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ABSTRACT 

The integration of diverse medical imaging modalities facilitates the identification of diseases. Medical 

imaging is a critical component of medical research and diagnosis, providing detailed information about 

the structure and function of the body. In some cases, imaging approaches that utilize a single modality 

may not capture the complete set of the diagnostic data necessary for reliable physician evaluations. The 

objective of this study is to enhance the clarity of medical imagery and facilitate more precise disease 

identification. The proposed approach involves a multimodal medical image fusion technique that 

integrates Computed Tomography (CT) and Magnetic Resonance Imaging (MRI) data. The suggested 

technique involves three sequential steps: image registration, image merging, and image segmentation. 

Image registration is a process that aligns CT and MRI images by utilizing procedures that are based on 

landmarks to ensure that pixel-level correlation is maintained. To preserve both structural and functional 

characteristics from the input pictures, the fusion procedure makes use of deep learning-based transfer 

learning in conjunction with the VGG-19 network and Discrete Wavelet Transform (DWT). Lastly, the 

watershed algorithm is employed to extract and highlight Regions of Interest (ROIs), such as tumors, 

during the segmentation process. The suggested method substantially increases picture clarity, maintains 

essential characteristics, and boosts the precision of tumor segmentation, as demonstrated by the results of 

the experiments. 

Keywords-medical image fusion; Computed Tomography (CT); Magnetic Resonance Imaging (MRI); disease 

detection; image registartion; VGG-19; Discrete Wavelet Transform (DWT); segmentation algorithms 

I. INTRODUCTION  

The utilization of advanced technologies, such as 
Computed Tomography (CT) and Magnetic Resonance 
Imaging (MRI), has become instrumental in the field of 
medical imaging, playing a pivotal role in the diagnosis and 
treatment of various medical conditions. Both MRI and CT 
imaging are essential for clinical decision-making because they 
offer superior soft tissue contrast and high-resolution 
anatomical structures, respectively. Nevertheless, radiologists 
frequently find that manually examining each modality is time-
consuming and subject to observer variability, which could 
result in inconsistent diagnoses. Researchers are increasingly 
using medical image fusion, a method that integrates data from 
several imaging modalities into a single, comprehensive image, 
to get around these restrictions [1-4].  

To improve the final image's quality and informativeness, 
image fusion attempts to maintain essential structural and 
functional elements. However, especially in intricate clinical 
scenarios, conventional image fusion techniques like Principal 
Component Analysis (PCA) and wavelet-based approaches 
usually fail to preserve high-level features and texture 
information [5, 6].  

A wide range of approaches to enhance medical image 
fusion and segmentation are presented in recent literature. 
Techniques such as Pulse Couple Neural Networks (PCNN)-
based optimization [7], nonlinear anisotropic filtering in the 
PCA domain [8], and integrated guided nonlinear anisotropic 
filtering [9] have all shown improvements in quality metrics 
like Structural Similarity Index (SSIM) and Peak Signal-to-
Noise Ratio (PSNR). However, these approaches frequently 
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encounter difficulties with computational complexity, 
generalizability, and the absence of established clinical 
validation procedures [5, 10, 11].  

The potential of multimodal medical image fusion has been 
further enhanced by sophisticated deep learning techniques. 
Convolutional Neural Networks (CNNs), Generative 
Adversarial Networks (GANs), and multi-scale fusion 
frameworks are examples of deep models that have 
demonstrated promise in overcoming the drawbacks of 
conventional techniques [12-18]. In a related study, authors in 
[18] suggested a GAN-based framework incorporating the 
shift-invariant shearlet transform for enhanced texture 
retention. In another study, authors in [13] introduced the 
Target Information Enhanced Fusion Network (TIEF), which 
enhanced glioma diagnosis through multimodal input 
processing.  

Through techniques such as Multi-Generator Multi-
Discriminator GANs (MGMDcGAN) [17], attention-driven 
models, and fusion guided by tissue segmentation [19], other 
works have incorporated unsupervised deep learning into 
fusion pipelines. Although these models are frequently 
criticized for their complexity and reliance on sizable, labeled 
datasets, they demonstrate high accuracy in both qualitative 
and quantitative assessments.  

Limitations still exist despite advancements. Among the 
difficulties are:  

 Misalignment at registration [20].  

 Nonlinear transformations result in data loss [6].  

 Domain-specific models have problems with generalization 
[12, 13].  

 High requirements for computational resources [7, 8, 21]. 

Real-time feasibility has been the subject of numerous 
studies, with solutions like the Adolescent Identity Search 
Algorithm (AISA) for computational efficiency [22] and 
Discrete Wavelet Transform (DWT)-based techniques for ease 
of use and versatility in clinical settings [23] that have been 
proposed. However, the field still struggles to strike a balance 
between interpretability, real-world deployability, and model 
complexity. Furthermore, more extensive research investigates 
uses outside of diagnostics, such as multimodal fusion for the 
detection of fake news [24], hand gesture recognition systems 
[25], and material degradation analysis through image 
processing [26]. These multidisciplinary applications highlight 
the value of modality-specific optimization while also 
reaffirming the adaptability of image fusion and segmentation 
techniques.  

In summary, although multimodal medical image fusion 
has advanced considerably, gaining from both conventional 
mathematical models and state-of-the-art deep learning 
methods, significant drawbacks like computational overhead, 
gaps in standardization, and difficulties with interpretability 
still exist. 

II. PROPOSED METHODOLOGY 

This study offers a novel multimodal medical image fusion 
method that utilizes wavelet decomposition and a VGG-19-
based deep learning network to combine CT and MRI images 
for improved visualization. Four frequency sub-bands are 
created from the input images, and VGG-19 fuses related sub-
bands to preserve deep structural and functional characteristics. 
The Inverse Wavelet Transform (IWT) is then used to 
reconstruct the combined sub-bands, thereby generating a final 
image that combines soft tissue contrast of MRI with structural 
details of CT. Figure 1 illustrates the proposed image fusion 
framework using VGG-19 and DWT. This approach enhances 
image quality, maximizes feature selection, and enables more 
precise diagnosis and treatment planning.  

 

 
Fig. 1.   Block diagram of the proposed image fusion framework using 

VGG-19 and DWT. 

A. Image Registration 

In the domain of multimodal medical image fusion, image 
registration is an essential preprocessing step that ensures 
images from multiple modalities are aligned within a common 
spatial framework. This is accomplished by linking the images 
together. The procedure facilitates the alignment of pixels in 
CT and MRI scans, thereby enabling the reflection of the same 
anatomical structure. Figure 2 illustrates the sample CT and 
MRI images that are to be registered. In this study, the image 
registration process was executed through the implementation 
of a landmark-based registration method.  

1) Landmark-Based Registration 

The landmark-based registration technique is employed to 
recognize the specific anatomical landmarks present in CT and 
MRI Images. In order to accomplish spatial alignment, one of 
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the images, which is normally the CT scan, is identified as the 
fixed reference, and the other image, which is the MRI scan, is 
modified according to the transformation. This method 
guarantees that the structures that correspond to each other 
align precisely, which results in an improvement in the quality 
of the fused pictures. Figure 3 shows the landmarks on CT and 
MRI images. The primary objective of this method is to align 
CT and MRI images, with the corresponding pixels 
representing analogous anatomical structures. To implement 
this, it is first necessary to preprocess the images. This 
preprocessing entails converting the images into grayscale and 
normalizing the intensity values to enhance contrast. 
Subsequently, landmark selection is provided for both CT and 
MRI images. The third procedure is the transformation 
calculation. That is, it computes the transformation parameters 
using a method called the least-squares optimization algorithm. 
The final step in the process is image warping, which is applied 
to the computed transformation to align the MRI images with 
the CT images. The details of these steps are also discussed 
below. 

 

 

Fig. 2.  Sample CT and MRI images. 

 

Fig. 3.  Registered landmarks on CT and MRI images. 

2) Implementation Steps 

First, choose appropriate anatomical landmarks in both CT 
and MRI scans, emphasizing obvious characteristics such as 
organ edges, tissue connections, or bone structures. 
Subsequently, apply an affine model that incorporates 
translation, rotation, scaling, and shearing to calculate the 
transformation matrix. The transformation is then applied to 

align the MRI image with the CT scan, and the registered 
image is saved for subsequent fusion processes. 

B. Image Fusion 

To perform the image fusion, the authors employed a deep 
learning approach, which enabled enhanced picture quality and 
the extraction of structural and functional details separately. 
Specifically, the study utilized the pre-trained VGG-19 model 
in conjunction with the DWT to preserve both fine and high-
level visual features. 

1) Learning Transfer Methods Using VGG-19  

VGG-19 is a deep CNN that has been pre-trained on the 
ImageNet dataset. The advantage of the VGG-19 is its ability 
to extract high-level characteristics from the image dataset, 
which leads to the capture of all the details related to the fusion. 
The VGG-19 method ensures that the fused images maintain 
the fundamental structures of both the CT and MRI inputs. 

2) Integrating Images Using the Wavelet Transform  

DWT is a technique decomposes an image into its 
frequency components. This technique enables the selective 
fusing of low-frequency and high-frequency features. During 
the decomposition, four sub-bands are produced: 

 Low-Low (LL) – approximation coefficients: They provide 
coarse structural information. 

 Low-High (LH) – horizontal detail coefficients: They 
record information related to the horizontal edges. 

 Low-Vertical (LV) – vertical detail coefficients: They 
represent vertical edges and borders. 

 Low-Diagonal (LD) – diagonal detail coefficients: They 
store information about the diagonal edges and textures. 

3) Fusion Process for Images 

Using the wavelet decomposition technique, the sub-bands 
(LL, LH, LV, and LD) are to be decomposed from both 
registered CT and MRI images.  The fusion algorithm VGG-19 
involves the combination of related sub-bands by utilizing 
depth characteristics that are retrieved. A feature fusion process 
is carried out on the LL sub-band, whereas the high-frequency 
bands (LH, LV, and LD) are fused by the utilization of 
maximum intensity selection. The reconstruction of the fused 
picture is achieved through the application of an IWT on the 
fused coefficients. This approach facilitates the reconstruction 
of a fused image of superior quality. The main objective of this 
fusion process is to preserve the structural and functional 
details by integrating both CT and MRI images. The fusion 
technique can be summarized in the following steps: 

 Convert images to the YCbCr color space: This step 
ensures that luminance (Y) details are preserved.  

 Apply DWT: Decompose images into four frequency sub-
bands (LL, LH, LV, LD). The formula for the wavelet 
transform is shown in (1). 

��,� = � ��	
��,��	
�	   (1) 
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where ��,� represents the wavelet coefficients at scale 
 and 

position �, and ��,��	
 is the wavelet function. 

 Extract deep features using VGG-19: The formula for the 
feature extraction using VGG-19 is shown in (2), which is 
mainly used to extract deep features from LL sub-bands.  

�� = ��� ∙ � � �
    (2) 

where � represents the learned filter weights, � represents 
the bias, and function � represents the activation function. 

 Fusion of sub-bands: For the LL sub-band, fusion is 
performed using (3) and for the LH sub-band, fusion is 
performed using (4). 

�������� = ����� � �1 ! �
��"#$  (3) 

�������% = max ��*�� , �*"#$
  (4) 

 Reconstruction: Equation (5) is used to reconstruct the 
fused image from the coefficients. 

�+,-�./ � ∑ ∑ ��,��� ��,��	
   (5) 

 Post-processing: Adjust the contrast and remove noise 
using Gaussian filtering. 

C. Image Segmentation 

Following the fusion of the CT and MRI images, the 
segmentation process is carried out to extract Regions of 
Interest (ROIs), which may include cancers. The segmentation 
procedure enables the precise localization of diseased features, 
thereby enhancing the diagnostic usefulness of fused pictures. 
Within the scope of this investigation, the watershed algorithm, 
which is a very effective region-based segmentation approach, 
is utilized to efficiently outline tumor borders. Figure 4 
illustrates the sequential process of image segmentation. 

 

 

Fig. 4.  Stepwise watershed segmentation  of the image. 

1) Steps of the Watershed Algorithm 

The segmentation process is initiated with the selection of 
seed points for tumor and background regions, which are 
determined using manual or automatic thresholding. 
Morphological changes, such as dilation and erosion, , serve to 
define object boundaries and differentiate overlapping 
structures. The watershed transformation then segments tumors 
depending on intensity gradients by treating the greyscale 
image as a topographic surface. The complete process includes 
the following key steps: preprocessing (greyscale conversion 
and histogram equalization), marker selection (using adaptive 
thresholding), morphological refinement, watershed 
segmentation, and post-processing with a Gaussian filter to 
remove noise and improve the segmentation mask. 

D. Algorithm for Multimodal Medical Image Fusion Using 
Wavelet Transform and VGG-19  

The proposed multimodal fusion algorithm integrates the 
VGG-19 model and the DWT to fuse images from both CT and 
MRI modalities. The proposed hybrid method is expected to be 
an effective solution for enhancing the feature extraction 
process. The objective is to extract and merge features from 
both modalities, ensuring improved structural and soft tissue 
visibility. The algorithm is comprised of the following steps: 

 Step 1: Input acquisition: Read the CT and MRI images, it 
denoted as ��� and �"#$. 

 Step 2: Apply DWT to the images: The formula for the 
wavelet transform is shown in (6). 

1��
 � 2��, �*, ��, �13   (6) 

where ��, �*, ��, �1  are the previously described 
coefficients. 

Equations (7) and (8) show the decomposition of the CT 
and MRI images. 

���� , �*�� , ���� , �1�� � 1����
  (7) 

��"#$ , �*"#$ , ��"#$ , �1"#$ � 1��"#$
  (8) 

 Step 3: Feature-based fusion using VGG-19: VGG-19 is 
employed to extract the deep features of the images. The 
process for feature extraction is shown in (9). 

��� � �4456����� , ��"#$
 

��% � �4456��*�� , �*"#$
 

��7 � �4456����� , ��"#$
   (9) 

��8 � �4456��1�� , �1"#$
 

Equation (10) shows the merging of the feature maps using 
the fusion rules. 

�������� �  ����9: � �1 ! �
���;<= 

�������% � >?	@��%9:, ��%;<=A  

�������7 � >?	@��79:, ��7;<=A  (10) 

�������8 � >?	@��89:, ��8;<=A 
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where � is the weight factor to balance contributions from 
both images. The >?	  is applied for the high frequency 
components. 

 Step 4: IWT: In step IWT is applied to reconstruct the final 
fused images, using (11). 

�B,-�./ �  

       �CD��������� , �������% , �������7 , �������8
 (11) 

 Step 5: Post-processing: Apply contrast enhancement and 
noise reduction techniques, and finally, display the fused 
images. 

III. RESULTS AND DISCUSSION 

A. Experimental Setup 

The objective of the present study was to create a 
framework for the fusion and segmentation of medical images, 
with a focus on glioma segmentation. The Python 3.8, 
TensorFlow 2.8, OpenCV 4.5, and SciPy 1.7 libraries were 
utilized to construct the framework. The system was evaluated 
using two publicly available datasets: the Brain Tumor 
Segmentation Challenge (BraTS) 2021 dataset [27] and the 
Harvard Whole Brain Atlas [28]. The BraTS dataset includes 
preoperative multimodal MRI scans (T1, T1Gd, T2, FLAIR) 
that have been labeled for glioma segmentation. The Medical 
Image Computing and Computer Assisted Intervention 
(MICCAI) society provides the BraTS dataset. The Harvard 
Whole Brain Atlas dataset comprises MRI and CT images of 
the human brain with detailed structural and pathological notes. 
The results demonstrated the system's capacity to combine 
medical images from different sources while keeping high-
frequency structural information, soft tissue contrast, and the 
ability to accurately segment ROIs. This facilitated the 
identification and diagnosis of tumors. To assess the efficacy of 
the fusion and segmentation processes, we employed 
performance metrics such as SSIM, PSNR, and Dice Similarity 
Coefficient (DSC). The method demonstrated consistent high 
SSIM and PSNR scores on both datasets, indicating its efficacy 
in preserving anatomical integrity and image clarity. 

B. Performance Metrics 

Conventional quantitative measures were used to confirm 
the efficacy of the suggested multimodal fusion approach: 

 SSIM is a metric that assesses perceptual variations 
between pictures by considering structure, contrast, and 
brightness. A higher SSIM near 1 indicates a stronger 
resemblance to the reference image. 

 PSNR is a metric expressed in dB that measures the quality 
of the combined image compared to the original. Higher 
PSNR suggests less distortion. 

 DSC is a metric used to assess the precision of image 
segmentation. It measures the overlap between the 
predicted tumor area and the ground truth mask. A higher 
DSC shows better segmentation accuracy. 

Table I presents a comparative analysis of the proposed 
algorithm against other fusion methods using these metrics. 

TABLE I.  COMPARISON OF THE PROPOSED METHOD 
WITH EXISTING METHODS 

Method 
SSIM 

(CT) 

SSIM 

(MRI) 

PSNR 

(CT) 
DSC 

VGG-19 + DWT 

(proposed) 
0.9631 0.8691 41.42 dB 0.1484 

PCA-based fusion 0.8912 0.7950 37.80 dB 0.1221 

CNN-GAN 

approach [18] 
0.9450 0.8652 39.50 dB 0.1303 

ADDNS [29] 0.9524 0.8563 40.12 dB 0.1409 

 
The proposed method (VGG-19 + DWT) obtained the 

highest SSIM scores for both CT (0.9631) and MRI (0.8691), 
indicating its effectiveness in preserving structural integrity. 
Furthermore, it exhibited the highest PSNR value of 41.42 dB, 
indicative of superior image quality due to reduced distortion 
and noise. The DSC value of 0.1484 indicates the method's 
improved segmentation performance, outperforming all other 
compared techniques. 

The findings indicate that the integration of deep feature 
extraction (VGG-19) with frequency-domain fusion (DWT) is 
a highly effective strategy for preserving critical medical 
information, generating images with high fidelity, and 
supporting accurate segmentation. 

Furthermore, Figure 5 illustrates the segmentation and 
fusion process for CT and MRI images of a patient. Figure 6 
provides a graphical representation of SSIM and PSNR for the 
proposed method. The SSIM for CT is 0.9631, and the SSIM 
for MRI is 0.8691. The PSNR for CT is 41.42 dB, and the 
PSNR for MRI is 38.08 dB. These results demonstrate the 
superior performance of the proposed fusion approach. 

 

 

Fig. 5.  Process of fusing and segmenting CT and MRI images for a 

patient. 
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Fig. 6.  Performance evaluation using SSIM and PSNR metrics on fused 

images, relative to the original CT and MRI scans for a patient. 

IV. CONCLUSION 

This paper presents a hybrid medical image fusion 
framework that utilizes VGG-19 for the extraction of deep 
features and Discrete Wavelet Transform (DWT) for frequency 
domain decomposition, resulting in enhanced fused Computed 
Tomography (CT) and Magnetic Resonance Imaging (MRI) 
images for improved diagnosis. The method is designed to 
preserve both low-frequency components and high-frequency 
structures, thereby ensuring the accuracy of medical 
interpretation. Moreover, the proposed methodology maintains 
semantic depth and spatial detail in the resulting fused images 
by leveraging the capacity of VGG-19 to represent features in a 
hierarchical manner and the capability of DWT to decompose 
images at multiple resolutions. The method was evaluated on 
two datasets: the Brain Tumor Segmentation Challenge 
(BraTS) 2021, which focuses on brain tumor segmentation, and 
the Harvard Whole Brain Atlas, which provides a structural 
overview of the brain. Future work includes real-time 
implementation, incorporation of additional imaging modalities 
such as ultrasound and Positron Emission Tomography (PET), 
and exploration of applications in multi-region segmentation 
tasks and cross-modality learning. 
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