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Abstract 

Accurate diagnosis of diseases is essential for effective medical treatment, and medical image fusion 

plays a crucial role in achieving this goal. This article proposes a novel technique for multimodal 

medical image fusion based on fourth order PDE-based techniques. The proposed technique uses 

inputted CT and brain MRI images, and applies a PDE-based technique for noise reduction and edge 

preservation. Subsequently, a computed fusion ruleusing principal component analysis is applied to 

generate a fused image of the brain that presents clear and essential components for medical 

diagnosis and analysis. The article provides a comparative study of the proposed technique with other 

existing techniques, demonstrating its optimal performance. The proposed technique can 

significantly enhance medical image diagnosis and analysis for accurate disease detection and 

treatment. 
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Introduction 

Cancer, which is becoming more prevalent in the 

aging population, has become a global health issue. 

Medical imaging (Trivedi and Sanghvi, 2022a). 

techniques such as computed tomography, positron 

emission tomography, and magnetic resonance 

Imaging are utilized for diagnosing brain cancer 

cells. Image fusion is a method that fuses multiple 

image of the same entity into one and provides 

detailed information about the entity being 

examined or observed from every feasible 

perspective and input source. This single fused 

image contains detailed data and information, 

making visual perception analysis straight forward 

(Xiao et al., 2020). Medical professional requires  

 

 

 
 

both spectral and spatial information in a single 

image for a research, monitoring, correct disease 

diagnosis, and therapy. More information from  

a fused image can be deduced if the noise in  

the image is optimally reduced. Second-order as 

well as fourth-order partial differential equations are 

a valuable tool for image noise reduction and scale-

space analysis for image improvement. It has been 

shown that these methods may effectively balance 

edg e detection and noise reduction implementation 

in image processing. PDE is an image processing 

tool that treats images as continuous objects 

(Ibrahim et al., 2022; Trivedi et al., 2023). Several 

fourth order PDE models have been proposed in the 
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literature* for edge identification and picture 

denoising (Gonzalez et al., 2010) in the expectation 

that these approaches would outperform their 

second-order predecessors. 

Materials and Methods 

Principal Component Analysis (PCA) 

It is a mathematical technique used to reduce 

the dimensionality of a large dataset while retaining 

as much information as possible. It is a commonly 

used technique in data analysis and machine 

learning, particularly in image processing, signal 

processing, and feature extraction (Rajinikanth  

et al., 2018; Trivedi and Sanghvi, 2023b). 

PCA works by finding the principal 

components of the dataset, which are the directions 

that capture the largest amount of variance in the 

data. In otherwords, these components are the linear 

combinations of the original variables that explain 

the mostsignificant amount of variability in the 

dataset. The first principal component is the 

direction of maximum variance, and each 

subsequent principal component is orthogonal to the 

previous components and has the next highest 

variance. 

PCA is mathematically defined as a linear 

transformation that maps the data to a new 

coordinate system, where the axes are the principal 

components. Let X be an n x p matrix, where n is 

the number of observations and p is the number of 

variables. The goal of PCA is to find a linear 

transformation of X to a new set of variables Y, such 

that the covariance matrix of Y is diagonal. This 

means that the variables in Y are uncorrelated, and 

each variable captures the maximum amount of 

variance in the data. 

The transformation from X to Y is achieved by 

computing the eigen vectors and eigenvalues of the 

covariance matrix of X. The eigen vectors are the 

principal components, and the corresponding 

eigenvalues represent the amount of variance 

explained by each component. The first principal 

component is the eigenvector with the highest 

eigenvalue, and each subsequent component is the 

eigen vector with the next highest eigenvalue. 

PCA can beused for various purposes, 

including dimensionality reduction, feature 

extraction, and data compression. It is particularly 

useful for visualizing high-dimensional data in  

a lower-dimensionalspace, whereit can be easily 

analyzed and interpreted. PCA is widely used in 

image processing, where it is used to extract features 

from images and reduce the dimensionality of the 

feature space. 

In medical image fusion, PCA isoften used to 

combine the information from different modalities, 

such as CT and MRI images. The computed fusion 

ruleusing principal component analys is helps to 

generate a fused image that captures the essential 

components of each modality and presents a clear 

and accurate representation of the underlying 

pathology. 

In conclusion, PCA is a powerful statistical 

technique that is widely used in data analysis, 

machine learning, and image processing. It helps to 

reduce the dimensionality of a large dataset while 

retaining the essential information and is 

particularly useful for visualizing high-dimensional 

data in a lower-dimensionalspace. The computed 

fusion ruleusing principal component analysis can 

significantly enhance medical image diagnosis and 

analysis for accurate disease detection and 

treatment. 

 

Partial Differential Equation 

In Second-order partial differential equations 

the use of gaussant filter in image analysisled to the 

initial introduction of the de-noisingtheory of partial 

differential Equations (5). 

 

{
∂u

∂t
=div (c (x,y,t)∇u (x,y,t))

1

2πσ2
e
−( 

x2+ y2

2σ2
)

  (1) 

 

Where ∇ signifies gradient operation, and div 

signifies divergence operation, c(x,y,t) presents 

diffusion conductance in the equation. To 

removeinconsistencies in filtering of local image 

features and noise by the gauss filter (Peronaand 

Malik, 1990; Getreuer, 2012) addressed this and 

presented a technique called non-linear anisotropic 

diffusion, here smoothing effect is calculated as 

under: 

 

{

∂u

∂t
= div[c(|∇u| ∙ ∇u]

u(x, y, 0) =  u0(x, y)

u(x, y, t) = u0(x, y) ∗ G(x, y, t)

 (2) 

 

where they consider two values c the diffusion 

factor. 
 

c(x, y, t) = e−( 
∇u

k
)2  or c(x, y, t) =

1

1+(
∇u

k
)2

 (3) 

 

The diffusion factor c in the following 

equations varies at different locations in the image. 

This component has a low value in locations where 

the image's gradient is large. As a result, the 

diffusion factor is minimal at the margins, and edges  
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are prevented from smoothing. Here k isused as 

conductance parameter that adjust diffusion factor 

in Equation (3). 

To put it another way the gradient ∇u is 

substituted in Equation (2). After smoothing the 

picture at time t with a gaussian convolution r is 

represented as a normalization parameter and 

defines consistent smoothing method that 

determines the gradient of the picture taken at time 

interval t. 

 

{
∇u =  ∇(u(x, y, t) ∗ Gσr

u(t) = div (c|∇u ∗ Gσr|)∇u
 (4) 

 

To address this shortcoming, (Rudin et al., 

1992) suggested procedure on the reduction of 

Total-Variation (TV) model to reduce noise. It 

provides straight forward results on efficient image 

de-blurring and de-noising. 

 

MinE(u), E(u) =  ∬ ( |∆u| +
λ

2
‖u0 − u‖

2)
Ω

dxdy  (5) 

 

From the preceding equation, image is restored 

which employed parabolic equation using time as 

evolution parameter also referred as gradient 

descent technique. 

 
∂u

∂t
 −  ∆ (

∆u

|∆u|
)  =  λ (u0 −  u) (6) 

 

Bavirisetti et al. (2019); Mikula (2002); Cui (2021); 

and Zhang (2022). However, in case of backward-

diffusion (You and Kaveh, 2000) any step picture 

will be global minimum of the energy function, 

hence blocks are generated in the early states of 

dissemination. 

Curvature gradient flow technique is used for 

these approaches, which are fourth orderPDEs: 

 
∂u

∂t
= −∇2[ c (∇2u)∇2u)  (7) 

 

where is ∇2  Laplacian operator. PDEs seek 

elimination of noise and maintain edges by 

approximation an observed image with a piece wise 

planar image because the Laplacian of image at 

given pixel iszero if the image isplanar in itsvicinity 

(Vanitha et al., 2019). The following energy 

functional was related to Equation (7) 

 

E(u) = ∫ √((√ux)
2
+ (√uxx)

2
)
2

+ ((√uy)
2
+ (√uyy)

2
)
22

Ω

  

             + 
λ

2
(u − u0)

2 dx dy        (8) 

 

The numerical solution (Pop et al., 2007) of 

image smoothing, and edge preservation can be 

obtained through an iterative strategy that can be 

used to approximate the solution of a differential 

Equation (7). Given as 

 

ui,j
n+1 =  ui,j

n − ∆ t∇2gi,j
n (∙)  (9) 

 

where Laplacian of g(∙) can be computed by 

 

∇2gi,j
n =  gi+1,j

n + gi−1,j
n + gi,j+1 

n + gi,j−1
n − 4 gi,j

n  

 (10) 

Proposed Methodology 

In this section, we outline the novel Partial 

Differential Equation (PDE) and Principal 

component anlysis (PCA) image fusion technique, 

which comprises several essential steps. The 

proposed methodology is visually represented in 

Figure 1, illustrating the key components of the 

process. The novel PDE image fusion technique is 

as follows: 

 

Step1: 

Edge-preserving Fourth PDE shown in 

Equations (7)-(10) are used to decompose each 

input image into Approximate Coefficient (A) and 

Detailed coefficients (D). Using this technique Input 

Images are divided into approximation images. 

 

[
ImgCT 

A = PDE(ImgCT)

, ImgMRI 
A = PDE(ImgMRI)

] 

 

and  

 

Detail images generated from the average of Input 

Image and Approximate Image calculated from 

Fourth order PDE using the below formula: 

 
 

Figure 1. Diagram of proposedmethod 
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[
 
 
 ImgCT

D =
ImgCT 

A + ImgCT 
2

 ; 

ImgMRI  
D =  

ImgMRI 
A + ImgMRI 

2 ]
 
 
 

 

 

 

Step 2: 

Detailed images contain visually meaningful 

information like edges, lines, and contours, and 

Approximate Images have blurry information, they 

convey information less effectively than detailed 

ones. Hence an effective fusion-rule formulated 

through principal component analysis is applied on 

detail images and approximate images by MAX - 

AVG Rule. This fusion technique determines the 

ideal weights based on primary components, 

ensuring that the necessary data from detail pictures 

are integrated into the finished detail image. Since 

approximate pictures have blurry information, they 

convey information less effectively than detailed 

ones. Therefore, combining approximation pictures 

into a final approximation image just requires a 

straightforward average fusion method. 

a. Make two vectors (𝐼𝑚𝑔𝑀𝑅𝐼  
𝐷 , 𝐼𝑚𝑔𝐶𝑇  

𝐷 )𝑇  and 

(𝐼𝑚𝑔𝑀𝑅𝐼  
𝐴 , 𝐼𝑚𝑔𝐶𝑇  

𝐴 )𝑇 of Detailed images and 

Approximated Images to create the matrix 

B1 and B2 respectively. 

 

𝐵1 = [
𝐼𝑚𝑔𝐶𝑇

𝐷

𝐼𝑚𝑔𝑀𝑅𝐼  
𝐷 ]  , 𝐵2 = [

𝐼𝑚𝑔𝐶𝑇
𝐴

I𝑚𝑔𝑀𝑅𝐼  
𝐴 ] 

 

b. Build Covariance Matrix of C(i) of 

𝐵1 𝑎𝑛𝑑 𝐵2  by taking rows as observation 

mean vectors and columns as a variable. 

c. Calculate the Eigenvalue corresponding to 

the Eigenvector of C(i). 

d. Divide each element by the mean of the 

eigenvector that corresponds to a well-built 

eigenvalue. This results in the first main 

component P1. To obtain the second principal 

component P2, repeat the technique with  

an eigenvector corresponding to a lesser 

eigen value. 

 

P1  =
C(i)

ΣC
  , P2  =

C(i)

ΣC
  , where i = 1,2 

 
e. High-frequency and Low-frequency 

coefficients are fused using MAX- AVG 

method  

 
𝐼𝑚𝑔𝐷 =  𝑀𝐴𝑋  {𝑎𝑏𝑠(𝐼𝑚𝑔𝐶𝑇  

𝐷 ), 𝑎𝑏𝑠(𝐼𝑚𝑔𝑀𝑅𝐼  
𝐷 )} 

𝐼𝑚𝑔𝐴 =  𝐴𝑉𝐺  {𝑎𝑏𝑠(𝐼𝑚𝑔𝐶𝑇  
𝐴 ), 𝑎𝑏𝑠(𝐼𝑚𝑔𝑀𝑅𝐼  

𝐴 )} 

 

 

 

Step 3: 

Fused image is reconstructed by taking a linear 

combination of final detailed and approximated 

images. 
 

𝐼𝑓  = 𝑃1𝐼𝑚𝑔𝐷 + 𝑃2𝐼𝑚𝑔𝐴 

Results and Discussion 

This Section is divided in to three different 

subsections 

a.  Dataset used for the implementation. 

b. Image quantitative analysis by quality 

evaluation matrices. 

c.  Image visualqualityanalysis. 
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Figure 2.  Visual quality comparison of fused images 

 from different techniques 
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Datasets used for Images 

Implementations of CT and MRI image 

datasets are depicted in Figures 2 and 3. These 

datasets were obtained through the websites 

http://www.med.harvard.edu/AANLIB/home.html 

and www.Kaggle.com 

 

Different Quality Assessment Parameters for 

Measuring Fusion Performance 

Evaluating fusion interpretation is an effortful 

task, various parameters have been proposed by 

researchers (Trivedi and Sanghvi, 2023c; 2023d) for 

evaluating performance of image fusion. Among 

them, some traditional fusion techniques have been 

used. 

 

a. Entropy (EN) measures information 

presented by fused image and is calculated 

as 

 

𝐸 = − ∑ 𝑝𝑖
255
𝑖=0 𝑙𝑜𝑔2(𝑝𝑖), where 𝑝𝑖 represents 

probability for intensity-value  𝑖  in 8-bit 

image. 

 

b. Mutual information (MI) evaluates 

performance between for inputted images 

and the merged image and is calculated as 

 

𝑀𝐼 = ∑ ∑ 𝑝𝐼1,𝐹(𝑘, 𝑙)𝑙𝑜𝑔2 (
𝑝𝐼1,𝐹(𝑘,𝑙)

𝑝𝐼1(𝑘)𝑝𝐹
)𝑙𝑘 +

∑ ∑ 𝑝𝐼1,𝐹(𝑘, 𝑙)𝑙𝑜𝑔2 (
𝑝𝐼2,𝐹(𝑘,𝑙)

𝑝𝐼2(𝑘)𝑝𝐹
)𝑙𝑘 .  

 

where MI is the mutual information 

between a source image 𝐼1 , 𝐼2  and fused-

image F. 

 

c. The correlation coefficient (CC) 

measures the relationship between inputted 

images and fused images and 

 

𝐶𝐶 =

∑ ∑ (𝐼1(𝑖, 𝑗) − 𝐼1̅ ) ( 𝑓(𝑖, 𝑗) − 𝐹)̅̅ ̅𝑗𝑖

√(∑ ∑ (I1(i, j) − I1̅ ) 
2 )(∑ ∑ (f(i, j) − F)̅̅̅2)jij𝑖

+ 
∑ ∑ (I2(i, j) − I2̅ ) ( f(i, j) − F)̅̅̅ji

√(∑ ∑ (I2(i, j) − I2̅ ) 
2 )(∑ ∑ (f(i, j) − F)̅̅̅2)jiji

2
 

 

d. Spatial frequency (SF) computes the total 

information level in the regions of an 

image and is calculated as 

 

SF =            

√
  
  
  
  
  
  

(
∑ ∑ (I2(i, j) − I1(i, j − 1))

2n
j=1

m
i=1

m ∙ n
)

2

+

(
∑ ∑ ( I2(i, j) − I1(i − 1, j))2n

j=1
m
i=1

m ∙ n
 )2

 

 

Table 1. Quality measurement of image fusion 

 performance of data set 1 
 

 EN MI CC SF 

Proposed Method 0.8524 0.9122 0.7840 12.9465 

DWT 0.7645 0.8256 0.6514 13.5015 

PCA 0.7845 0.8623 0.7312 11.3625 

NSCT 0.8347 0.9024 0.8064 13.4305 

 
 

Table 2.  Quality measurement of image fusion 

 performance of data set 2 
 

 EN MI CC SF 

Proposed Method 1.9236 1.5863 0.7123 15.2385 

DWT 1.4508 1.0492 0.6693 10.0410 
PCA 1.1096 1.0687 0.6958 14.4437 

NSCT 0.8489 1.1766 0.5994 17.1667 
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Figure 3. Visual quality comparison of fused images 

 from different techniques 
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Table 1 presents the evaluation results for the 

MRI and CT dataset. The techniques considered in 

the study are Proposed PDE, DWT, PCA, and 

NSCT. The evaluation metrics used are Entropy 

(EN), Mutual Information (MI), Cross-Correlation 

(CC), and Spatial Frequency (SF).Looking at the 

table, it is observed that the Proposed PDE 

technique achieves the highest scores for Entropy 

(0.85), MI (0.91), and CC (0.78) compared to other 

techniques. This suggests that the PDE-based 

method preserves more information, exhibits 

stronger alignment with the original images, and 

captures higher pixel intensity similarities in the 

fused CT images. However, in terms of SF (12.94), 

the PDE technique has a lower score compared to 

DWT (13.50). This indicates that the DWT method 

may better preserve the fine details and sharpness in 

the fused CT images results for the MRI dataset. 

In Table 2, the PDE-based technique continues 

to demonstrate promising results. It achieves the 

highest scores for Entropy (1.92), MI (1.58), and CC 

(0.71) among the evaluated techniques. This 

indicates that the PDE-based fusion method 

successfully preserves more information, aligns 

well with the original MRIand CT images, and 

exhibits higher pixel intensity similarities. 

However, for SF (15.23), the PDE-based technique 

has a lower score compared to (17.16), suggesting 

that the NSCT method may better capture the fine 

details and sharpness in the fused images. 

Overall, both tables provide a comprehensive 

comparison of the evaluated techniques in terms of 

their performance on different evaluationmetrics for 

CT and MRI image fusion. The results indicate that 

the PDE technique consistently shows promising 

performance across multiple metrics for both 

datasets, suggesting its effectiveness in preserving 

information, alignment, and pixel intensity 

similarities.  

 

Different Fusion Techniques Were Applied for 

Comparisons 

The suggested approach is contrasted with four 

other conventional fusion procedures. Discrete wavelet 

transformation, Principal component analysis, and 

non-subsampled contourlet transformation are 

among these techniques (NSCT). 

The goal of every fusion procedure is to create 

a dependable and trustworthy image that transfers 

meaningful information along with the reduction of 

source information loss and fusion artifacts. 

Research work presents a novel image fusion 

strategy based on partial differential equations and 

principal component analysis; in comparison to 

other traditional methods, the following are the 

benefits of the suggested method: 

a. The suggested technique may transfer most 

of the necessary details from the inputted 

images to fused image. 

b. Less information is lost during the fusion 

process. 

c. Fusion artifacts are reduced. 

d. Implemented techniques calculation time 

isequitable. 

When compared to DWT, PCA, and NSCT 

techniques our suggested technique can fuse most  

of the information from both input images,  

as demonstrated in Figures 2 and 3 for visual 

quality, our suggested technique performed well in 

terms of EN, MI, CC, and SF in quantitative 

parameters as shown in Tables 1 and 2. 

Conclusions 

Implemented Novel PDE Method has been 

proposed for the fusion of multimodal images. This 

paper highlights the most recent developments in 

PDE based - image fusion and suggests some 

avenues for further research in this area. The 

following points might be used to describe the main 

contributions of this study. 

• Novel PDE based image fusion techniques 

can automatically extract the most useful 

characteristics from data. To avoid the complexity 

of human design. 

• The suggested strategy, according to 

experimental findings, performs at the cutting edge 

in terms of both visual quality and quantitative 

assessment criteria. 

• In conclusion, the current work on image 

fusion by PDE based medical image fusion 

demonstrates a bright direction in the field of picture 

fusion with plenty of scope for advancement in the 

future. Further similar studies will likely carry on in 

the upcoming years to support the growth of image 

fusion. 
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