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OPEN A stochastic structural similarity

guided approach for multi-modal
medical image fusion
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Zheming Wang?™*

Multi-modal medical image fusion (MMIF) aims to integrate complementary information from
different modalities to obtain a fused image that contains more comprehensive details, providing
clinicians with a more thorough reference for diagnosis. However, most existing deep learning-based
fusion methods predominantly focus on the local statistical features within images, which limits the
ability of the model to capture long-range dependencies and correlations within source images, thus
compromising fusion performance. To address this issue, we propose an unsupervised image fusion
method guided by stochastic structural similarity (S3IMFusion). This method incorporates a multi-
scale fusion network based on CNN and Transformer modules to extract complementary information
from the images effectively. During the training, a loss function with the ability to interact global
contextual information was designed. Specifically, a random sorting index is generated based on the
source images, and pixel features are mixed and rearranged between the fused and source images
according to this index. The structural similarity loss is then computed by averaging the losses between
pixel blocks of the rearranged images. This ensures that the fusion result preserves the globally
correlated complementary features from the source images. Experimental results on the Harvard
dataset demonstrate that S3IMFusion outperforms existing methods, achieving more accurate fusion
of medical images. Additionally, we extend the method to infrared and visible image fusion tasks, with
results indicating that S3IMFusion exhibits excellent generalization performance.

Keywords Medical image fusion, Structural similarity, Local information and global information, Deep
learning

In clinical practice, image scans are essential screening methods to obtain the imaging characteristics of the
diseased tissue. For instance, single-photon emission computed tomography (SPECT) effectively detects the
activity and metabolic strength of human tissue cells by injecting a radioactive tracer into the patient’s body
and analyzing the emitted light. Another well-known technique is magnetic resonance imaging (MRI), which
uses electromagnetic waves to characterize the soft tissues of the body. For tissues and organs with higher
density, such as bones, computed tomography (CT) is commonly used. CT employs a narrow beam of X-rays
to generate cross-sectional images of the body (slices) at a specific thickness. Unfortunately, each of these
imaging techniques has its limitations when used independently. SPECT monitors the metabolic activity of
tissue cells but provides blurred images, often losing information about tissue structure. Magnetic resonance
imaging captures soft tissues, particularly in the brain, with high resolution, but lacks detailed information about
the skeleton. CT enhances the details of high-density tissues compared to MRI, but soft tissues are displayed
at a lower resolution. These limitations make it tedious and time-consuming for clinicians to switch between
different imaging modalities to obtain more comprehensive patient information. As shown in Fig. 1, multi-
modal medical image fusion combines complementary information from multiple modalities to create a single
image with richer details, providing clinicians with a more accurate imaging basis for patient diagnosis and
treatment!2. This technology is widely applied in intraoperative navigation®, tumor segmentation* and adjuvant
radiotherapy®.

Currently, deep learning-based methods are the dominant algorithms for medical image fusion®’. These
methods use convolutional neural networks (CNNs) to extract and fuse image features®. The fusion strategies
in these methods are typically learned by the network itself, without manual intervention. Coupled with the
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Fig. 1. Schematic of multimodal medical image fusion.

powerful representational capacity of CNNs, this has led to impressive performance in image fusion tasks.
However, convolutional operations inherently limit the receptive field of the network, resulting in insufficient
consideration of long-range correlations within the image, thus limiting the fusion performance. To address
this, many researchers have introduced transformers to improve the ability of the network to model long-range
dependencies, partially alleviating the issue, but a complete solution has not yet been found!’. Moreover, since
image fusion lacks a ground truth, it is inherently an unsupervised problem. The performance of fusion models
largely depends on the design of the loss function. Existing fusion methods typically design the loss function
based on local statistical information between pixel points, overlooking the importance of non-local features
within the image. This limitation constrains the overall performance of fusion networks.To address this issue,
this paper proposes a multi-modal medical image fusion method guided by stochastic structural similarity,
called S3IMFusion. First, we design a fusion framework using a convolutional neural network combined with
transformer architecture, enabling the model to correlate both local and global features in the image. Then, we
propose a stochastic structural similarity loss function that preserves the complementary information from the
input images in the fusion result by constructing a stochastic structural feature similarity loss between the fused
image and the source images. This results in a fused image with richer information. The main contributions of
this paper are summarized as follows:

« We propose an end-to-end medical image fusion network, termed S3IMFusion, which is capable of extracting
and fusing both local detail features and non-local complementary features from the input images, resulting
in fused image with richer feature representations.

o We design a novel loss function that effectively interacts with both local and non-local features. Specifically,
the features of the fused result and source images are randomly shuffled along the pixel columns, creating
an image that incorporates non-local features. The structural similarity loss is then computed between the
shuffled fused result and the source images, thereby enhancing the global feature correlation within the fused
image.

o We evaluate the performance of S3AIMFusion on CT-MRI image fusion and SPECT-MRI image fusion tasks.
Experimental results demonstrate that the network exhibits excellent fusion performance, preserving signifi-
cant structural and tissue information from the input images in the fusion results. Furthermore, experiments
on the RoadScene dataset show that S3IMFusion can be seamlessly extended to infrared and visible image
fusion tasks, yielding satisfactory results.

Related works
In this section, we present related works on traditional medical image fusion methods and deep learning-based
medical image fusion methods.

Traditional medical image fusion methods

Many multi-modal medical image fusion methods have been proposed in the last decade or more!!. Multi-
scale decomposition-based ideas have historically been predominant in traditional fusion methods, in which
source images are decomposed into different components, a fusion strategy is manually set to combine these
components, and the fused image is reconstructed by a corresponding inverse transformation'2. Such fusion
methods include pyramid transform!’; wavelet-based methods!®, including shearlet transform'’, discrete
wavelet!®, and stationary wavelet!’; and other transform methods'®. Harmanpreet et al.!” proposed a fusion
framework based on multi-scale edge-preserving filters and visual saliency detection, which effectively solves
the problem of high computational complexity of fusion algorithms. To alleviate the problem of losing critical
information in original image, Harmanpreet et al.?’ decompose the image into detail and base layers based on an
anisotropic diffusion filter, and then fuse the different feature components so as to effectively retain the critical
information in the source image. However, a common problem with these methods is that they use the same
decomposition method for images of different modalities. Note that a single decomposition is usually unable
to represent the whole image feature distribution. In addition, the manually designed fusion strategies are also
not generalizable due to the incomplete fusion of complementary information in different modalities medical
images. Moreover, it is computationally infeasible to implement these traditional methods for a large image
dataset.
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Deep learning-based medical image fusion methods
In recent years, deep learning-based medical image fusion methods have been proposed?'. Lui et al.*? introduced
deep learning into the field of medical image fusion for the first time, which computed the weight map for image
fusion by CNN for fusing CT and MR images. However, stacking multiple convolution layers resulted in the
algorithm losing the underlying information in the images and increased the computational burden. To alleviate
the problem, Zhang et al.?* proposed a fast unified image fusion network called PMGI, which models the image
fusion problem uniformly as a texture and intensity preservation problem of an image, and then exchanges
intensity and texture information in the image using CNN with different channels. This method achieves a
unified image fusion task, but the algorithm tends to over-fuse redundant features in the image, resulting in
artifacts that adversely affect the accuracy of the fusion. Xu et al.?* proposed an unsupervised, unified end-to-
end image fusion network called U2Fusion by utilizing CNN for feature extraction and information metrics
on images. This method achieves unified processing by preserving adaptive similarity between the fused image
and the source images. A notable disadvantage is that the simplicity of the fusion rule leads to the omission of
important information from the original image in the fused images. Zhang et al.>® proposed the IFCNN fusion
method, which involves extracting salient features from the source images using CNN, followed by fusing these
features using element-wise maximum and minimum operations, and finally reconstructing the fused image
through a reconstruction network. In this method, a unified image fusion framework is achieved by combining
deep learning with manual fusion strategies. However, the use of an element-level fusion strategy makes the
network susceptible to noise. Wang et al.® proposed a generalized fusion framework based on the mask attention
mechanism, which incorporates information filtering and fusion control strategies to enhance the retention of
complementary information while eliminating redundant features in the fusion result. Although existing deep
learning-based medical image fusion methods can achieve good performance in many tasks, there are still some
shortcomings. Since existing deep learning-based methods typically rely on a convolutional operation which
only extract local features in images, and do not make good use of global features, which means that global
semantic information is often ignored. In addition, the aforementioned methods rely on loss functions primarily
derived from pixel-level features, making them susceptible to noise interference.

Transformer is first applied in the field of natural language processing (NLP) and achieved great success
It has also found applications in the field of computer vision for tasks?®-l. In image fusion task, Ma et
al*? proposed a universal image fusion framework based on Swin Transformer. By modeling long-range
dependencies in the source images, the network can fully achieve domain specific information extraction and
cross domain complementary information integration, while maintaining appropriate apparent strength from a
global perspective. However, a significant drawback of this method is its reliance solely on the Transformer for
fusion strategy design, which results in limited extraction of global contextual features within the image. Tang et
al.*® proposed an unsupervised multi-modal medical image fusion method by introducing adaptive convolution
and multi-scale adaptive Transformer to model long-range dependencies. This method can effectively extend
to infrared and visible image fusion tasks, but it is challenging to generalize this method to CT and MRI image
fusion tasks. Rao et al.** proposed a fusion method for infrared and visible images based on Transformer. By
designing different attention modules, the fusion performance of the network is improved by interacting the
attention module with the Transformer fusion module, and at the same time refining the fusion relationship
in the spatial and cross-channel ranges. While this method achieves good results above the retention of global
information, it looses portion local information, resulting in fused images with artifacts. Yang et al.**proposed a
generalized image fusion network that combines Transformer and diffusion models. The image is first compressed
into low-resolution latent features through encoder downsampling, which are then decoded by a decoder to
preserve the high-resolution information. Finally, a Transformer-based denoising network and fusion network
are employed to ensure the fusion produces highly detailed images. Liu et al.3® proposed a multi-scale feature
fusion network based on MixFormer, which enhances scale diversity in the fusion results by utilizing MixFormer
as the backbone for feature extraction. A feature fusion module based on multi-source spatial attention is then
designed to perform multi-scale fusion of features from the source image. Although this method demonstrates
excellent fusion performance, the network architecture exhibits high complexity and substantial computational
overhead. Moreover, the above Transformer-based methods do not make full use of the complementariness
of global and local information. While it is important to consider global information, local features cannot be
ignored as they carry local complementary information. It turns out that these Transformer-based methods use
loss functions at the pixel level, which makes it difficult to measure the complementariness of global and local
information.

27

Proposed method

This section first presents the framework of the proposed end to end multi-modal medical image fusion network.
Then, we present the details of the structure containing local and non-local feature extraction modules. Finally,
the design of the loss function is presented.

Network architecture

The framework of the S3IMFusion network is illustrated in Fig. 2. Initially, the input images from different
modalities are concatenated along the channel dimension, and a single-layer convolutional network is employed
to perform hybrid feature extraction. The feature extraction process is then divided into two primary branches:
salient feature extraction and multi-scale feature extraction. The salient feature extraction branch is responsible
for capturing high-level features, such as contours and object boundaries, which are crucial for identifying
anatomical structures in medical images. The multi-scale feature extraction branch, on the other hand, is
designed to extract complementary information across various scales, enhancing the network’s ability to capture
both fine-grained and global details. Subsequently, a stacked Transformer block is incorporated to model
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Fig. 2. The framework of the proposed S3IMFusion.

non-local dependencies and long-range correlations within the image, further improving the fusion process.
Finally, a weighted fusion strategy is applied to combine the feature components from each branch, followed by
a convolutional layer to reconstruct the fused image. The detailed structures of each branch are described in the
following sections.

Salient feature extraction subnetwork

Salient information, such as contours and targets within the input image, constitutes crucial feature components.
Efficient extraction of this information is essential for the subsequent reconstruction of high-quality fused
images. Typically, this salient information manifests as higher pixel intensity values within the image. As shown
in Fig. 2, we propose a salient feature extraction sub-network based on convolution and maximum pooling
operations. The process begins with the combination of features extracted from the source images via a CNN.
We then apply a convolutional layer with a kernel size of 3 x 3, followed by a max-pooling layer. Next, attention
weights are computed using a sigmoid function, generating a saliency weight map. Finally, the output of the
subnetwork is obtained by performing element-wise multiplication between the results of the Relu activation
function and the saliency weight map. The formula is expressed in Eq. (1).

Fout = Relu(BN(Conv(Fir))) ® sigmoid(M P(Conv(Fin))), (1)

where Fin, Fout and @ denote the hybrid features extracted via the convolutional layer, salient feature and the
product of their corresponding elements. Meanwhile, Conv(-), BN(-), M P(-), sigmoid and Relu(-) denote
the convolutional operation, Batch normalization, Max-pooling, activation function and Rectified linear unit,
respectively.

Complementary detail feature extraction subnetwork

The hybrid features extracted from the input image after the initial convolutional block contain complex
complementary features across different channels, which are essential for enhancing the detail clarity of the
fused image. To further capture these complementary details, we developed a complementary detail feature
extraction subnetwork. This subnetwork, depicted as the second and third branches in Fig. 2, is constructed
using skip connections between convolutional layers. Additionally, to improve feature reuse across different
branches, multi-scale features are cascaded between branches and re-fed into the next convolutional layer of
both branches. This approach ensures that information at multiple scales can effectively interact between the
branches, facilitating better feature fusion.

Global correlation feature extraction module

In the previous subnetwork design, a series of convolutional operations are employed to extract multi-scale and
salient features from the image. However, CNN are limited by their restricted receptive field, which hampers the
network’s ability to capture global correlation information in the image. In contrast, the Transformer module
mitigates this issue through its self-attention mechanism and positional encoding, which effectively preserve
global correlation information®. To address the receptive field limitation of the subnetwork, we designed a
Transformer-based global correlation feature extraction module. As shown in Fig. 2, the global correlation
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feature extraction module, located at the upper right, is constructed by connecting multiple Transformer units.
This module operates in two stages: the first is the multi-head attention calculation, expressed in Eq. (2).

F3" = MSA (LN (FS")) + FJ, )

where MSA(-), LN(-), Fi and FZ*" denote the multi-head attention computation, layer normalization
operation, the input and output features of the module, respectively.
The second stage is multi-layer perceptual computation, which is represented by Eq. (3).

Fo" = MLP (LN (FQ")) + Fq*, (3)
where F "' denotes the output of the global feature extraction block, LN (-) denotes the layer normalization
operation and M LP(-) represents the multi-layer perception. The outputs of the global feature extraction

module are then integrated through a weighted combination of features. Finally, the fused image is reconstructed
by applying a convolutional layer followed by a tanh activation function.

Loss function

Stochastic structural similarity loss

Existing learning-based medical image fusion methods usually rely on the pixel-level structural similarity in
the images to design the loss function®. The formula for calculating the pixel level structural similarity between
images is shown in Eq. (4).

(2papty +c1)(200y + c2)

SSIM(®Y) = (a2 T e (o2 + o3 + aa)’

(4)

where (x, y) denotes the corresponding pixel position indexes of different images; i, by .0z ,0y and oz, denote
the expectation, variance and covariance of pixels in a localized region in image respectively, c1 and ¢z are
hyperparameters.

Although pixel-level loss functions effectively preserve local structural and luminance information in
the input images, they typically fail to capture long-range dependencies and neglect non-local correlation
information. Based on this consideration and motivated by this article’®, we propose a novel loss function that
effectively preserves non-local correlation information in the fused image. Specifically, during the computation
of the structural similarity loss, we first introduce a random permutation of pixel orderings in both the fusion
result and the input images to disrupt the pixel-localized statistical properties. This random shuffling step
removes any spatial correlation between pixels across the images. The permuted images are then divided into
equally sized image blocks. For each corresponding pair of blocks from the fusion result and the input image,
the structural similarity is computed separately. The average structural similarity loss across all image blocks is
then calculated, yielding the final loss. This process effectively computes a random structural similarity loss for
the fusion result and the input image pair. The mathematical formulation is described in Eq. (5).

M M
. _ 1 (m) (m) L (m) (m)
Lsim (I, Io, Ipus) = 1= 5oz Z SSIM(P"™ (1), P (Ijus)) + 577 Z SSIM(P"™ (1), P'™ (I1.s)), (5)

m=1 m=1

where SSIM denotes the similarity computed in an image region with a window size of k X k and a stride of k,
I, I and I£,s denote the input images and the fused image respectively; pm) (L), pm) (I2) and pm (Tfus)
denote a randomly selected pixel blocks of size 64 X 64 in the input images and the fused image respectively.

Detailed texture loss
To ensure that the fusion result retains sufficient texture details, we employ a gradient distribution to capture the
texture information within the image. Additionally, we design a gradient loss function, as expressed in Eq. (6).

Lgrad = HmaX (V]17VI2) _VIfU5||17 (6)
where V and || - ||1 denote the Sobel gradient operator and /1 norm. By enforcing the gradient distribution
of the fused image to align with the image exhibiting the largest gradient magnitude in the input, we obtain a

fusion result with enhanced clarity. To prevent the fusion result from becoming excessively sharp or introducing
artifacts such as halos or ringing, we introduce a smoothing loss function, which is defined as Eq. (7).

Lsmnoth = ||Il - Ifus||2 + HIQ - [fusH27 (7)

By implementing consistency between the pixel intensities of the fusion result and those of the input images,
the network generates a fused image that is both sharper and smoother. Ultimately, the total loss function is
formulated as a weighted combination of the individual loss terms.

Ltotal = ’YlLsSim + 'YQLgrad + 73Lsmooth (8)

Where 71, 72 and 3 are weight hyperparameters.
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Experiments and analysis of results
In this section, we experimentally validate the fusion performance of S3IMFusion on two datasets. These include
CT and MRI image fusion, SPECT and MRI image fusion and IR and visible image fusion.

Datasets and training details

In this paper, two datasets are utilized. The first is a publicly available multi-modal medical image dataset sourced
from the Harvard database, which contains 350 pairs of CT/SPECT and MRI images, each with a resolution of
256 x 256. This dataset is widely used in medical image fusion research and provides an effective benchmark
for evaluating the performance of fusion models. The second dataset, RoadScene?’, is employed for the task of
infrared and visible image fusion. It consists primarily of pairs of infrared and visible images depicting various
scenes, including streets, pedestrians, vehicles, and buildings.

The experiments are implemented via the PyTorch framework on an NVIDIA GeForce RTX 3090 GPU.
During training process, model parameters are updated using an Adam optimizer with a learning rate of 0.001,
the batch size of 16, and the number of epochs is 100. The hyperparameters in the loss function are set as y1 =
10,v2 =5,and y3 = 1.

Comparison methods and evaluation metrics

In this section, we evaluate the fusion performance of the proposed S3IMFusion by comparing it with six state-
of-the-art methods: EMFusion*', IFCNN?>, MATR??, MUFusion*?, U2Fusion?*, and DGcGAN*. IFCNN and
MUFusion represent medical image fusion methods that rely exclusively on convolutional neural networks
(CNNs). U2Fusion is a versatile image fusion approach that demonstrates exceptional performance not only
in medical image fusion but also in infrared-visible image fusion, as well as in multi-focus and multi-exposure
scenarios. MATR combines CNN and transformer architectures for image fusion, while DGcGAN leverages
generative adversarial networks (GANs) to perform image fusion. EMMA* is a self-supervised fusion method
with a priori knowledge of the principles of optical imaging. INet** is a medical image fusion method that
combines discrete wavelet transform with reversible networks.

To thoroughly evaluate the fusion performance of S3IMFusion, we employ eight widely recognized image
quality assessment metrics: entropy (EN)*, average gradient (AG)*, mutual information (MI)*8, structural
similarity index (SSIM)*, peak signal-to-noise ratio (PSNR)*’, Qabf>!, sum of the correlations of differences
(SCD)*?, and spatial frequency (SF)**. EN quantifies the information content within an image, providing insights
into its richness. AG measures the average local pixel value variations and is commonly used to assess texture and
detail preservation. MI evaluates the capacity of fusion methods to retain original information, with higher values
indicating better information preservation. SSIM offers a holistic assessment by evaluating brightness, contrast,
and structural similarity between images. PSNR quantifies the signal-to-noise ratio between the original and
fused images, offering a measure of image fidelity. Qabf, based on the Bandlet transform, emphasizes spectral
and spatial fidelity, as well as global consistency in image fusion evaluation. SCD analyzes pixel differences across
multiple scales, providing an assessment of information retention. SF reflects the retention of fine image details,
such as texture and edges, and assesses the ability of the fusion model to preserve these features. By employing
these metrics, a comprehensive and objective evaluation of the fusion performance of S3IMFusion is achieved.

CT and MRI image fusion
The experimental results of our proposed S3IMFusion on the Harvard dataset are shown in Fig. 3.

To provide a more detailed and illustrative evaluation, we select two local regions (indicated by red-
boxed areas) for zoomed-in visual comparisons of the fused images. Each of the compared methods exhibits
distinct strengths and limitations. The DDcGAN method enhances the brightness of fused images; however,
it introduces significant artifacts, leading to pronounced blurring and reduced structural integrity. EMFusion
effectively integrates salient features from CT images into the fused outputs, though at the cost of losing texture
details from MRI images. A similar compromise is observed in the IFCNN method. MATR demonstrates a
notable ability to combine detailed texture information and salient features, yet suffers from visible blurring
and reduced brightness in the fused images, particularly in the CT-MRI fusion context. MUFusion introduces
undesirable noise artifacts, severely compromising the visual quality of the fusion results. U2Fusion excels at
incorporating intricate details from MRI images into the fused outputs but neglects critical complementary
information from CT images, resulting in a loss of balance between modalities. EMMA effectively preserves
the salient features of the original image; however, the fusion result suffers from a lack of fine-grained detail,
leading to insufficient representation of intricate information. INet achieves a more complete preservation of the
mutual information from the original image in the fused output, owing to the reversibility of the network, which
effectively mitigates information loss. Nevertheless, this approach is plagued by the issue of color distortion.
In contrast, the proposed S3IMFusion method demonstrates superior performance by effectively preserving
salient features from CT images while maintaining the intricate texture details from MRI images. Moreover, it
achieves an optimal balance between brightness and detail preservation, resulting in fused images with enhanced
visual clarity and overall quality. This capability underscores the robustness and effectiveness of S3IMFusion in
handling multi-modal medical image fusion tasks.

Table 1 presents the evaluation results derived from the eight metrics mentioned earlier. This evaluation is
conducted using 21 pairs of CT and MRI images. For each metric, the final score is calculated by averaging the
assessment scores of the 21 test samples. From Table 1, it can be seen that the proposed S3IMFusion method
performs well in EN, AG and MI. INet achieves excellent results on SSIM, Qabf and SCD metrics, due to the
information lossless extraction capability of the invertible network, which allows it to retain more structural
information in the image. S3IMFusion also demonstrates relatively sub-optimal results in metrics such as PSNR
and SSIM. Both U2Fusion and MUFusion demonstrate superior performance in terms of PSNR and SF metrics.
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Fig. 3. Results of CT and MRI image fusion on Harvard.

EN AG M1 SSIM | PSNR | Qabf | SCD | SF
EMFusion | 4.301 |5.009 |3.09 |0.825 | 62.983 | 0.429 |0.942 |22.291
IFCNN 5.071 | 4.851 |3.144 | 0.547 | 63.11 |0.39 |0.75 |22.816
MATR 4.898 | 4.044 | 2.649 | 0.403 | 62.428 | 0.255 | 0.085 | 13.747
MUFusion | 5.252 | 7.956 |2.736 |0.51 |61.725 |0.412 | 0.779 | 38.366
U2Fusion | 4.631 | 5.295 | 2.599 |0.507 | 63.796 | 0.411 | 0.509 | 18.621
DDcGAN | 5231 | 7.964 |2.387 [0.07 |59.249 |0.276 | 1.037 | 30.06
EMMA 5364 | 7.373 | 2.943 | 0.862 | 62.182 | 0.509 | 1.518 |24.904
INet 4.752 | 7.634 | 2.828 | 0.915 | 61.4 0.524 | 1.662 | 33.362
Proposed | 5.414 | 8.045 | 3.196 | 0.885 | 63.664 | 0.415 | 1.569 | 38.077

Table 1. Results of the eight evaluation metrics on CT and MRI fusion. Bolded text indicates optimal model
performance.

The comprehensive analysis underscores the stability of S3SIMFusion in producing fused images and its capability
to achieve higher-quality outputs by effectively integrating both global and local features from the source images.

SPECT and MRI image fusion

When fusing SPECT and MRI images, the SPECT image is initially transformed from the RGB color space to
the YUV color space. In this representation, the U and V channels capture the chromaticity information of
the image, while the Y channel encapsulates the luminance information. To leverage the luminance details for
fusion, the Y-channel features are directly utilized in combination with the MRI image to generate the grayscale
fusion result. Subsequently, the RGB fusion result is reconstructed by reintegrating the chromaticity information
preserved in the U and V channels. The detailed workflow of this process is illustrated in Fig. 4.

Similarly, we conducted experiments using the Harvard dataset, and the experimental comparison results
are shown in Fig. 5, where the local features of the fusion results are zoomed in and labeled with green and red
rectangular boxes for comparison purposes.

As illustrated in Fig. 5, for images containing rich and intricate features, the existing methods fail to achieve
a satisfactory fusion of SPECT and MRI images. The EMFusion method effectively preserves texture details
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Fig. 5. Results of SPECT and MRI image fusion.

from MRI images; however, it tends to lose critical structural information, particularly in organ structures
such as the human eye. In contrast, the DDcGAN method excels at fusing contour information from both
modalities but compromises the preservation of texture details from MRI images, thus negatively impacting the
overall clarity of the fused image. Additionally, significant color distortion occurs when fusing the chromaticity
information from the SPECT images. The fused images generated by IFCNN appear excessively smoothed,
lacking adequate preservation of texture details from the source images. The MATR method, while successful
in fusing detailed texture and salient features, suffers from over-fusion, retaining excessive chromaticity
information, and neglecting important texture features from MRI images. MUFusion struggles to harmoniously
integrate complementary information, resulting in fused images with low clarity. Similarly, while U2Fusion
manages to retain complementary information, it introduces artifacts that degrade the overall image quality.
EMMA effectively preserves contour and target information within an image; however, it is less effective at
retaining edge intensity information, as exemplified by the region of the eyeball highlighted in the green box
of the third result. This leads to blurring in the fused image. In contrast, INet excels at preserving detailed
texture information and produces high-definition fusion results. Nevertheless, it tends to lose some intensity
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information, as indicated by the red rectangular box in the first fusion result, which results in the loss of edge
features. In contrast, our proposed S3IMFusion method effectively preserves complementary information from
both modalities, seamlessly integrating salient features from SPECT images with texture information from
MRI images. Moreover, S3AIMFusion generates fused images with superior clarity, retaining more chromaticity
information and texture details compared to existing methods. To further assess the performance, we conduct
objective evaluations of the fused images using the eight metrics previously mentioned.

As shown in Table 2, the quantitative evaluation results for S3IMFusion demonstrate its superior performance
across seven metrics, including EN, AG, MI, SSIM and SE EMMA achieves optimal performance in terms of
PSNR and Qabf metrics, owing to the network training process being aligned with the principles of optical
imaging. This alignment enables the network to adhere to the iso-realistic a priori, resulting in fusion outputs
that are clearer and richer in detail. The superior performance of INet in SCD metrics can be attributed to
its multichannel lossless feature extraction method, which enhances the consistency of the fusion results.
These results align with the findings in Table 1, further highlighting the ability of S3IMFusion to maintain
exceptional fusion quality, even when dealing with more complex image features. This underscores the enhanced
generalization capability of S3IMFusion in comparison to other fusion methods.

Analysis of loss function

To evaluate the efficacy of the global similarity loss and random region pixel intensity loss functions proposed
in this study, we conduct an ablation experiment on the loss functions. In this experiment, the proposed loss
functions are replaced with traditional structural similarity loss and pixel intensity loss functions, while all other
conditions are kept consistent. This approach aims to isolate and assess the specific impact of these novel loss
functions on the overall performance. The Lqy, is described in Eq. (9).

Loy, = 71(1 - SSIM) + '72Lgrad + '73Lsmooth7 (9)

where SSIM, Lgraq and Lsmootn denote structure similarity index, gradient loss and smoothing loss, and 1, 2
and 3 are the corresponding weighting parameters.

The experimental results are presented in Fig. 6. The fusion network trained exclusively with the general
similarity loss function fails to adequately preserve global complementary information during the fusion
process, as evidenced by the blurred texture details and poorly preserved salient features in the fused images. In
contrast, the network guided by the proposed loss function demonstrates a significant improvement. It effectively
integrates complementary features from the source images, resulting in a fused image with sharper definition
and richer texture details. Similarly, the results across the eight evaluation metrics, as shown in Table 3, further
corroborate these findings. From a comprehensive perspective, S3IMFusion with L¢o:q; exhibits substantial
advantages in visual perception indices. When L;otaq; is replaced with Lqs, a notable decline is observed in the
indices related to both image features and image structure in the fused images. This indicates that L;o¢q; plays a
crucial role in enhancing edge information and preserving fine texture details in the fused image.

Extension to infrared and visible image fusion

In general, RGB camera imaging offers the advantages of rich texture and high clarity. However, in extreme
weather conditions or low-light environments, a single RGB camera struggles to effectively capture the external
world. In contrast, infrared cameras leverage thermal radiation to image objects, offering superior stability and
reliability under challenging conditions. Therefore, the fusion of infrared and visible light images can capitalize
on the complementary strengths of both camera types, resulting in fused images of higher quality. Infrared
and visible light image fusion has thus emerged as a crucial subfield within multi-modal image fusion. In this
work, we extend the proposed S3IMFusion framework to infrared and visible light image fusion, evaluating the
generalizability of the algorithm through experiments conducted on the RoadScene dataset. Consistent with
the fusion of SPECT and MRI images, we first convert the visible image from the RGB color space to the YUV
color model. Fusion is then performed on the Y-channel of the visible image with the infrared image. Finally,
the fusion result is transformed back to the RGB color space to reconstruct the fused image. The experimental
results are shown in Fig. 6.

EN AG MI SSIM | PSNR | Qabf | SCD | SF
EMFusion |4.95 |6.653 |3.698 |0.829 |63.529 | 0.358 | 1.036 |21.903
IFCNN 4.963 | 6.711 3.626 | 0.788 | 63.322 | 0.36 | 0.8 21.202
MATR 4.465 | 5935 |2.818 | 0.564 |62.044 | 0.197 | 0.017 |22.458
MUFusion | 5.294 | 10.136 |3.349 | 0.798 | 61.94 |0.37 |0.943 |10.133
U2Fusion | 4.635 | 8.110 |2.953 | 0.717 | 63.994 | 0.407 | 0.734 | 25.116
DDcGAN |5.828 |9.056 |2.791 |0.151 |58.735 | 0.176 | 0.969 | 25.758
EMMA 5.608 | 9.019 |3.215 | 0.802 | 65.42 |0.665 | 1.573 |21.92
INet 5.025 | 6.451 2.86 | 0.924 | 64.957 | 0.6 1.741 | 20.525
Proposed | 5.984 | 12.648 | 3.791 | 0.925 | 62.927 | 0.614 | 1.245 | 43.484

Table 2. Results of the eight evaluation metrics on SPECT and MRI fusion. Bolded text indicates optimal
model performance.
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Proposed Proposed

Fig. 6. Results of loss functions ablation experiments.

\EN \AG \MI ‘SSIM ‘PSNR \Qabf \SCD \SF
CT-MRI fusion
L., |5238 | 6.653 |2.955 |0.829 |63.179 | 0.224 | 0.901 | 40.243
Liotar | 5414 | 8.045 |3.00 |0.885 | 63.664 | 0.415 | 1.569 | 38.077
SPECT-MRI fusion
L., 15541 [7247 [394 [0.868 |61.531 | 0229 |0.896 | 38.653
Liotal | 5984 | 12.648 | 3.791 | 0.925 | 62.927 | 0.614 | 1.245 | 43.484

Table 3. Results of loss function ablation experiments on eight metrics. Bolded text indicates optimal model
performance.

We compare the experimental results with six existing methods. Among them, CDDFuse produces fusion
results that are closest to our S3IMFusion; however, its performance suffers a reduction in clarity when fusing
images with richer edge information, as seen in the region highlighted by the red rectangular box in the third
set of images in Fig. 7. DATFuse and U2Fusion fail to adequately preserve the detailed texture information from
the input images, resulting in blurred fusion outputs. Although DDcGAN performs well in fusing prominent
features such as pedestrians, it suffers from significant color distortion and blurring, leading to substantial
information loss. IFCNN and SwinFuse experience feature loss when fusing images with weak texture features,
such as the streetlights marked by the green rectangular boxes in the fourth set of images. In contrast, our
proposed S3IMFusion effectively addresses the limitations observed in the aforementioned methods. It
successfully retains the rich texture information from the visible image while preserving the salient features
from the infrared image. When confronted with targets exhibiting distinct edge distributions, such as streetlights
and buildings, S3IMFusion produces clear and precise fusion results, avoiding color distortions and maintaining
high image clarity.

The quantitative evaluation results are presented in Table 4, which demonstrates that the performance of
S3IMFusion across the reevaluated metrics aligns well with the results shown in Fig. 7. Notably, S3IMFusion
achieves optimal performance on the EN, AG, MI, PSNR, Qabf, and SF metrics. Both subjective visual
assessment and objective quantitative metrics indicate that S3IMFusion performs exceptionally well, exhibiting
strong scalability in the context of infrared and visible image fusion tasks.

Conclusion

In this paper, we proposed a multi-modal medical image fusion method guided by stochastic structural
similarity, termed S3IMFusion. This method leverages CNN and Transformer modules to design a multi-
channel sub-network that extracts global correlation information from the input images, enabling the precise
fusion of complementary features. By incorporating a salient attention module, the network effectively preserves
the most informative regions of the images. Furthermore, a novel loss function is designed, addressing both
global and local aspects of image fusion. The global correlation features are retained by constructing a stochastic
structural similarity loss between the fusion result and the input images. The texture loss function, which is
based on gradient modeling, ensures the preservation of rich texture and fine-grained details in the fusion result.
Experimental results demonstrate that the proposed method outperforms existing fusion methods in terms of
both visual quality and quantitative assessment, achieving accurate fusion of the input images. Additionally,
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- <

CDDFuse

DATFuse DDcGAN

Fig. 7. Results of visible and infrared image fusion.

CDDFuse® | 7.46 |5.839 |3.171 |0.964 | 61.932 | 0.51 1.814 | 16.042

DATFuse® | 6.744 | 3.251 |3.104 | 0.655 | 62.198 |0.343 | 1.302 | 8.038

DDcGAN® | 7.086 |4.382 |1.919 |0.532 |57.863 | 0.167 | 1.135 | 20.016

IFCNN?>® 7.047 | 5.233 [2.964 |0.981 | 63.139 | 0.547 | 1.541 |13.75

U2Fusion* | 6.925 | 4.854 |2.602 | 0.975 | 63.16 |0.492 | 1.523 | 12.265

SwinFuse® | 7.542 [5.763 |2.913 |0.927 | 61.646 | 0.496 | 1.898 | 15.189

Proposed 7.578 | 7.921 | 3.291 | 0.925 | 63.852 | 0.552 | 1.474 | 21.569

Table 4. Results of the eight evaluation metrics on infrared and visible image fusion. Bolded text indicates
optimal model performance.

we

extend S3IMFusion to the task of infrared and visible image fusion, where it produces promising results,

indicating the robust generalization ability of our method.

Data Availability
The Harvard dataset underlying this article are available in https://www.med.harvard.edu/aanlib/home.htm. The
another dataset underlying this article are available in https://github.com/hanna-xu/RoadScene.
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