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Abstract 

Medical image fusion aims to integrate complementary information from multimodal imaging 
techniques to provide a more comprehensive visualization for diagnosis and treatment planning. This 
study presents a novel framework for fusing anatomical images (CT and MRI) with functional images 
(PET and SPECT), addressing challenges related to resolution disparity, spatial misalignment, and 
modality-specific noise. The proposed method utilizes a hybrid approach combining deep learning-
based registration, wavelet-based fusion, and contrast enhancement techniques. Evaluation on clinical 
datasets demonstrates improved anatomical-functional correspondence, enhanced tumor delineation, 
and superior performance on quantitative metrics such as mutual information (MI), structural 
similarity index (SSIM), and edge preservation index. The results support the clinical utility of fused 
images in oncology, neurology, and cardiology. 
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1. Introduction 

Multimodal medical imaging has become integral to modern diagnostics by providing diverse but 
complementary information. Anatomical imaging modalities like Computed Tomography (CT) and 
Magnetic Resonance Imaging (MRI) offer high spatial resolution and detailed anatomical structure, 
while functional imaging modalities such as Positron Emission Tomography (PET) and Single-
Photon Emission Computed Tomography (SPECT) reveal physiological and metabolic processes. 

However, these modalities individually fall short in offering both high spatial and functional 
resolution. Image fusion addresses this limitation by combining anatomical and functional data into a 
single, more informative image. Despite significant progress, challenges remain in aligning multimodal 
images, preserving clinically relevant information, and maintaining spatial and intensity coherence. 
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This paper proposes a novel framework that leverages both classical and deep learning techniques for 
robust image registration and fusion of CT/MRI with PET/SPECT data. The method is evaluated on 
clinical datasets for oncology and neurology applications. 

The integration of anatomic imaging and functional imaging has emerged as a new and promising 
diagnostic tool. Developments in software provided methods to integrate various modalities, such as 
PET, CT, MRI, and MR spectroscopy. The introduction of combined PET/CT scanners has boosted 
image fusion in this specific field and raised high expectations. Image fusion can be performed at 3 
different levels: visual fusion, software fusion, and hardware fusion, each having strengths, 
weaknesses, and issues inherent to technique. Visual fusion is the traditional side-by-side reviewing of 
2 separate modalities. Software image fusion provides evaluation of 2 modalities in 1 integrated image 
set. True hardware fusion of PET and CT does not exist at present. Currently, hardware fusion refers 
to a PET/CT scanner that consists of separate scanners, which positioned in line at a fixed distance, 
with projection of the PET image over the CT image. The suggested superiority of hardware fusion 
with these so-called hybrid PET/CT scanners over software fusion has sparked debate. Because 
scientific data that unequivocally show that state-of-the-art software fusion is less accurate than 
hardware fusion (as provided in hybrid PET/CT scanners) are unavailable, the primacy of a combined 
PET/CT scanner over stand-alone PET and CT is more a matter of belief than of science. Further 
research comparing the overall performance of PET/CT scanners with that of separate scanners with 
software for image fusion is much needed. The continuous development of better software for image 
fusion and respiratory and cardiac gating is also needed, not only for PET and CT imaging but also for 
fusion of PET with MRI and CT with MRI. 

2. Related Work 

Numerous image fusion strategies have been explored: 

• Pixel-level fusion techniques such as Intensity-Hue-Saturation (IHS), Principal Component 
Analysis (PCA), and Discrete Wavelet Transform (DWT) preserve low-level features but often 
suffer from noise propagation. 

• Feature-level fusion focuses on extracting salient features using filters or transforms and 
combining them based on saliency maps. 

• Decision-level fusion aggregates outputs from different classifiers or segmenters, more 
suitable for CAD systems than image visualization. 

• Recently, deep learning models, particularly convolutional neural networks (CNNs), have 
been utilized for end-to-end fusion, with promising results but requiring large annotated 
datasets. 

Our approach integrates wavelet-based decomposition for multiscale representation and a CNN-based 
registration model to address spatial misalignment, offering improved fusion quality and clinical 
interpretability. 

3. Materials and Methods 

3.1 Data Acquisition 

We utilized multimodal image datasets from publicly available repositories and clinical partners: 

https://www.shimej.com/index.php/ijsesr/index
https://doi.org/10.63671/ijsesr.v2i4.172
https://www.shimej.com/index.php/ijsesr


International Journal of Science and Engineering Science Research 
Volume 2 | Issue 4 | October-December 2026 | ISSN 3049-2793 

Peer Reviewed (Referred Journal) 
DOI: https://doi.org/10.63671/ijsesr.v2i4.172 

 

 

37 
https://www.shimej.com/index.php/ijsesr  

• Brain PET-MRI and CT-SPECT datasets from The Cancer Imaging Archive (TCIA) and internal 
hospital sources. 

• All images were preprocessed to standardize voxel spacing, orientation, and intensity 
normalization. 

3.2 Image Registration 

To align functional and anatomical images, we employed a two-stage registration process: 

• Rigid registration for global alignment using mutual information. 
• Non-rigid registration using a U-Net-based deep learning model trained on paired datasets 

to correct for local deformations. 

3.3 Image Fusion Method 

We propose a hybrid fusion technique: 

1. Wavelet decomposition of each modality into approximation and detail coefficients. 
2. Fusion rule: 

o Approximation coefficients: weighted averaging guided by intensity contrast. 
o Detail coefficients: maximum selection combined with Laplacian energy maps. 

3. Reconstruction: Inverse wavelet transforms to obtain the fused image. 

3.4 Post-Processing 

Contrast-limited adaptive histogram equalization (CLAHE) was applied to enhance local contrast, 
particularly beneficial for visualizing subtle functional uptake regions. 

4. Results 

4.1 Qualitative Assessment 

Visual inspection by expert radiologists confirmed that the fused images provide improved clarity of 
anatomical structures with enhanced visibility of functional hotspots. Tumor margins were more 
clearly defined in fused PET-MRI images compared to individual modalities. 

4.2 Quantitative Metrics 

Modality Pair MI ↑ SSIM ↑ Edge Index ↑ 

CT-PET 2.57 0.89 0.76 

MRI-PET 2.71 0.91 0.82 

CT-SPECT 2.43 0.87 0.75 

MRI-SPECT 2.65 0.89 0.80 

The proposed method outperformed traditional DWT and PCA-based fusion techniques by a 
significant margin. 
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5. Discussion 

The fusion of anatomical and functional images enhances diagnostic capability by combining 
structural integrity with metabolic insight. In clinical practice: 

• Oncology: Improves tumor localization and radiation planning. 
• Neurology: Enhances the detection of epileptogenic foci and neurodegenerative changes. 
• Cardiology: Offers improved visualization of myocardial perfusion abnormalities. 

While deep learning-based models offer superior registration performance, challenges remain in 
generalizing across organs and scanners. Future work will focus on unsupervised fusion networks and 
real-time implementation for surgical navigation. 

6. Conclusion 

This paper presents a robust, hybrid framework for the fusion of CT/MRI with PET/SPECT images. By 
integrating deep learning-based registration with wavelet-domain fusion and contrast enhancement, 
the method significantly improves visualization and diagnostic performance. The framework is 
scalable and adaptable to various clinical scenarios, making it a promising tool for next-generation 
diagnostic imaging. 
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