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Abstract 

It is not feasible for a single image sensor to convey all of the information essential to 

comprehend a circumstance thoroughly. The output of many image sensors combined in one 

place would supply more accurate or comprehensive information on the topic at hand. In 

recent years, multi-sensor fusion has emerged in the academic world as an emerging topic that 

has the potential to produce beneficial results. This is because it can aggregate the data from 

several different sensors. One of the primary objectives is to devise various methods for 

combining kinematic and visual data to track a moving object. These methods should allow us 

to achieve this aim. This article looks into the intricacies of various techniques to evaluate the 

current condition of a target and explores the outcomes of those approaches. These sorts of 

methods include, for instance, the Kalman filter and its expanded version, the extended 

Kalman filter. The study of the proposed work is to demonstrate the specifics of the 

development of an interacting multiple-model Kalman filter to monitor the performance of the 

moving target in response to a wide variety of tuning parameters. The proposed technique 

includes the Principal Component Analysis and spatial frequency to integrate the hazy images 

that were all shot with the same sensor modalities. This action was taken to achieve the aimed-

for outcome. The effectiveness of the fusion is evaluated based on the results of several 

distinct metrics.  

Keywords: wavelet-based image fusion; sum absolute difference; hazy images; Kalman filter. 

1. Introduction 

The difficult challenge of monitoring extended objects using image sensors has captured the 

interest of many academics, all of whom have tried to discover a solution to the issue. In these 

applications, nonlinear measurements are performed using the observed intensities of the 

targets [1]. As a consequence, algorithms are produced that, depending on the size of the 

picture, have the potential to become computationally costly and time-demanding. This is 

because for these algorithms to operate successfully, they must consider the increasing 

complexity of the data. In the vast majority of possible outcomes, it is reasonable to presume 

that the target has a substantial degree of intensity while having a size that is just somewhat 

larger than average. Because of the research that has been done up to this point, a technique for 

accurate tracking that considers segmentation for image sensors has been described [2]. This 

approach was developed due to the research that has been done up to this point. In addition to 

using the motion recognition technology that was accessible to it, the software also used the 

target recognition capabilities that were available to it. The process of identifying the correct 

mapping of one picture onto another shot from the same place at the same time but in a 

different orientation is referred to as image registration. The images were shot at a different 
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period or in a different direction when they were taken. This may be accomplished by putting 

the two photos next to each other and analyzing their differences. Picture alignment is another 

common term that refers to the process more officially known as image registration. The first 

photo is what is known as the reference or base picture [3], while the second picture is what is 

known as the input picture. Both of these terms relate to different aspects of the same thing. 

These are two other words that refer to the same concept. These two separate terms include the 

same idea, although they are used in different contexts. The individual photographs could not 

have provided a depiction of the event as accurate and illuminating as the one produced by 

merging them, which is what the combination of the photos provides. However, the 

combination of the photographs does create this depiction. Because of the proliferation of 

multi-sensor pictures across a wide range of industries, there has recently been a surge in 

interest in studying a subject known as "image fusion," which may be described as both novel 

and fascinating. Because of its accessibility, this area of study has grown significantly 

throughout the years. The expansion of this field was made possible by the accessibility of the 

materials above. Because of the noise in the environment in which the sensors [4] are installed, 

the readings produced by the sensors are, for the most part, inaccurate and prone to 

imprecision. In addition, a solitary sensor would not be able to provide all of the required data 

about the target. Likely, the estimate of the target's location produced as a consequence of 

combining information obtained from several sources and sensors will be more precise, 

resulting in decreased positional uncertainty [5]. This can be accomplished by incorporating 

information that has been obtained from a variety of sources and sensors. To reduce the 

amount of room for interpretation about the target's location, a technique called "track-to-track 

fusion" combines the tracks into a single entity. This helps to reduce the amount of noise in the 

data. This is done to reduce the amount of wiggle space for interpretation. Acoustic sensors [6] 

determine the precise bearing on a compass from when a particular sound signal originates. 

For example, Estimating the direction from which a call comes into an array is an essential 

aspect of the processing done using arrays. Collections may be used to conduct a variety of 

tasks. Array processing is used in many applications, including wireless communication, radar, 

and audio systems. 

1.1    Gap Areas  

Because they perform their tasks, image segmentation techniques like motion detection and 

object recognition produce many false positives. Getting to the bottom of this issue and finding 

a solution will be required to construct accurate tracking algorithms [7]. Developing these 

algorithms will take some time. To perform automated detection and tracking of the target 

from within a series of photos, a methodology that uses the numerous image registration 

methods now available will need to be developed. This will allow the detection and tracking of 

the target to be carried out more efficiently. This is essential to get the desired results of 

automating the target's detection and tracking to fulfill the goal. This must be done since it is 

necessary to carry out automated detection [8] and target tracking. The scope of this research 

will include the investigation of several methods, including correlation and frequency domain 

registration, among others. It is essential to have many imaging sensors that can offer 

information on the surveillance area to demonstrate how image fusion may be utilized in 

applications such as tracking targets. To do so, it is necessary to have many imaging sensors. It 

is feasible that the uncertainty in the position estimate might be lowered if the tracks produced 

from the data collected by image sensors were combined with the data collected by traditional 

radar. This is something that can be done, as well as conceivable. This is a course of action 

that ought to be examined and given some thought. It is of the utmost importance to find a 

solution to fusing data from various sensors, such as radar data and infrared search and track 

(IRST) [9] sensors, for example. This is a challenge that has to be solved. This challenge 

requires immediate attention since it might have serious repercussions. It is essential to 

research a wide array of different fusion methods. It is necessary to develop an interacting 

multiple-model Kalman filter to keep up with a moving target using IRST and radar data. This 

is the case regardless of whether the target is stationary or in motion. This must be the case to 

accomplish that goal. This is always the case with the circumstance when the target is going in 

a different direction. Studying the methods for fusing and tracking the target using 

IRST/image data [10] and aural sensor data is necessary because it is necessary to accurately 

establish the location of the mark or source, which may be required for the navigation of 
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uncrewed air vehicles. To do this, it is essential to study the methods. This is necessary due to 

the need to research these different approaches.  

1.2 Motivation  

In recent years, information fusion, also known as the integration of data from various sensors, 

has garnered a growing amount of attention due to the breadth and depth of its applications. 

The procedure is also known as data fusion in certain circles. Human operators find it 

impossible to make choices when faced with such an overwhelming volume of information 

while coping with more complicated systems. As a direct result, fusion methods are required 

to combine several information data structures into one that is easier to grasp and offers a 

better degree of comfort to the human operator. Consequently, these approaches are required. 

These systems have a wide range of potential applications, including those in manufacturing, 

transportation, safety, and environmental planning, as well as the medical and military areas.  

2 Related Work 

To succeed, it is required to extract detailed information from the images used as sources for 

wavelet-based fusion approaches. These photographs serve as the data source. To successfully 

inject this specific piece of information into a merged image, it is necessary to perform 

straightforward mathematical operations, such as adding and aggregating data, and more 

involved operations, such as calculating the average, the highest, and the lowest possible 

values. To combine high-resolution photos, techniques based on wavelets need additional 

decomposition steps to be performed. These approaches may be used in conjunction with a 

wide variety of other methods, including neural networks, singular value decomposition, ICA, 

genetic algorithm, CTT, and entropy, to name just a few of the many others. 

 [11] researchers in the transform domain came up with a revolutionary fusion approach called 

the nonsubsampled shear let transform. This approach may be utilized to estimate the 

particulars of the local structure for low sub-band coefficients by using the singular value 

decomposition. The approach described before may be used to accomplish this goal. There is a 

chance that the features determined from the low-frequency sub-band will adequately reflect 

the information located around the edges. Following an examination of how the clarity indices 

of the source photographs compare to one another, the bandpass sub-band coefficient with the 

highest clarity index is chosen to serve as the fused value. [12] detailed a technique of 

multifocal picture fusion in which the fusing of curvelets served as the fundamental 

component of the approach.  

[13] the method was based on the fusing of curvelets. Adaptive weights combine the high-

frequency coefficients in this approach, while regional variance is used to combine the low-

frequency coefficients. These two approaches are blended to get the desired result. [14] came 

up with the concept for a multifidus fusion method that uses an enhanced dual-channel pulse-

coupled neural network (PCNN). This system operates inside the NSCT domain, which it is a 

member of. The raw pictures are first decomposed into a variety of sub-band coefficients using 

NSCT. Next, enhanced dual channel PCNN is used to combine the coefficients that have been 

created. The consequence of doing an inverse NSCT is fusion. The concept for a remote 

sensing fusion technique based on the curvelet transform was conceived by [15]. When 

compared to wavelets, curvelets provide superior results in image fusions, including 

multispectral and panchromatic data. This results from the fact that curvelets are more 

competent than wavelets in maintaining the edge properties of an image. The fusion criteria 

that are employed in this approach are pretty comparable to the fusion criteria that are used in 

the process of fusing wavelets.  

[16] suggested a fusion method that included the multilevel extrema schema and segmented 

the input pictures into coarse and detailed layers. This was presented as a proposal for a fusion 

approach. This approach takes advantage of the local energy and the contrast to choosing the 

appropriate coefficients in the various layers. To accomplish the impact that is sought, 

something must first be completed. The quantity of information kept from the source shots and 

the quality of the merged photographs both see significant improvements due to this process. 
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When the chosen coefficients from the coarse layer and the detailed layer are superposed, the 

development of the whole fusion process may be determined.  

[17] have described a fusion method that uses a multiscale-directed bidirectional filter bank. 

The MDBF algorithm is the tool that is used while carrying out the process of dividing source 

pictures into directional detail sub-bands and approximation sub-bands to execute the job. 

After completing this stage, the detailed sub-bands and the approximation sub-bands will be 

combined using the iteration that was decided upon for the sub-bands. To create the combined 

picture, an application of inverse MDBF is carried out on the sub-bands that have been fused. 

The averaging approach is used when linking the detail sub-bands, while the choose-max 

fusion strategy is the one that gets the job done when it comes to connecting the approximation 

sub-bands.  

It is possible to get edges and details, there is no need to make a pyramid filter, and the 

addition operation makes it possible for the reconstruction of the MDBF to be a 

straightforward and basic process. A notion for a wavelet-based fusion system that uses fuzzy 

logic was created by [18]. Fusing high-frequency coefficients are possible via weighted 

averaging, selection by pixel-based decision maps, and selection by region-based decision 

maps. All of these methods are based on decision maps. A fusion rule based on optimization 

has been implemented so that low-frequency coefficients may be combined; this was done to 

make the combination possible. 

The application of morphological approaches allows for identifying information in medical 

photos that is relevant in terms of its spatial location. The primary emphasis of these methods 

is placed on the structural components that describe the opening and closing processes. 

Morphology-based methodologies are used in this study. The process of diagnosing conditions 

affecting the brain requires many steps, one of which is the fusion of CT and MRI scans. The 

identification of characteristics that are scale-dependent is one of the processes involved in this 

procedure. The efficacy of morphological fusion methods is greatly affected by many 

parameters, such as noise and outliers, the shape of the features, and their size.  

[19] have devised a method for edge-preserved fusion predicated on using a multiscale 

toggling contrast operator. This strategy makes use of multiscale structural components, which 

are things that have the same shape but varied sizes. These items may range in size from very 

small to very large. In addition, the multiscale toggling contrast operator is used to extract 

multiscale dilation and erosion features that accurately match the edge information of the 

source images. To create a fused picture, combining the characteristics of an initial impression 

with those of dilatation and erosion is necessary.  

The work that [20] published the following year resulted in creating a fusion method that used 

morphological component analysis. With this method, the cartoon component of the source 

pictures and the texture component are combined into a single image. In the past, the merging 

process was limited to a single piece at a time. A cartoonish representation of the gradual 

change in the lighting and edges is presented here for your perusal. The texture map supplies 

the information needed on the textures of the areas obscured by edges. A technique to picture 

fusion that was based on the multi-scale top-hat transform was suggested by the researchers 

[21]. Utilizing multiscale structural components that have the same shape as one another but 

differ in size is how this kind of construction is carried out. To successfully differentiate 

between the image's bright and dark components, the picture fusion process requires this step 

to be carried out. Three different weighted fusion procedures are shown in this article. This is 

done so that the ultimate fusion result can be produced and the resultant picture features may 

be exported. 

2.1 Methods Based on The Integration of Knowledge 

When specialized applications are carried out with image fusion technologies, having previous 

knowledge of the area in question is extremely important. This is because image fusion 

technologies combine many images into one. Several diagnostic processes, including 

segmentation, the classification of tissues, the identification of breast cancer, and the diagnosis 

of the brain, have achieved a high degree of success due to the use of domain knowledge-

based fusion methods. When the photographs are exposed to a significant amount of pixel 
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intensity fluctuation, these methods often have difficulties due to the human predisposition to 

make judgment mistakes. 

2.2 Region-Based Fusion Schemes 

The multi-focus image fusion provided by [22] was accomplished by using picture 

segmentation by normalized cut, area clarity by averaging, and the construction of fused 

images by spatial frequency measure. The research [23] integrated infrared and visible images 

using area segmentation techniques and NSCT. This technique of fusion requires that the 

following stages be completed to integrate images from a variety of sources successfully: In 

the target and background of the source images are separated using spatial frequency 

segmentation, (ii) edge detection is applied to source images to preserve edges and textures, 

(iii) the source images are then used, and (iv) the source images are decomposed into 

multiscale and multidirectional representations using NSCT. (iv) Each individual target area, 

edge region, and backdrop region has its own unique set of fusion rules that must be adhered 

to for the fusion to succeed. 

The use of spatial domain techniques, one of the fusion algorithms proposed in the research 

literature, often results in the loss of spectrum information and the introduction of spatial 

distortions. This is the case because of the introduction of spatial distortions. Methods that 

operate in the transform domain often have poor directionality, a lack of phase information, 

and shift sensitivity. These issues might occur because the transform domain is a linear space. 

Compared to wavelet transforms, some methods from the transform domain provide more 

excellent directionality and shift-invariance property. As a result, these methods are suitable 

for image fusion techniques that are founded on wavelets. Nevertheless, these methods are 

computationally challenging and need a considerable amount of memory to implement  [24]. 

Principal component analysis (PCA), which was first introduced by [25], is a well-known de-

correlation approach that may be used for data that is spatial in nature. Only the most 

important principal components are kept after PCA, which leads to pretty successful image 

fusion when the main features with the highest scores are utilized as the weights for the fusion 

rule. In this body of research, fusion is carried out in the spatial domain; however, the 

consequences of the fusion are evaluated based not just on the data from the spatial 

environment but also on the coefficients from the transform domain. This is because the 

weights for the fusion are dependent not only on the data from the spatial domain but also on 

the transform domain. In the spatial realm, extracting data from photographs may be 

accomplished using one of two alternative approaches. The first is represented by pieces of the 

source photos, such as squares or rectangles, while the second is defined by sections of the 

source images that have been segmented. Both of these representations are seen below. 

Calculating transform domain coefficients is possible using a technique known as wavelet 

decomposition. The advantages of DWT are included in those weights by including multiscale 

and multiresolution representations in the computations that produce the consequences of the 

fusion rule.  

3  Proposed Work 

By setting suitable weights for integrating picture features of the source images, linear 

weighted averaging approaches will always lead to successful and meaningful image fusion. 

This is because of the nature of the weighting system. In principal component analysis (PCA), 

the assessment of weights is performed based on the statistical properties of the source 

pictures. The linear weighted PCA fusion conducted by [26] elucidates rather plainly the 

global interdependence of the covariance matrix and the principal components. This effort is 

geared toward the localization of primary elements to facilitate the incorporation of the 

efficiency of local statistical qualities. The input picture pairings must first be cut up into their 

component blocks to implement this idea. Because of this, they are assessing principal 

components for all block pairings, performing a principal component analysis at the block 

level, and then averaging the main features. The fusion rule's central component localization 

and linear weights may be found by taking the average of these principal components. 
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3.1 PCA FUSION 

 

A well-known method for de-correlating data, principal component analysis was first 

presented by [23] and has since gained widespread use. This technique preserves the primary 

elements of the utmost significance, resulting in an efficient image fusion—the combined 

image results from a linear combination of the fusion inputs. The image information is 

transmitted to the fusion output using[24] determined from the principal components with the 

most significant sum. This results in the creation of a fused picture. The technique of fusing 

source images using PCA involves applying main features that have been evaluated using 

Eigen values and then fusing the resulting images. As a direct consequence o, the source 

images' picture characteristics are assigned relevance according to the covariance quality. 

According to [25] the weights for the fusion rule in the PCA scheme are supplied by the top 

two principal components, which represent the energy of the majority of the pixels. The 

highest two principal components also contribute to the weights for the fusion rule. According 

to the findings of [26], this PCA fusion approach is a linear weighted fusion procedure. When 

the weights are assessed appropriately, this linear weighted fusion approach often produces the 

desired effect, which is the successful fusing of picture characteristics and edge information. 

 

The components that make up the linear weighted fusion approach are broken down into the 

following steps of the evaluation process. Let xi and yj serve as the two source photographs, 

and represent them as column vectors. 
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The covariance matrix of the source images is given by 
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z = m1 × xi + m2 × yj (5) 

 

3.2 Localization by Block Processing 

 

The localisation of statistical features and subsequent principal component analysis (PCA) 

may be carried out by separating the source pictures into constituent blocks, which is a method 

that has been suggested and developed in the current study. This method is mentioned in the 

first chapter. The process of dividing photographs into blocks is a simple one that is only 

limited by the dimensions of the original images. In order to divide source photos into sub 

images, there are three different approaches to choose from. The first technique uses a size that 

is a power of 2, the second way uses a size that is not a power of 2 but has the same spatial 

resolution, and the third method uses rows and columns that are not equal. IBLPCA fusion is 

able to distinguish between source pictures based on their size to the power of 2. The block 

size for a given picture pair of input is established according to the results of the fusion 

performance assessment. 

 

If the input image pair has M rows and M columns, 

 

pixel           ;             (6) 

 

Number of blocks             ;             (7) 
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3.3 Fusion of Principal Component Analysis in Image 

 

Evaluation of the principal components of block pairs from the source pictures is done in order 

to perform localization of principal component analysis (PCA). Figure 3.1 depicts this concept 

visually for you. According to the instructions in section 3.3, images are cut up into blocks. 

According to the information presented in section 3.1, each block pair provides two data sets 

with the same dimension for the purpose of evaluating the covariance matrix and principal 

components. This particular covariance matrix is referred to as the local covariance, which 

ultimately results in the localization of main components. 

  

 

 

 

 

 
 

 

 

Figure 1: Block schematic of iterative block level principal component averaging fusion 

 

 

As can be seen in Figures 1 and 2, the source images, IM1 and IM2, are each cut into a number 

of blocks equal to K. The principal components of the appropriate block pairs of source 

pictures are analysed and assessed. All of the block pairs' principal components are put 

through an evaluation. Principal components are denoted as mK and mK, and they are 

provided for all of the 'K' number of blocks. Finding an objective value for the mean of all n 

primary components might be difficult depending on the source picture pairs being compared. 

The weights for the fusion rule are denoted by the symbols m1(av) and m2(av). 
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Figure 2: Illustration of block-level principal component averaging This block level principal 

component averaging fusion (BLPCA) is given by 

 

 y(BLPCA) = m1(av) × IM1+ m2(av) × IM2 (10) 

 

BLPCA fusion is made iterative BLPCA fusion by varying values of ‗K‘ or ‗n‘. For each value 

of K, BLPCA fusion performance is evaluated by average mutual information. For particular 

value of K, IBLPCA fusion results in higher AMI that denotes better fusion output. 

  

 

3.3.1 Algorithm 

 

The following steps are involved in IBLPCA fusion algorithm 

 

1 Divide an input image into   blocks 

as given section    , where   is given 

by                  For 

       . Repeat this for another 

input image. 

2 Evaluate principal components for 

all the   block pairs and denote as 

  
  and   

  

3 Find out          and          as given 

in equation (3.9) 

4 Obtain fusion output as given in 

equation (3.10) 

5 Evaluate AMI between fused image 

and the source images as given in 

          

6 Repeat steps (1)-(5) for        ; 

 

Forone indicates that the source pictures and the fused image are more similar particular value 

of n, maximum AMI and subsequent fusion output is obtained. 

 

3.4 Analysis Of Fusion Of MRI Images 

 

For the purpose of performance assessment, five sets of precisely registered MRI pictures with 

a spatial resolution of 256 x 256 were collected, and those images are shown in Figure 3. Each 

source picture pair undergoes iterative fusion using block sizes of 128 pixels by 128 pixels, 64 

pixels by 64 pixels, 32 pixels by 32 pixels, and 16 pixels by 16 pixels. For every source image 

pair, the block size that produces the best fusion output and the highest AMI is chosen as the 

optimal option. Table 1 provides an illustration of how to pick a block size and also provides 

an example of how to select a block size for each of six sets of source picture pairings that 

result in maximum AMI. 

 

m1 m2 

0.6145 0.3689 

0.6321 0.3456 

block 

pairs 
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In order to conduct a performance analysis, the IBLPCA fusion technique is evaluated against 

other fusion algorithms already in use, including PCA, DWT, and DTCWT. The principal 

component analysis (PCA) fusion technique is a linear weighted fusion approach that 

determines weights based on the global covariance of the source pictures. The DWT fusion 

operation is performed using a wavelet called dB2 and four different decomposition levels. 

Experiments using DTCWT fusion are being conducted with seven different decomposition 

levels. 

 

 

 

   

   
 

 

Figure 3: Source images (a)Set1 (b)Set2 (c)Set3 (d)Set4 (e)Set5  

 

 

As was discussed in more depth in the preceding chapter, several metrics have been suggested 

for both the qualitative and quantitative assessment of the performance of fusion. AMI and 

MSSIM are being used to assess the IBLPCA fusion. AMI is an information transfer measure 

that is not reference-based and quantitatively illustrates how information is transferred from 

the source image pair to the fusion result. A higher AMI indicates that there was a significant 

amount of information transferred from the source photos to the fused image. MSSIM is a 

reference-based measure that calculates an estimate of the correlation between source pictures 

by taking luminance subtraction, contrast, and structural properties into consideration. A 

MSSIM result that is near to one indicates that the source pictures and the fused image are 

more similar to one another. 

4 Experimental Results and Analysis 

AMI and MSSIM for the fusion of all input pairs are given in Figure 4 (a) & (b). 

https://doi.org/10.54216/FPA.020105


Fusion: Practice and Applications (FPA)                                                  Vol. 02, No. 01, PP. 42-60, 2020 

51 
         Doi:  https://doi.org/10.54216/FPA.020105  
        Received: February 10, 2020  Revised: April 02, 2020  Accepted: May 27, 2020 

 
 

(a) 

 

 

 
 

 

 

 

(b) 

 

Figure 4: Performance metrics (a) AMI (b) MSSIM 

 

This unequivocally proves that the proposed approach performs better than any of the previous 

techniques when applied to any pair of MRI images. IBLPCA produces findings that are 

marginally superior to those produced by the PCA approach due to the grey level profile of 

Set4. Due to the augmentation of the contrast, DWT and DTCWT provide unsatisfactory 

results with these photos. The use of DWT produces an increased level of contrast in the 

backdrop, which can be plainly seen in the final results. An evaluation of the visual quality of 

each of the photographs shown in Figure 5 demonstrates, in addition, that the suggested 

approach is superior than other ways. 
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(a) (b) (c) (d) 

Figure 5: Fusion outputs for all the five sets of source images 

(a) PCA (b) IBLPCA (c) DWT (d) DTCWT

 

3.1 FUSION OF IMAGES CORRUPTED WITH

 IMPULSE NOISE 

 

This section elaborately discusses the performance of IBLPCA fusion over fixed-valued 

impulse noise corrupted MRI images. 

 

3.1.1 Noise Model 

 

The process of clinical diagnosis and research in pathology in the current day relies heavily on the 

use of digital pictures, especially medical imaging. During the process of acquiring, storing, 

processing, transmitting, and reproducing these pictures, they are degraded in a variety of ways, 

which leads to a distracting reduction in their overall visual quality. Impulse noise is one kind of 

noise that may occur at any point in the processing of an image; it is one of the many types of noise 

that can contribute to the deterioration of medical pictures. The presence of noisy sensors and 
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random bit errors in a transmission channel both contribute to the generation of fixed-valued 

impulse noise. 

3.1.2 Performance Analysis 

 

Source images are subjected to FVIN with densities ranging from 0.01 to 0.09 by MATLAB 

noise implementation. Source image pairs affected by FVIN are split into blocks as specified 

in section 3. IBLPCA is experimented on the source image pairs and the performance is 

evaluated by AMI and MSSIM. 

 

Among the five sets of input image pairs, performance evaluation is given in Figure 6(a) & (b) 

for Set4 source images. Analyzing AMI clearly reveals that IBLPCA is able to deliver better 

performance compared to other methods. With the increase in noise density, most of the 

methods give consistent AMI except DWT. DWT fusion results in uneven information transfer 

with the increasing noise density 

 

 

 
Figure 6:(a) AMI evaluation of IBLPCA fusion 

 

Figure 6(b) demonstrates MSSIM for various noise densities for the same source image pair. 

Analyzing MSSIM clearly exposes the superiority of IBLPCA over other methods. All the 

fusion schemes exhibit consistent performance with the increasing noise density. 

 

 

 

 

 

 
 

(b)  
Figure 6: (b) MSSIM evaluation of IBLPCA fusion 
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3.2 FUSION OF IMPULSE NOISE FILTERED MRI IMAGES 

 

This section elaborately discusses the performance of IBLPCA fusion over fixed-valued 

impulse noise-filtered MRI T1 and MRI T2 images. 

 

3.2.1 Non-linear Statistical Filters 

 

There are several techniques for the elimination of impulse noise that can be found in 

published works; nevertheless, there is always a tradeoff between the quality of the picture that 

is recovered and the degree of deterioration that is induced by the filter itself. The basic 

median filter, along with its many variants, is one of the non-linear statistical filters that offers 

a balanced performance in the suppression of impulsive noise. These filtering algorithms 

modify themselves according to the local characteristics and structures present in the picture. 

Although they are excellent in reducing noise, the features that are there in the original are 

lost. Other median filtering approaches, such as adaptive median, hybrid median, and relaxed 

median filtering methods, have been used in order to reconstruct the picture while still 

preserving the tiny features that were there in it. The standard median filter (SMF) is an order 

statistics filter that has a fair noise removal capability, but it distorts fine features and 

eliminates thin lines, even when there is a modest amount of noise present. When dealing with 

increasing noise densities, SMF often causes the picture to become blurry when applied to 

bigger window sizes, while providing inadequate noise reduction when applied to lower 

window sizes. The impulse noise filters were developed to effectively reduce noise while 

preserving the high-frequency information contained in pictures. Nevertheless, the vast 

majority of the filters work on both noisy and noise-free pixel data. The adaptive median filter 

has greater performance at lower noise levels than other filters do because it replaces the 

values of a few damaged pixels with their median counterparts. This replacement is 

significantly increased by the adaptive window size when there is a greater level of noise 

density. However, there is a weaker correlation between the damaged pixel values and the 

restored median values. The Hybrid Median Filter, often known as HMF, is a de-noising 

technique that makes use of diagonal neighborhood assessment. However, it does not function 

very well at low noise levels. The ACWMF will identify noisy pixels while preserving data 

that have not been altered by making adaptive adjustments to its threshold settings. The most 

up-to-date techniques, such as traditional kernel regression and steering kernel regression, 

provide superior outcomes but need more effort and time to implement. Because of its speed 

and its ability to compete with other methods, this study makes use of ACWMF for the 

elimination of impulse noise.
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3.2.2 Performance Analysis 

 

Each and every picture is impacted by a consistent impulse noise with densities varying from 0.01-

0.09 pixels per inch. ACWMF is used with a window size of 3x3 for the purpose of eliminating 

impulsive noise. For the threshold values of [0,1, 2] = [55,40,25,15], ACWMF performs consistently 

well in eliminating fixed valued impulses for all of the different noise densities. This is the case for 

all of the threshold values. Better noise removal may be achieved at extremely low noise densities 

with values of [0,1, 2], which are equal to [40,25,10,5]. The value of the parameter s( 0) shifts 

depending on the noise density of the picture being degraded, and an effective range for s is between 

0 and 0.6. In the experiments, the variable s is assumed to be 0.1. 

 

Figures 7 and 8 show the results of an experiment in which two different sets of noise-filtered 

images were fused together. According to the findings of AMI analysis, IBLPCA fusion performs 

better across the board for all of the different noise concentrations. When it comes to the 

combination of Set2 and Set3 pictures, the IBLPCA fusion method produces results that are 

marginally superior to those produced by PCA for a select few noise densities. 

 

Analysis of MSSIM demonstrates that the IBLPCA fusion approach has superior structural 

similarity to that of other methods for all levels of noise density. Visual quality evaluation of the 

combined findings also reveals the same information and is shown in Figure 9. IBLPCA fusion, in 

general, yields better results in terms of AMI for the vast majority of the noise-filtered source 

pictures and demonstrates effectiveness in terms of MSSIM in comparison to other approaches. 

DWT causes a decrease in background contrast enhancement that is seen in the visual quality 

evaluation of the fusion results. 

 

 

 

 

 

 
 

 

 

(a) 
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(b) 

 

The measurements make it clear that the DWTPCA is capable of transferring more features from the 

source pictures to the fused image than other approaches. The DWTPCA algorithm performs 

somewhat better in terms of AMI when used to Set3 and Set5 pictures. On the other hand, it 

demonstrates excellent performance while dealing with Set4 pictures. The qualitative assessment 

measure AQI that DWTPCA utilizes produces superior results when compared to transform domain 

approaches for the Set4 pictures. This is the case for two of the four different sets of source images. 

When compared to other approaches, the APSNR of DWTPCA reveals unequivocally that it 

produces a fused picture with a high PSNR and a grey level difference that is lower than that of the 

source images. Additionally, QHNC demonstrates performance that is comparable to that of the 

DWTPCA. The DWTPCA approach produces better results than transform domain methods, and its 

QHNC value is extremely similar to that of the FCMPCA method. These findings pertain to Set3 

pictures. 

 

 

 

 
 

 

(c) 

 

Figure 7:Performance metrics for Set2 source images (a) AMI (b) MSSIM (c) PCA 
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(a)                                              (b) 

 

Figure 8: Performance metrics for Set3 source images (a) AMI (b) MSSIM 

 

 

All the source image pairs are exposed to AWGN with variance ranging from 0.01 to 0.09. The 

noise corrupted source image pairs are fused by all the PCA fusion schemes and the performance 

analysis is carried out. Fusion metrics, AMI and AQI, given in Figure 9 for Set3 MRI images expose 

the superior behavior of PCA fusion schemes. DWTPCA outperforms other three PCA fusion 

methods in AMI and AQI evaluation. 

 
(a) (b) (c) (d) 

 

 

 

Figure 9:Fusion outputs of impulse noise filtered images (a) PCA 

(b) IBLPCA (c) DWT (d) DTCWT 
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All the source image pairs are exposed to fixed-valued impulse noise with densities ranging from 

0.01 to 0.09. The noise-corrupted source image pairs are fused by all the PCA fusion schemes and 

the performance analysis is carried out.  

 

 

5. Conclusion  

 

The localization of PCA has been examined in this chapter by first breaking the source pictures up 

into blocks. Illustrations have been used to show how localization of principle component analysis 

(PCA) and subsequent principal component averaging fusion may provide benefits. The performance 

of IBLPCA fusion on MRI brain images has been evaluated during the course of three separate trials. 

The advantage of IBLPCA is shown beyond a reasonable doubt in all three scenarios by means of 

quantitative and qualitative fusion measures. The fusion process that was covered in this chapter is 

carried out in an iterative manner to achieve the highest possible level of fusion performance, which 

may result in extremely compact picture blocks. The size of the input picture needs to be a power of 

two as well, in order to facilitate the division of the source photos into blocks of like dimensions. It is 

not possible to do accurate intensity value localization by sectioning a picture into blocks. 

Segmentation methods allow for a considerably more granular level of intensity value localization. 

Clustering algorithms tend to gravitate toward the localization of PCA because of this principle. The 

principal component averaging fusion approach is further upon in the next chapter, which is based on 

clustering. By segmenting the source pictures into several tiny blocks, IBLPCA is able to carry out 

the localization of PCA at the block level. When determining linear weights for fusion, principal 

component averaging is a process that is carried out. A non-reference quantitative statistic known as 

average mutual information has been developed as a means of assessing the success of the fusion. 

This statistic was also helpful in deciding how many blocks should be used for the IBLPCA fusion 

technique. When compared to alternative approaches for the fusing of original, impulse noise 

corrupted, and impulse noise filtered source pictures, the superiority of our algorithm is made 

abundantly obvious by the analysis of a variety of metrics. In IBLPCA fusion, segmentation-based 

principal component averaging is caused by a combination of factors including the size of the blocks 

and the number of blocks. The FCM and spatial FCM clustering algorithms are responsible for 

carrying out the segmentation-based localization of grey-value locations. Principal component 

averaging, which was based on the segmented areas, proved to be better to alternative fusion 

strategies that were already in place. Experiments also showed that the presence of AWGN resulted 

in an improvement in the performance of SFCMPCA fusion. The following assessment of the 

principal components, which follows the segmentation of source pictures into a greater number of 

clusters, causes principal component averaging to proceed toward transform domain coefficients. 

IBLPCA allows users to investigate a variety of features of the process of separating the source 

photos into blocks, including the size of the blocks and the number of blocks. Within the framework 

of the segmentation-based PCA fusion idea, it is possible to examine more complex automated 

segmentation techniques for confined areas. Experiments may be done with higher levels of 

decompositions for DWT-based localization, and other multiresolution transformations can also be 

investigated for the localization of areas. Specific diagnostic application-based fusion performance 

analysis is something that can be done with the input of medical professionals, and further inclusion 

of this fusion tool into medical imaging systems is something that can be done as well. 
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