datasets. The superior MI values indicate
that the proposed network is capable of effectively exploiting complementary information
among different modalities. The improvement in VIF further demonstrates that the fused
images can better preserve perceptually important information that is sensitive to the
human visual system. Meanwhile, the highest SSIM values further verify the superiority
of the proposed method in maintaining overall anatomical structures and global tissue
consistency. In contrast, the SF and QAB/F metrics mainly emphasize the preservation of
high-frequency textures, gradient variations, and edge information. DDFNet focuses more
on deep contextual information modeling and cross-modal global feature fusion, without
explicitly introducing edge enhancement or gradient sharpening mechanisms. Although
the proposed method is slightly inferior to some edge-oriented approaches in terms of local
high-frequency edge-related metrics, it emphasizes balanced integration of anatomical
structures and functional information through hierarchical feature extraction and adaptive
feature fusion. Consequently, the proposed method achieves competitive performance in
terms of overall structural consistency, functional continuity, and visual naturalness.

Table 1. The quantitative comparison results between the proposed DDFNet method and seven com-
petitors in SPECT and MRI image fusion; Bold indicates the best value and “Ours” denotes the
proposed DDFNet method.

Methods EN SF QAB/F MI VIF SSIM

LRD 5.5469 21.8757 0.7742 2.6996 0.2901 0.4303
IFCNN 4.8473 22.2159 0.3396 2.8989 0.3131 0.7264

SwinFuse 4.1252 16.1417 0.3683 1.7471 0.1512 0.6811
MATR 5.0662 18.3919 0.5710 2.0142 0.3543 0.3219

M4FNet 4.7532 11.6992 0.4499 1.9846 0.2397 0.7288
LRFNet 4.6630 19.5461 0.7924 1.6743 0.2975 0.7308

FATFusion 5.0428 24.5715 0.6298 3.0511 0.9169 0.7042
Ours 5.0047 18.6447 0.4458 3.1610 0.9385 0.7481

Table 2. The quantitative comparison results between the proposed DDFNet method and seven com-
petitors in PET and MRI image fusion; bold indicates the best value.

Methods EN SF QAB/F MI VIF SSIM

LRD 6.1949 32.9063 0.7570 2.4181 0.2825 0.4358
IFCNN 5.3622 35.8321 0.3581 2.7374 0.2873 0.7084

SwinFuse 3.8945 23.4588 0.2254 1.6154 0.1652 0.6443
MATR 5.6839 27.1778 0.5967 1.7983 0.3187 0.3505

M4FNet 5.2278 18.7558 0.4961 2.2216 0.3346 0.6607
LRFNet 5.2656 30.4594 0.7807 1.7109 0.3109 0.6918

FATFusion 5.5687 37.3221 0.6397 2.7614 0.6937 0.6911
Ours 5.5065 29.1240 0.4495 2.8490 0.8541 0.7123

Overall, DDFNet demonstrates competitive overall performance across the three datasets.
In particular, it consistently achieves the highest MI, VIF, and SSIM values while maintain-
ing competitive performance on the remaining evaluation metrics, objectively demonstrat-
ing the effectiveness and robustness of the proposed method. The model demonstrates
promising cross-modal transfer, warranting further validation on larger PET cohorts.
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Table 3. The quantitative comparison results between the proposed DDFNet method and seven com-
petitors in CT and MRI image fusion; bold indicates the best value.

Methods EN SF QAB/F MI VIF SSIM

LRD 5.2818 28.6095 0.5651 2.6891 0.2247 0.4706
IFCNN 4.5850 33.5509 0.2436 2.8040 0.2392 0.7332

SwinFuse 4.1550 36.7577 0.4677 1.9260 0.1690 0.7130
MATR 4.8523 18.3892 0.5419 2.0255 0.3629 0.2817

M4FNet 4.2225 19.1717 0.4002 1.8746 0.1851 0.7286
LRFNet 4.4852 22.4555 0.4492 1.5167 0.2312 0.7320

FATFusion 4.5514 26.0713 0.5415 2.8637 0.6662 0.7157
Ours 4.5798 24.9870 0.3272 2.9158 0.7899 0.7468

4.4. Ablation Experiment

To validate the rationality of different modules in DDFNet, ablation experiments were
designed focusing on the two stages of feature extraction and feature fusion. The evaluation
was conducted using the seven metrics mentioned earlier. In addition, the visual effects of
the ablation experiments on the MRI-PET modality are shown in Figure 8. Specifically, the
experimental setups are as shown below.

 

Figure 8. The fusion results of ablation experiments in MRI-SPECT. The red boxes indicate the regions
enlarged for detailed comparison.

Without using DFEM, the network relies solely on GCFEM and the subsequent fusion
modules for feature modeling and fusion. Without using GCFEM, only the shallow features
extracted by DFEM are used for fusion. With the basic feature alignment operation retained,
the multi-scale sparse cross-attention mechanism (MSC-CA) is removed. The spatial
attention mechanism in the IMSC-SAF module is removed, leaving only the multi-scale
cross-fusion structure, thus achieving the complete DDFNet network model.

Table 4 presents the results of the ablation experiments, demonstrating that the removal
of key modules leads to a performance degradation in fusion, validating the necessity of
each module in DDFNet. Specifically, the absence of the feature extraction module weakens
the model’s ability to model detail information or global context, while removing the
attention mechanism in the fusion stage limits the effective integration of cross-modal
information and modeling of key regions. In contrast, the complete DDFNet model shows
more stable and balanced performance across various evaluation metrics, indicating that
the proposed modular design effectively enhances the quality of multimodal medical
image fusion. The fused images exhibit a good balance in terms of detail clarity, structural
consistency, and modality complementarity, confirming the rationality and effectiveness of
the proposed network structure design.
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Table 4. Results of ablation experiments in MRI-SPECT; bold indicates the best value.

Modality Experiments EN SF QAB/F MI VIF SSIM

MRI–SPECT

w/o DFEM 4.9908 18.6674 0.4318 3.1533 0.9187 0.7394
w/o GCFEM 4.9841 18.1141 0.4305 3.0590 0.8241 0.7255
w/o MSC-CA 4.9778 18.7225 0.4374 3.1479 0.9284 0.7283

w/o SA 4.9966 18.7064 0.4383 3.1501 0.9279 0.7365
Full DDFNet (Ours) 5.0047 18.6447 0.4458 3.1610 0.9385 0.7481

5. Conclusions
In this paper, we propose a novel network called DDFNet for multimodal medical

image fusion. The network is designed to address the entanglement of detail information
and global contextual information during feature transmission. Unlike conventional archi-
tectures that rely on a unified feature extraction paradigm, the proposed method introduces
a dual-stream decoupled feature learning strategy to explicitly separate the modeling of
local detail information and global contextual dependencies.

Specifically, the Detail Feature Extraction Module (DFEM) is designed to preserve
fine-grained spatial details and local structural information, while the Global Context
Feature Extraction Module (GCFEM) is constructed with a hierarchical convolutional
encoder and a Transformer-based global context modeling branch to capture long-range
dependencies efficiently. These two complementary feature streams are then jointly fed into
the IMSC-SAF fusion module, where cross-attention and spatial attention mechanisms are
employed to achieve adaptive feature alignment and multi-scale information integration.
Extensive experimental results and ablation studies further validate the effectiveness of each
component. In particular, DFEM significantly enhances fine-grained detail preservation,
while GCFEM improves global contextual modeling capability. Moreover, the proposed
IMSC-SAF module effectively facilitates cross-modal feature alignment and adaptive multi-
scale fusion, leading to superior fusion performance.

The experimental results demonstrate that the proposed architecture achieves im-
proved fusion performance in both qualitative and quantitative evaluations, particularly in
terms of detail preservation and contextual consistency.

To further evaluate the computational efficiency of the proposed method, we report
its model complexity. The proposed DDFNet contains 1.32 M parameters and achieves
3.60 GFLOPs with an inference time of 14.7 ms per image, demonstrating that the incorpora-
tion of Transformer-based modules does not significantly increase computational overhead
due to the use of compressed feature representations. The proposed network demonstrates
competitive performance on various medical image fusion tasks and achieves a reasonable
trade-off among model size, efficiency, and fusion quality. Nevertheless, some limitations
still remain. In future work, we will develop a more general fusion network for multimodal
imaging scenarios in different domains, with greater emphasis on the practical requirements
of downstream vision tasks or a radiologist-led reader study to provide expert subjective
assessment and further establish the clinical value of the proposed fusion approach.
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