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Abstract 

Medical image fusion is the process to combine visual information from several medical imaging inputs into a 

single fused image with no loss of information and distortion. It improves the clinical applications of medical 

imaging for diagnosis and treatment of medical conditions by retaining complete details in the fused image. In 

recent years, numerous image fusion techniques have been proposed and shown the significant progress in the 

field of medical diagnosis. However, fusion performance of these recent techniques is still prone to distortion, 

blurring and noises. In order to address these problems, this paper proposes a multimodal medical image fusion 

technique based on anisotropic diffusion and cross bilateral filter (CBF) via pixel significance. First, the method 

employs edge preserving processing of the original images where it combines linear low pass filter with 

nonlinear techniques which allow to select meaningful regions of the source images while edges gets preserved. 

The selection of those regions is based on morphologically processing of linear filters residuals and aims to 

find the meaningful regions characterized by edges with appropriate size and high amplitude. An anisotropic 

diffusion is utilized further to decompose images into base and detail layers. The method further proposes to 

fuse images through weighted average using the estimated weights from the detail images obtained from both 

base and detail layers using CBF. Lastly, the final fusion result is generated by linear combination of fused 

images of both layers. Our proposed method is tested with different pairs of publicly available medical image 

datasets. Experimental results exhibit that the proposed method shows remarkable performance as compares to 

other existing state-of-the-art methods in terms of both qualitative and quantitative analysis. 
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1. Introduction 

Medical imaging is the significant pillar for clinical decision making and is an important aspect of 

many patient journeys. Medical images can be used in a variety of clinical applications such as computer 

aided detection, diagnosis, treatment planning, intervention and therapy. While medical imaging system 

is still a significant part of a variety of clinical duties, the increasing shortage of experienced radiologists 

to interpret complicated medical images indicates an apparent demand for reliable automated techniques 

to alleviate the growing burden on healthcare practitioners. Thus, the development of advanced 

computation techniques for study of structured data like images is benefiting medical imaging science 

[1, 2]. The development of techniques for image acquisition, processing and interpretation is driving 

innovation specially in the fields of reconstruction, registration, fusion, detection, segmentation, tracking, 

and modelling. Medical images are intrinsically difficult to interpret and requires prior expertise to 

understand. Biomedical images obtained under a range of acquisition conditions with different protocols 

can be noisy and incorporate several modality specific artifacts. Medical image processing has been a 

booming domain of research for more than two decades initially focusing on typical image analysis task 

including registration, segmentation and contrast enhancement. However, with growth of medical image 

processing, the field of imaging biomarker discovery has been focusing on transforming functional data 

into relevant biomarker that can generate insight into a variety of medical conditions [3–6].  

Image fusion is a technique of incorporating details from the multimodal images of same scene to 

obtain a single fused image which is highly informative when compared to these multiple multimodal 

images. This study concentrates on the multimodality medical image fusion that combines multimodal 

medical images from same region of human body obtained using various imaging modalities. In practical, 

medical images obtained using these techniques contain information that represent the state of the human 

body such as bone structures, metabolic rate and other details. However, a single image can provide only 

one kind of human body description. Example, magnetic resonance imaging (MRI) images give 

anatomical details having high spatial resolution. Computed tomography (CT) images can identify tissues 

with varying densities i.e. blood arteries and bone structures better than MRI which can reveal soft tissues 

rather than bone information. Similarly, positron emission tomography (PET) and single photon emission 

computed tomography (SPECT) images reveals metabolic and functional details however their spatial 

resolution is low. Different imaging modalities provide significant disparities in images which is 

complementarity to each other. Thus, the fusing of multiple images from different modalities may be 

beneficial for medical evaluation since a single fused image presents various types of information, 

enhance image quality and considerably increases the spatial resolution of images. Radiologists can then 

utilize this fused image to make a complete diagnosis for patients allowing them to help better treatment 

of diseases. In conclusion, fusing diverse sets of medical images is critical for diagnosing and treating 

any disorders. The classic traditional image fusion algorithms include non-subsampled contourlet 

transform (NSCT), discrete wavelet transform (DWT), dual-tree complex wavelet transform (DT-CWT), 

etc. [7, 8]. However, these approaches are not very practical at fusing specific input image details and 

resulting an artifact in images. In recent years, deep learning techniques is making an exceptional progress 

in numerous image processing and computer vision applications due to the advancement of machine 

learning. Recently, research based on deep learning are becoming key subject in the domain of image 

fusion [9]. In recent years, numerous image fusion approaches have been proposed in digital photography 

such as multisensor and multifocus fusion [10, 11] and multimodality imaging such as infrared and visible 

image fusion [12] and fusion of medical images [13]. 

In order to further increase the fusion quality of medical images, this study propose a multimodal image 

fusion technique based on morphologically processing of residuals via pixel significance using 

anisotropic diffusion (AD) and cross bilateral filter (CBF). First, the proposed method introduces low 

pass filter with morphologically processed residuals (LPMPR) for edge aware processing of source 

images. It integrates linear low pass filtering with nonlinear techniques which allow to select meaningful 

regions of the images while preserving edges. This process can be used to control the contract further. 
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Then these images are decomposed into base layers and detail layers through AD. Further, it proposes to 

fused input images by weighted average approach utilizing the weights estimated from detail images 

obtained from both base and detail layers utilizing CBF. Lastly, the fused images of both layers are 

integrated together to obtain the resultant fused image. Efficiency of our algorithm is verified through 

several pairs of medical image datasets. Experiments on the regular test pairs of medical images indicate 

that our proposed shows better performance as compares to other comparative existing techniques in case 

of both visual analysis and quantitative performance.  

The following are the key contributions of our research articles are:  

⚫ The paper proposes an efficient medical image fusion framework based on morphologically 

processing of residuals via pixel significance using AD and CBF capable to perform fusion task 

effectively. The method performs fusion rule for both high frequency and low frequency 

components that takes both extraction of detailed features and preservation of structured details into 

consideration.   

⚫ The method employs nonlinear filtering that aims to localize and extract meaningful edges that is 

incorporated in the final image thus preventing artifacts within image regions, thus, it will increase 

the visual perception ability of fused image. 

⚫ The proposed fusion approach can be used to perform a controllable edge-aware image blur with 

contrast improvement which can increase the quality of images with a controlled level of 

information preserved. 

⚫ It proposes an effective and easy to implement image fusion framework with low computation costs. 

This fusion method is effective for both high pass and low pass frequency components, as the 

proposed fusion methods are presented to extract the detailed features and preserves the structured 

details, respectively. The proposed fusion rule not only obtains high quality fusion results but also 

achieves low computation costs. 

The remainder of this paper are structured as follows. Section 2 discusses the most significant works 

in image fusion domain. Section 3 illustrates the details of proposed medical image fusion approach. 

Section 4 presented an experimental details, results and discussion. Section 5 presented the conclusion 

the proposed research work. 

 

2. Related Work  

Numerous image fusions approaches have been proposed over the last few decades. A hybrid approach 

combining curvelet transform (CT) and wavelet transform (WT) has been proposed for fusion of medical 

images by Agarwal et al. [14]. This method used WT to segments the input images into bands and the 

segmented images are further fused into sub-bands utilizing the CT that divides the bands to the 

overlapping tiles and effectively converts curves in images into straight lines. In order to generate a more 

detailed fusion result, these tiles are combined by inverse wavelet transform. The results demonstrate that 

the fusion result has minimum errors and produces higher-quality outcomes. In order to further increase 

the image quality and reduce artifacts in fused image, Bavirisetti and Dhuli [15] introduced an edge 

preserving fusion approach for visible and infrared sensor images. The input images are first decomposed 

into approximation and detail layers by anisotropic diffusion. Then Karhunen-Loeve transform and linear 

super position are used to compute the final approximation and detail layers.  Linear combination of final 

approximation and detail layer images produces a fusion result. This approach leads to significant contrast 

improvement by maintaining the important image information. For fusing multifocus images, a hybrid 

technique combining stationary wavelet transform (SWT) and principal component analyses (PCA) has 

been proposed further [16]. SWT helps to generate features from the input images and the subsequent 

decomposition image into four sub-bands. Then PCA-based fusion rule is utilized that calculates 

eigenvectors and keeps the maximum eigenvector of these sub-bands because eigenvector represent 

images optimally. According to the evaluation parameters, this method has the ability to improve image 

information and aid in the elimination of artefacts resulting in superior visual perception.  
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The fusion method on infrared vein transmitting technique utilizing multilight intensity imaging is 

proposed in [17]. Using multilight intensity imaging, an infrared transmitting technique is presented 

based on the observed finger vein images. This technique is computed from multiple pixel values under 

several light intensity in the same scene. The vein images of finger obtained the system will be normalized 

and the vein pattern of the biometric information from the tested human’s body will be preserved intact 

due to the fusion process used in the biometric system. Multiscale fusion approach related to visual 

saliency map (VSM) and weighted least squares (WLS) optimization was further introduced with the 

goal of overcoming some of the shortcomings of conventional fusion methods [18]. In order to 

decompose input image into base and detail layers, this technique employs the multiscale decomposition 

that employs rolling guidance filtering (RGF) and the Gaussian filter.  This can obtain the unique property 

to preserve the specific scale details while decreasing halos near edges. Furthermore, the fusion result 

details of this method produce more naturally and are more appropriate for human visualization. For 

different types of multimodal images, an image fusion framework with fast filtering in spatial domain is 

proposed [19]. At initial, the magnitude of the image gradient is employed to identify contrast and 

sharpness of image. The image gradient magnitude is then used to perform a fast-morphological closing 

operation to fill holes and bridge gaps. A weight map generated from the multiple image gradient 

magnitude and is filtered using fast structure preserving filter. Lastly, a weighed-sum rule is used to 

generate the fusion result. This method facilitates to provide natural appearance of the multimodal 

images. In medical image fusion, a Siamese convolutional network (SCN) is used to obtain a weighted 

map that combines the pixels activity details from two input images [20]. To be more consistent with 

human visualization, the fusion technique is carried out on multiscale manner using image pyramids. In 

addition, the fusion technique for decomposed components is adaptively adjusted using a local similarity-

based technique. Experimental results show that this technique can produce optimal performance in case 

of both objective and subjective evaluation.  

A novel multisensor fusion method has been presented further to enhance human activity performance 

and lower the rate of misrecognition [21]. To combine predicted values from several motion sensors, this   

method presents a multi-view ensemble algorithm. In addition, computationally efficient classification 

techniques like decision trees, k-nearest neighbors and logistic regression are employed to execute 

flexible, diverse and dynamic human activity detection techniques. This strategy has the potential to 

improve recognition accuracy by utilizing distinct feature properties of each sensors and multiple 

classifier systems. A simple and fast fusion technique base upon guided filters was introduced in [22]. 

Multiscale image decomposition, visual saliency detection, structure transferring property and weight 

map construction are employed to combines relevant image information to the final fusion result. The 

fusion analysis shows that this technique is very optimistic and takes short time to implement. The real 

time fusion of images approach that uses pre-trained neural network to produce a single image that 

contains feature from multimodal images [23]. A technique based on deep feature maps extracted from 

the convolutional neural network (CNN) is utilized to fuse the images. Fusion weights that drive the 

multimodal fusion of images approaches are generated by comparing these feature maps.  

Lu et al. [24] proposes numerous kinds of coupled fusion image technique related to coupled matrix 

and tensor factorization optimization and flexible coupling technique also known as coupled image 

factorization optimization and the modified flexible coupled technique respectively. Experimental results 

reveal that the result of CIF-OPT approach is improve under the influence of various noises. In particular, 

CIF-OPT technique can be properly reconstruct an image without losing important details. However, 

previous methods are prone to color distortion, blurring and noises. A Laplacian re-decomposition (LRD) 

technique is proposed to multimodality medical image fusion to solve these problems [25]. There are two 

technical innovations with this method. First, this method introduced a Laplacian decision graph 

decomposition technique with image enhancement to acquire complementary details, redundant details 

and low frequency sub-band images. Then, to consider the heterogeneous features of the redundant and 

complementary details, this method introduces the concept of overlapping and non-overlapping domain, 

where the overlapping domain facilitates the fusion of redundant details whereas the NOD is responsible 
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for the fusion of complementary details. However, because of the degradation of medical images during 

the acquisition stage, medical image fusion still remains a difficult task. To overcome this problem, 

Polinati and Dhuli [26] proposes a fusion approach that reduces distortion utilizing empirical wavelet 

transform (EWT) representation and the local energy maxima fusion approach to combine 

complementary information from multimodal imaging techniques. Depends of the nature of the source 

images, the basic functions of EWT are optimally selected. It helps to preserve important details such as 

edges which is important in image fusion operation.   

Subbiah Parvathy et al. [27] proposes a deep learning-based fusion concepts based on optimal 

thresholding. An optimal threshold of fusion algorithms in Shearlet transform (ST) is computed using 

enhanced monarch butterfly optimization (EMBO). The extraction portion of the deep learning technique 

was then used to fuse low and high frequency sub-bands based on feature maps. Fusion process was 

carried out using a restricted Boltzmann machine (RBM). Lepcha et al. [28] proposes a fusion approach 

to fuse medical images utilizing RGF and CBF. This method uses CBF for grey-level similarities and 

geometric closeness of neighborhood pixels without smoothing edges. Further for scale-aware operation, 

these detail images are processed through a RGF. This filter removes small-scale structures and retains 

other contents of the source images and efficiently preserves the edge. Then weights are estimated by 

computing the strength of details of both base and detail layers obtained through subtraction of CBF 

outputs from the morphologically processed images. These estimated weights are directly multiplied with 

original images to generate fused images of both base and detail layers separately. Lastly, a linear 

combination rule is introduced to produce final fusion result. In order to retrieve image optimization, 

lower computational cost and time, Jose et al. [29] proposes a novel multimodal approach for medical 

fusion of images related to adolescent identity search approach for non-subsampled Shearlet transform 

(NSST). In general, NSST is a multiscale and multidirectional wavelet transform that is multi-directional 

and multi-dimensional. Goyal et al. [30] recently proposes a multimodality medical image fusion 

approach that combines low-resolution multimodal medical images with less computing complexity to 

increase target recognition accuracy and provide a foundation for clinical applications. At initial, the 

salient structure extraction algorithm uses RGF to the source images in order to remove small-scale 

structures by preserving textures and simultaneously recovers prominent edges. An image gradient 

operator is than applied to the filtered images to recovers large-scale structures. Domain transform filter 

(DTF) is utilized to retain small-scale structures in the vicinity of large-scale structures. An output of 

DTF is further utilized as weighted maps which is than combine with source images for obtaining fused 

image using weighted sum rule. Kaur and Singh [31] proposes a medical image fusion that decompose 

images into sub-bands utilizing the NSCT domain. Then, an utmost variant of inception is utilized to 

extract the features from input images. This method choses via multi-objective differential evolution. The 

fused coefficients are then obtained using the coefficients of determination and energy loss basic fusion 

function. Lastly, an inverse NSCT is used to obtained fusion result.   

In order to retrieve image optimization and decrease the computation cost, a multimodality fusion 

technique for medical images that combines the benefits of NSCT and fuzzy entropy is for clinical 

applications [32]. This approach increases the accuracy of the target recognition and quality of medical 

images to the great extant. Recently, a fusion method based on two-scale image reconstruction was 

proposed by Hu et al. [33]. In order to fuse base layers containing large-scale structures details, an 

enhanced guided image filter based weighted average rule employing Gabor energy is proposes in their 

method and sparse representation related separable dictionary learning is introduced for capturing small 

scale data of the detail layers, Lastly, the fusion base and detail layers are integrated utilizing texture 

enhancement fusion approach to generate the fusion result.  Chen et al. [34] introduced a medical image 

fusion method to preserves the structural and detail information of source images. At first, RGF is utilized 

to decompose source image into structural and detail parts. The structural part is fused utilizing Laplacian 

pyramid based fusion method. The sum modified Laplacian based fusion method is used to fuse detail 

parts. Lastly, the final fused image is obtained by combining the fused structural and detail parts together. 

The results indicate that this approach outperforms numerous other recent fusion approaches. 
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3. The Proposed Medical Image Fusion Rule  

In this paper, an efficient medical image fusion framework based on morphologically processing of 

residuals via pixel significance using AD and CBF is proposed. The framework of our algorithm is shown 

in Fig. 1. The proposed fusion algorithm mainly consists of four basic steps: (1) first, an edge preserving 

processing of original images using LPMPR. It combines linear low pass filter with nonlinear techniques 

which allow to select meaningful regions of the original images while preserving edges. (2) Then, AD is 

used that decomposes images into base and detail layers. (3) Further, it proposes to fuse images using 

weighted average utilizing estimated weights from the detail images obtained using CBF. (4) Lastly, a 

linear combination rule is used to fused images of both layers to obtain final fusion result. The details of 

our method are illustrated as follows. 

 
Fig. 1. Framework of proposed methodology. 

 

3.1 Low Pass Filter with Morphologically Processed Residuals (LPMPR) 

This section discusses the LPMPR [35] in detail. It is based on the RGF, denoted as: 

 

𝐼𝑙𝑓 = 𝐴 ∗  ℒ  (1) 

 

where 𝐴  stands for the original image, ℒ stands for the mask of the Gaussian filter (or any other linear 

low pass filter) and * is a convolution operator.    

The residual of linear filter is denoted by 

 

𝑅𝑒𝑠(𝐴) =  𝐴 −  𝐼𝑙𝑓 (2) 

In order to further process the residual is based on operators that are defined on positive valued images. 

Due to this fact, the 𝑅𝑒𝑠(𝐴),  that consist of both positive and negative values are spilt into two fractions, 

negative and positive: 
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𝐼𝑟𝑒𝑠+ = 0.5 (𝑅𝑒𝑠(𝐴) + |𝑅𝑒𝑠(𝐴) |)   ;    𝐼𝑟𝑒𝑠− = 0.5 (|𝑅𝑒𝑠(𝐴) | − 𝑅𝑒𝑠(𝐴) ) (3) 

 

The fractions of the residual fulfill the following clear relation: 

 

𝑅𝑒𝑠(𝐴) = (𝐼𝑟𝑒𝑠 +) − (𝐼𝑟𝑒𝑠−) (4) 

 

Here we are computing for source image A only; similarly, we can compute for source image B using 

same procedures. 

Depending on the amplitude of the residuals, both fractions of the residual (𝐼𝑟𝑒𝑠+, 𝐼𝑟𝑒𝑠 −) is a further 

processed to cutoff irreverent variations of the residual while preserving important ones. The procession 

depends on morphological operator ℳ which is based upon a reconstruction that chooses meaningful 

residual portions while preserving their original structures. Lastly, important regions of the residual are 

applied to the filtered images to recover relevant edges while an image remains blurred within irreverent 

image regions: 

𝐼𝑜𝑢𝑡= 𝐼𝑙𝑓 + ℳ (𝐼𝑟𝑒𝑠+) −  ℳ(𝐼𝑟𝑒𝑠−) (5) 

 

A function ℳ, a similar for both residual and is given as follows: 

 

ℳ(I)= 𝑅𝐼 (min (I, 𝑆𝑡(𝐼) │{𝑚𝑖𝑛{𝐼},𝑚𝑎𝑥{𝐼}})), (6) 

 

where 𝑅𝐼(𝐺) denotes the morphological reconstruction of the gray level mask image I from markers G, 

“|” denotes the map function which converts image into a gray level image by replacing primary 1’s and 

0’s with two given ones. Lastly, the “min” operator is a pointwise lowest operator for two images. A 

binary marker S which consists important and meaningful regions in which contrast should be preserved 

are the most significant element of ℳ (Equation 6). An amplitude of the residuum determines the choice 

of these regions: 

𝑆𝑡(𝐼) = (𝐼 ≥ 𝑡) (7) 

 

S is a selection operator that extracts region of I having amplitude higher than the given threshold t. In 

[35] shows the example of filtering of image utilizing the method mentioned above. It shows the result 

of filter of the test images having different t values. Furthermore, the binary mask (markers of relevant 

areas) is drawn in white (such as positive binary mask: 𝑆𝑡(𝐼𝑟𝑒𝑠+)) and black (such as negative binary 

mask: 𝑆𝑡(𝐼𝑟𝑒𝑠+)) with grey indicating areas in which both masks is equivalent to zero. The growth of a 

threshold effects in a smaller no. of detected areas which is further restored and utilized to reconstruct 

the original contents of the images. Lastly, the number of areas in which the original sharpness is 

reconstructed is reducing. 

 

3.1.1 Selection of meaningful regions using a size criterion 

In the workflow of the technique, the boundaries of meaningful regions are found in binary masks 

retrieved by thresholding. The amplitude of residuals is used to estimate the “meaningfulness.” However, 

amplitude is not only aspect which defines the significant of image regions. One can easily describes 

image elements having high amplitude of residuals which is not significant for understanding of images. 

For instance, adding salt and pepper noise in the source images produces plenty of small elements of high 

amplitudes in the source images and accordingly modify the residual images by addition of higher 

amplitude components. Thus, it will be detected as relevant areas that is not desirable.  

The additional step has been included in the approach to address above problem. The area opening 

filter [36] is used to filter the binary mask. This filter eliminates from the image; all connected elements 

of size less than that of given size threshold s, i.e., size coefficient. Thus, Equation (7) is expended as 
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𝑆𝑡,𝑠(𝐼) = (𝐼 ≥ 𝑡) 𝑜(𝑠), (8) 

 

where 𝑜(𝑠) indicates the area opening that removes the components smaller than the given size defined 

by s (number of pixels in the connect components of the threshold fraction of residual). We can notice 

that when the coefficient s and t increases, the number of selected regions decreases. It permits thus reject 

small in case of number of pixels and the object from the residual even in their amplitude is high. Lastly, 

it enables to keep these portions blurred on resultant image 

 

3.1.2 Contrast control 

An addition (or subtraction―depends on filter mask components) of high pass filter from the images 

is a classic technique for image contrast enhancement. It is related to the high pass filtering property, 

which detects the local variations of image pixel values. Another method of obtaining high pass filtering 

results is to compare the divergence between the low pass filter and the image itself. A morphologically 

processed residual in the proposed method refers to image frequency elements with amplitude areas 

above the threshold t. A contrast control coefficient c is shown in Equation (5) to control an output image 

contrast resulting in the adjusted formula being as follows 

 

  𝐼𝑜𝑢𝑡= 𝐼𝑙𝑓 + (ℳ(𝐼𝑟𝑒𝑠+) −  ℳ(𝐼𝑟𝑒𝑠−)). c.  (9) 

 

A contrast is either increased (c ˃ 1), preserved (c = 1) or decreased (0 ˂ c ˂ 1) depending on c. As shown 

in [35], which gives an example of how the contrast control of the coefficient influence a processing 

output. In addition, the effect of contrast increment without residual morphological proceeding is 

demonstrated. When comparing the images in [35], it is possible to observe how morphological 

processing influences the amount of small-scale information visible in the final image. The proposed 

method allows for the rejection of information having less importance leaving only the contrast of 

important areas to be improved. 

 

3.2 Anisotropic Diffusion 

This section discusses the AD [15] that decomposes edge preserved images (as discussed in Section 

3.1) into base and detail layers.  

Let the edge preserved images of original images A and B is {𝐼𝑜𝑢𝑡1𝑛
(m, n)}𝑛=1

𝑁  and 𝐼𝑜𝑢𝑡2𝑛
(m, n)}𝑛=1

𝑁  

having size of a × b and are all co-registered. These images are then processed using anisotropic diffusion 

in order to obtain base layers. 

 

𝑃𝑛(𝑚, 𝑛) = 𝑎𝑛𝑖𝑠𝑜 (𝐼𝑜𝑢𝑡1𝑛
(𝑚, 𝑛)) (10) 

 𝑄𝑛(𝑚, 𝑛) = 𝑎𝑛𝑖𝑠𝑜 (𝐼𝑜𝑢𝑡2𝑛
(𝑚, 𝑛)) (11) 

 

where 𝑃𝑛(𝑚, 𝑛) and 𝑄𝑛(𝑚, 𝑛) is the nth base layers and 𝑎𝑛𝑖𝑠𝑜 (𝐼𝑜𝑢𝑡1𝑛
 (𝑚, 𝑛)) and a 𝑎𝑛𝑖𝑠𝑜 (𝐼𝑜𝑢𝑡2𝑛

 (𝑚, 𝑛))  

denotes anisotropic diffusion procedures on the nth source images (as discussed in [15]). The detail layers 

are generated by subtraction of base layers from the edge preserved images 

 

𝑅𝑛(𝑚, 𝑛) = 𝐼𝑜𝑢𝑡1𝑛
(𝑚, 𝑛) − 𝑃𝑛(𝑚, 𝑛)  (12) 

𝑆𝑛(𝑚, 𝑛) = 𝐼𝑜𝑢𝑡2𝑛
 (𝑚, 𝑛) − 𝑄𝑛(𝑚, 𝑛)  (13) 

 

3.3 Cross Bilateral Filter (CBF) 
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CBF [37] is a nonlinear and non-iterative technique which combines low pass filtering and edge 

stopping function where it reduces the kernel of filters if the magnitude difference between the pixels is 

higher. The filter weights consider the Euclidean distance and depend on the distance of color or gray 

space. Whereas both level of grey similarity and geometric closeness of neighborhood pixels is 

considered. Benefits of this filter is that it smooths the images through preserving the edges by 

considering neighborhood pixels. 

Computationally, for an image 𝑃𝑛 (in Equation (10)), the resultant of bilateral filter (BF) at the pixel 

location a will be computed as follows [38]: 

 

𝑃𝑛𝐹
(𝑎) =

1

𝑤
∑ 𝐺𝜎𝑠(‖𝑎 − 𝑏‖) 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|) 𝑃𝑛(𝑏)

𝒃∈𝑺.

 (14) 

 

where 𝐺𝜎𝑠(||𝑎 –  𝑏||)  is the geometric closeness function, 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|)  is the gray level 

similarity or edge stopping function W=∑ 𝐺𝜎𝑠(‖𝑎 − 𝑏‖) 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|)
𝒃∈𝑺.

  is a normalization 

constant. ||a–b|| is a Euclidean distance between a and b;  S is a spatial neighborhood of a. 

Similarly, we can calculate 𝑄𝑛𝐹
, 𝑅𝑛𝐹  and 𝑆𝑛𝐹

 using Equation (14) from corresponding images in 

Equations (11), (12) and (13). Here, 𝜎𝑠 and 𝜎𝑟 controls the behavior of BF, dependency of 𝜎𝑟/𝜎𝑠  and the 

derivative of input images on the behavior of bilateral filter has been analyzed in [37]. A value of σ_s has 

been selected based upon the optimal output of the low pass filter and blur more for 𝜎𝑠 , because it 

combines values from a more distance location. Further, if the images are scale down or scale up, 𝜎𝑠must 

be modified to get optimal result. It appears that the appropriate better range for 𝜎𝑠  is roughly (1.5–2.1). 

Similarly, an appropriate vale for 𝜎𝑟 rely on amount of edges to be preserve accordingly. If in case of 

images gets amplified/attenuated, 𝜎𝑟  must be modified to obtain the same output. 

Cross bilateral filter considers both grey-level similarities and geometric closeness of neighborhood 

pixel in 𝑃𝑛 (in Equation 10) to shape filter kernel and filters image 𝑄𝑛 (in Equation 11), CBF result of 

image 𝑄𝑛 at pixel location a is calculated as [39]: 

 

𝑄𝑛𝐶𝐵𝐹
(𝑎) =

1

𝑊
∑ 𝐺𝜎𝑠(‖𝑎 − 𝑏‖) 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|) 𝑄𝑛(𝑏)

𝑏⋲𝑆

 (15) 

 

where 𝐺𝜎𝑠(‖𝑎 − 𝑏‖)  is the geometric closeness function, 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|) is the gray level 

similarity/edge stopping function, 𝑊 = ∑ 𝐺𝜎𝑠(‖𝑎 − 𝑏‖) 𝐺𝜎𝑟(|𝑃𝑛(𝑎) − 𝑃𝑛(𝑏)|) 𝑄𝑛(𝑏)𝑏⋲𝑆  is a 

normalization constant. 

Similarly, we can calculate 𝑃𝑛𝐶𝐵𝐹, 𝑅𝑛𝐶𝐵𝐹, and 𝑆𝑛𝐶𝐵𝐹 using Equation (15) from corresponding images in 

Equations (10), (12) and (13). The detail images can be obtained after subtracting output of CBF from 

the respective images. For an images 𝑃𝑛, , 𝑄𝑛, , 𝑅𝑛, , and 𝑆𝑛,  is given by 𝑃𝑛𝐷 = 𝑃𝑛𝑃𝑛𝐶𝐵𝐹 , 𝑄𝑛𝐷 = 𝑄𝑛𝑄𝑛𝐶𝐵𝐹 , 

𝑅𝑛𝐷 =𝑅𝑛𝑅𝑛𝐶𝐵𝐹 , and 𝑆𝑛𝐷 =𝑆𝑛𝑆𝑛𝐶𝐵𝐹, respectively (as shown in Fig. 1). In medical images, the unfocused 

portion of the image 𝑃𝑛,  shall be focused in image 𝑄𝑛, and task of CBF of 𝑄𝑛, shall blur the focused 

portion in case of a non-focused portion on image 𝑄𝑛,. Basically, due to non-focused portion of the image 

𝑃𝑛,,  though seems blur with nearly the same gray values in specific portions by making kernel of the 

filter similar to Gaussian. An idea is to retrieves more focused portion region of the detail image 𝑄𝑛𝐷 

which can be utilized to get the weights for fusing images by applying a weighted average.  Similarly, 

details of image 𝑄𝑛, is not present on the image 𝑃𝑛,,  and the application of the cross bilateral filter on the 

image 𝑄𝑛, shall blur the details in image 𝑄𝑛,. Since the details in image 𝑃𝑛, is absent, the grey level in the 

portion has a same information there by making the kernel look alike as Gaussian (as mentioned in details 

in [37]). 

 

3.4 Pixel based Fusion Rule 
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Fusion rule specified in [40] has been considered here for the completeness for computing the 

effectiveness of the algorithm. The weights are calculated utilizing statistical features of neighboring 

detail coefficients rather than wavelet coefficient. A window size of w × w around the detail coefficients 

𝑃𝑛𝐷
(𝑚, 𝑛) or 𝑄𝑛𝐷

(𝑚, 𝑛) or 𝑅𝑛𝐷
(𝑚, 𝑛) or 𝑆𝑛𝐷

(𝑚, 𝑛) is used as the neighborhood for the computation of 

its weights. This neighborhood was indicated as matrix K. Each row of matrix K are considers as 

observation and  the column as the variable to compute unbiased estimate 𝐶ℎ
𝑚,𝑛

 of its covariance matrix 

[41], since p and q are spatial coordinates representing detail coefficients 𝑃𝑛𝐷
(𝑚, 𝑛) or 𝑄𝑛𝐷

(𝑚, 𝑛) or 

𝑅𝑛𝐷
(𝑚, 𝑛) or 𝑆𝑛𝐷

(𝑚, 𝑛). 

covariance (K)= E [(K - E[K]) (K - E[K]T]  (16) 

𝐶ℎ
𝑚,𝑛 =  

∑ (𝑓𝑘 − 𝑓̅)(𝑓𝑘 − 𝑓)̅
𝑇𝑤

𝑘=1

(𝑤 − 1)
 (17) 

 

where 𝑓𝑘  is the 𝑘𝑡ℎ   observation of w-dimensional variable and 𝑓̅ represents observation mean. It has 

found that matrix diagonal 𝐶ℎ
𝑚,𝑛

 provides a vector of the variances for each matrix column K. An 

eigenvalue of matrix 𝐶ℎ
𝑚,𝑛

 is computed and number of eigenvalues directly depend on the size of 𝐶ℎ
𝑚,𝑛

. 

Sum of these eigenvalues is directly based on horizontal detail strength of the neighboring that is indicated 

by HdetailStrength. Similarly, a non-biased covariance calculation of the image 𝐶𝑣
𝑚,𝑛

 is calculated by 

making each matrix column K as an observation and the row as variable (i.e. opposite of that of 𝐶ℎ
𝑚,𝑛

) 

and the addition of the eigenvalues of 𝐶𝑣
𝑚,𝑛

 provides the VdetailStrength. It is thus expressed as follows: 

 

𝐻𝑑𝑒𝑡𝑎𝑖𝑙𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ (𝑚, 𝑛)= ∑   𝑤
𝑘=1 𝑒𝑖𝑔𝑒𝑛k of 𝐶ℎ

𝑚,𝑛
 

𝑉𝑑𝑒𝑡𝑎𝑖𝑙𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ (𝑚, 𝑛) = ∑   𝑤
𝑘=1 eigenk of 𝐶𝑣

𝑚,𝑛
 

(18) 

 

Here 𝑒𝑖𝑔𝑒𝑛𝑘   is a 𝑘𝑡ℎ  eigenvalue of an unbiased estimate of the covariance matrix. Further, weights 

of specific detail coefficients have been calculated by adding the two respective detail strength. In 

particular, weights are generally depended on detail strengths not on real values of intensity 

 

𝑊𝑇(𝑚, 𝑛) = 𝐻𝑑𝑒𝑡𝑎𝑖𝑙𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ (𝑚, 𝑛) + 𝑉𝑑𝑒𝑡𝑎𝑖𝑙𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ (𝑚, 𝑛) (19) 

 

In this case, after calculating the weights of coefficients of the details based on both input images in 

above algorithms, the average weights of the input images will be present in the final fusion result.   

Here 𝑊𝑇𝑝 and 𝑊𝑇𝑞 are detail coefficients from the input 𝑃𝑛𝐷
 and 𝑄𝑛𝐷

 which belongs to the respective 

images 𝑃𝑛, and 𝑄𝑛. Also, 𝑊𝑇𝑟  and 𝑊𝑇𝑠 are the detail coefficients from the input 𝑅𝑛𝐷
 and 𝑆𝑛𝐷

 belongs to 

respective images 𝑅𝑛, and 𝑆𝑛. Then the weighted average of both detail and base layers is computed to 

obtained fused images as mentioned in Equations (20) and (21) as 

 

𝐾(𝑚, 𝑛) =
𝐴 (𝑚, 𝑛) 𝑊𝑇𝑝 (𝑚, 𝑛) + 𝐵 (𝑚, 𝑛) 𝑊𝑇𝑞(𝑚, 𝑛)

𝑊𝑇𝑝(𝑚, 𝑛) + 𝑊𝑇𝑞(𝑚, 𝑛)
 (20) 

𝐿(𝑚, 𝑛) =
 𝐴(𝑚, 𝑛) 𝑊𝑇𝑟 (𝑚, 𝑛) + 𝐵 (𝑚, 𝑛) 𝑊𝑇𝑠(𝑚, 𝑛)

𝑊𝑇𝑟(𝑚, 𝑛) + 𝑊𝑇𝑠(𝑚, 𝑛)
 (21) 

 

3.5 Linear Combination 

The resultant fused image F is obtain using linear combination of fused images of both base and detail 

layers. 

𝐹 = 𝐾(𝑚, 𝑛) + 𝐿(𝑚, 𝑛) (22) 
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4. Empirical Study 

In this experiment, four pairs of multimodal medical images are utilized to assess the effectiveness and 

efficient of our method with other methods. Three pairs of CT and MRI images (Dataset 1–3) and one 

pair of MRI and PET images (Dataset 4) are utilized to test the performance. Spatial resolution of each 

representative images is set at 256×256 pixels. The source images are presented in Fig. 2. Medical images 

pairs are obtained from [42, 43]. Entire experiments are conducted in MATLAB 2019b and run on Intel 

Core i7-4790 @3.6 GHz with 8.00 GB RAM. Further, to evaluate the effectiveness of proposed method, 

seven mainstream image fusion techniques is utilized for comparisons such as AD via Karhunen-Loeve 

transform [15], multifocus image fusion utilizing SWT and PCA [16], MGIVF [22], fast filtering image 

fusion (FFIF) [19], CNN [20], fusion of visible and infrared images using VSM and WLS optimization 

[18] and zero learning medical fusion algorithm (ZLMIF) [23], respectively with the same simulation 

parameters presented in their respective algorithms. According to [37], the parameter values are set as 𝜎𝑠, 

= 1.8, 𝜎𝑟,  = 25 and kernel size n = 11 for all the medical image dataset pairs. This method used 

neighborhood window of 11×11 for CBF and neighborhood window of 5×5 for finding the detail 

strengths. The details of influence of parameter are analyzed accordingly. Furthermore, in [35] for texture 

filtering parameters set as amplitude threshold t = 0.15, size of threshold s = 5, contrast efficient c = 1.2 

and sigma of the Gaussian filter = 72 and in AD [15], iteration are set to 3. 

 

 

   

 

   

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

Fig. 2. Source images for comparative experiments. (a) Dataset 1 (Pair I), (b) Dataset 2 (Pair II), (c) 

Dataset 3 (Pair III) are CT and MRI source image pairs, and (d) Dataset 4 (Pair IV) are MRI-PET 

source image pair, respectively [42, 43]. 

 

4.1 Objective Evaluation Metrics 

To demonstrates the performance of the fusion results of comparative algorithms, the four standard 

evaluation metrics has been selected to perform the experimental evaluation. In this paper, four objective 

metrics have been chosen as the evaluation criteria: information performance-based parameter Qx
pq/f

 

metric, standard deviation (SD), average gradient (AG) and average pixel intensity (API) as discussed on 

details in [37]. The higher values of these four metrics indicate the superior quality of the fusion results. 

These metrics as shown below in detail: 

(1) An edge information performance-based parameter Qx
pq/f

 metric is used for estimates the fusion 

result. A performance parameter Qx
pq/f

 has been introduced for perceptual evaluation. Qx
pq/f

 

quantifies an overall information transfers from original images into fused images. The edge detail 

preservation is mentioned as Qpf = Qg
pf

Qα
pf

, where Qg
pf

 and Qα
pf

 are the strength of the edges and 

orientation preservation from source images to fused images.   

An evaluation of the performance based on the normalized weight is given by 
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Qx
pq/f

=
∑(Qpfwa  + Qqfwb)

∑(wa + wb )
 (23) 

 

where wa and wb are the coefficients of weights Qg
pf  

and Qα
qf

, respectively 

 

(2) API or mean 𝐾 which calculate an index of contrast and denoted as 

 

𝐴𝑃𝐼 = 𝐾 =
∑ ∑ 𝑓(𝑎, 𝑏)

𝑞
𝑏=1

𝑝
𝑎=1

𝑝𝑞
 (24) 

 

where 𝑓(𝑎, 𝑏) is the pixel intensity and 𝑝 × 𝑞 indicates size of the input image  

 

(3) SD known as square root of variance and represents the spread in data and is denoted as 

 

𝑆𝐷 =
√∑ ∑ (𝑓(𝑎, 𝑏) − 𝐾)𝑞

𝑏=1
𝑝
𝑎=1 2

𝑝𝑞
 

(25) 

 

(4) AG quantifies the degree of clarity and sharpness and is denoted as 

 

𝐴𝐺 =
∑ ∑ ((𝑓(𝑝, 𝑞) − 𝑓(𝑝 + 1, 𝑞))2 + (𝑓(𝑝, 𝑞) − 𝑓(𝑝, 𝑞 + 1)2)

1
2𝑞𝑝

𝑎𝑏
 (26) 

 

4.2 Experimental Results and Discussion 

In order to demonstrate the effectiveness of different fusion techniques, we used four pairs of medical 

image dataset pairs as shown in Fig. 2. For clarity, the four pairs of medical datasets in Fig. 2 are labelled 

as Pair I–Pair IV. Four quantitative indicators, API, STD, AG, and Qpq/f are used to verify the objective 

evaluation of the fusion findings. Figs. 3–6 shows the combined results of MRI, CT, and PET using eight 

methods (including our method). As shown in Fig. 3, the fusion findings produced by SWT and ADF 

suffer from low contrast in the Pair I image set, making it challenging to observe tissues in the brain. The 

CCN and MGVIF approach, on the other hand, does a better job of preserving information, however the 

edge features in close up are blurred and their contrast is not optimal. FFIF and VSM fusion result clearly 

shows structural information and possess adequate contrasts level, however specific details and contrast 

information are lost in some locations as seen in the close-up and bottom of soft tissues. The proposed 

method and ZLMIF based fused images can overcome the afore-mentioned problems and extract the 

general features of original images extremely well. In case of Pair II: SWT, ADF, MGIVF, CCN and 

VSM lose the bone structural information. FFIF, ZLMIF and our algorithm have a strong contrast, 

however output retrieved by the FFIF and ZLMIF loses soft tissue information (see in Fig. 4). Looking 

at the Pair III and Pair IV fusion findings, we can observe that FFIF, VSM and ZLMIF performs better 

and able to retains information of two input images then ADF, SWT and CNN however the poor contrast 

still remains. The bone structures are also more visible in our method if we focus on output of Pair IV 

medical images closely. Table 1 demonstrates the objective comparison of the various fusion approaches 

of four different pairs of MRI, CT and PET image pairs. The values in red indicates the high values or 

appropriate results for each objective metric and the blue color indicate second best results.  
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  (a) (b) (c) (d)   

 

       

(e) (f) (g) (h) (i) (j) (k) (l) 

 

       

(m) (n) (o) (p) (q) (r) (s) (t) 

Fig. 3. Fusion experiments, (a) and (c) denotes CT and MRI source images (Dataset 1), respectively. 

(b) and (d) denotes local detailed images of (a) and (c), respectively. (e), (f), (g), (h), (i), (j), (k) and (l) 

denotes fused results of ADF, SWT, FFIF, CNN, MGIVF, VSM, ZLMIF, and proposed, respectively. 

(m), (n), (o), (p), (q), (r), (s) and (t) denotes local detailed images of (e), (f), (g), (h), (i), (j), (k) and (l), 

respectively. 

 

 

  

    

  

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

        
(e) (f) (g) (h) (i) (j) (k) (l) 

        
(m) (n) (o) (p) (q) (r) (s) (t) 

Fig. 4. Fusion experiments, (a) and (c) denotes CT and MRI source images (Dataset 2), respectively. 

(b) and (d) denotes local detailed images of (a) and (c), respectively. (e), (f), (g), (h), (i), (j), (k) and (l) 

denotes fused results of ADF, SWT, FFIF, CNN, MGIVF, VSM, ZLMIF, and proposed, respectively. 

(m), (n), (o), (p), (q), (r), (s) and (t) denotes local detailed images of (e), (f), (g), (h), (i), (j), (k) and (l), 

respectively. 
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  (a) (b) (c) (d)   

        
(e) (f) (g) (h) (i) (j) (k) (l) 

        
(m) (n) (o) (p) (q) (r) (s) (t) 

Fig. 5. Fusion experiments, (a) and (c) denotes CT and MRI source images (Dataset 3), respectively. 

(b) and (d) denotes local detailed images of (a) and (c), respectively. (e), (f), (g), (h), (i), (j), (k) and (l) 

denotes fused results of ADF, SWT, FFIF, CNN, MGIVF, VSM, ZLMIF, and proposed, respectively. 

(m), (n), (o), (p), (q), (r), (s) and (t) denotes local detailed images of (e), (f), (g), (h), (i), (j), (k) and (l), 

respectively. 

 

 

  

    

  

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

        
(e) (f) (g) (h) (i) (j) (k) (l) 

        
(m) (n) (o) (p) (q) (r) (s) (t) 

Fig. 6. Fusion experiments, (a) and (c) denotes CT and MRI source images (Dataset 4), respectively. 

(b) and (d) denotes local detailed images of (a) and (c), respectively. (e), (f), (g), (h), (i), (j), (k) and (l) 

denotes fused results of ADF, SWT, FFIF, CNN, MGIVF, VSM, ZLMIF, and proposed, respectively. 

(m), (n), (o), (p), (q), (r), (s) and (t) denotes local detailed images of (e), (f), (g), (h), (i), (j), (k) and (l), 

respectively. 

 

 

Table 1 shows that nearly in all metrics of proposed algorithm gets better results when compares to 

other seven algorithms. Whereas in few cases, the values of proposed method get slightly higher than 
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those obtained through different approaches, however it still manages to obtain better results. Further, 

the values of these evaluation indexes are provided in Table 1 in order to show more intuitive grasp of 

objective evaluations comparison of different methods. As observed, the proposed technique 

outperformed the seven comparative methods in terms of overall performance. The performance metrics 

Qpq/f, SD, AG and API metrics are shown in Table 1. The performance of fusion result is superiors if 

Qpq/f have a high value. A purpose of image fusion is to increase complete, adequate and appropriate 

details such that the fusion result is highly appropriate for human visualization. Visual analysis is also 

necessarily significant along with objective evaluation to verify the performance of fusion methods. In 

order to present he effectiveness visually, the fusion results of all comparative algorithms (including 

proposed method) is presented in Figs. 3–6. It has been observed through the images that the fusion 

results obtained through our algorithm performs better for all medical dataset pairs. It makes a direct 

process of checking the other algorithms that is comparatively low values in measured parameters. With 

the purpose to evaluate the performance and demonstrating the robustness of our method, we 

simultaneously observe the effects of change in outcomes with respect to kernel size (k), 𝜎𝑠, and 𝜎𝑟, w.r.t 

the variation in the Qpq/f, API, SD and AG  metrics for several pairs of medical image dataset pairs 

practically. We observed that the performance for different value of k, 𝜎𝑠, and 𝜎𝑟, and its effects on the 

efficiency of our fusion algorithm. 

 

Table 1. Performance metrics comparison of different algorithms 

Medical 

dataset 

pairs 

Metrix 
ADF 

[13] 

SWT 

[16] 

FFIF 

[19] 

CNN 

[20] 

MGIVF 

[22] 

VSM 

[18] 

ZLMIF 

[23] 
Proposed 

Dataset 1 

(Pair I) 

Qpq/f 0.4935 0.4448 0.7193 0.6822 0.7063 0.7189 0.7169 0.7233 

API 32.2283 46.8373 55.7762 54.8272 57.3441 57.7733 0.5682 58.3314 

SD 35.7083 40.8832 52.9827 52.1726 61.8363 62.7725 65.8822 66.9955 

AG 7.1365 8.7762 9.7762 8.8272 9.8862 10.8836 10.8816 11.4169 

Dataset 2 

(Pair II) 

Qpq/f 0.5247 0.4453 0.6426 0.6452 0.5732 0.5877 0.6281 0.6663 

API 43.3268 41.9837 42.9933 41.8726 42.8837 43.9837 42.9981 44.0435 

SD 46.1332 50.8822 49.8827 56.8872 55.8837 58.1837 58.1182 60.2744 

AG 8.3986 8.8826 10.8833 9.8266 9.8872 10.2837 10.3615 11.0304 

Dataset 3 

(Pair III) 

Qpq/f 0.4702 0.5107 0.5529 0.5425 0.5595 0.5695 0.5675 0.5812 

API 40.6946 42.9837 43.9387 47.9928 45.8828 49.7725 48.9172 50.5658 

SD 61.0803 63.8836 65.9837 69.8262 68.8762 66.9372 70.8761 73.9264 

AG 7.4811 8.8726 9.8826 9.8827 11.2441 10.9827 10.8826 12.0838 

Dataset 4 

(Pair IV) 

Qpq/f 0.4716 0.5059 0.4545 0.5392 0.5472 0.5288 0.5561 0.5792 

API 27.9084 29.9927 30.8872 31.9282 29.8992 32.8372 31.9717 33.2579 

SD 41.0684 43.9992 41.8822 44.8272 43.9937 45.8822 45.8272 47.3867 

AG 7.2928 8.8836 9.8862 8.8272 8.8826 9.8837 10.1102 10.7006 

Values in red indicates the high values or appropriate results for each objective metric and the blue color indicate second 

best results. 

 

The proposed parameters in case of robustness vary for the given different values of k, 𝜎𝑠, and 𝜎𝑟, in a 

wider range. We observed by changing the value of k, 𝜎𝑠, 𝜎𝑟,and its corresponding effects on the results 

of our fused images.  Our method in case of the robustness varies with different value of the k, 𝜎𝑠, and 

𝜎𝑟. Along with the consequence of the k, 𝜎𝑠, and 𝜎𝑟, we also observed by changing the iteration, amplitude 

threshold (t), size of threshold (s) and contrast efficient (c) for all given filters and their corresponding 

effects on the fusion performance. It has been observed during the experiments that the performance of 
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fusion metrics was higher for given above values of k, 𝜎𝑠, 𝜎𝑟, iteration, amplitude threshold (t), size of 

threshold (s) and contrast efficient (c) and however the performance get drops if we increase/decrease 

the set (fixed) value of parameters continuously further during the experiments. 

As far as the objective evaluation in terms of metrics is concerned, the information transfer rate is more 

in case of all the medical images of our method compared to other comparative algorithms. In addition, 

comparing to other methods, the Qpq/f factor is more for our method in the case of all four medical 

datasets pairs. It observed that the values for non-reference-based metrics for the proposed method is 

quite significant to the values obtained from other fusion approaches. Similarly, the visual performance 

of our method is far better than other comparative methods. This can be attributed the fact that proposed 

approach employs a hybridized algorithm for normalized weight calculation. The efficient texture 

smoothing filter and anisotropic diffusion filter helps in calculating the optimized weights for generating 

enhanced fusion results. Besides this, the visibility increases for our proposed method indicating 

minimum loss and maximum transfer of information. On the other hand, the loss of information and 

presence of noise is higher in fused images in other comparative methods 

In terms of reference-based metrics, the values of standard deviation, average pixel intensity and 

average gradient metrics are better for the proposed method compared to fusion results produced by other 

methods in all the dataset pairs. The value of evaluation metrics for our algorithm is higher in case of all 

the dataset pairs than other methods. Hence, we can say that our method outperformed comparative 

methods both in case of objective and qualitative results.  Our method is able to transfers adequate details 

from multimodal original images into final fused image and retrieves small scale structures from the input 

images in the neighboring of the large scale structures adequately. It has been observed through the results 

of objective evaluation matrices that proposed algorithm generates higher values over other algorithms. 

The measurement of Qpq/f factor has been substantiated for the light of the perception evaluation and also 

it is one of the extensively used parameter for the image fusion. In comparative experiments for all pairs 

of images, CT-MRI fusion and MRI-PET uses gray-level image pairs. For each method, average 

processing time are presented in Fig. 7. It demonstrates that the processing time for our method is less 

than other comparative algorithms. Also, our method is simple and consumes significantly less time to 

perform as compares to other methods. Further, the other algorithms show less effective in all aspects as 

compares to our method. The processing time of CNN and ZLMIF is almost double as compare to our 

method. The other methods such as FFIF and VSM almost needs more processing time as well. The 

computing efficiency of our method can be used for the variety of applications in practice. 

 

 

Fig. 7. Processing time comparisons. 

 

5. Conclusion 

In this paper, the study proposes an effective multimodal medical image fusion technique based on 

morphologically processing of residuals via pixel significance using AD and CBF. The proposed method 
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comprises of four steps. First, an edge preserving processing of original images is performed using 

LPMPR where it removes the texture patterns and preserve the essential structures of the original images. 

Then, AD is used to decompose images into base and detail layers. Further, the method proposed to fuse 

images by the means of weighted average utilizing the weights estimated from the detail images obtained 

from both base and details layers using CBF. Finally, a linear combination rule is used to add fused base 

and details layers images to obtain a final fusion result. The performance of our method shows huge 

improvement in the quality of images as compares to other state-of-the-art methods. Along with visual 

performance, our method outperforms other algorithms in terms of objective evaluation metrics which 

indicates better results. The proposed method not only obtains high performance in terms of all aspects 

but also achieved low computational costs. This method is able to extracts more structured and detailed 

information from original images thereby shows better visual perception ability. According to the 

experimental results, our method obtains better fusion results in overall aspects but it does not achieve 

excellent performance in human visualization which is the limitations and can be improved further in 

future research works. The proposed method can be improved by applying other sophisticated filters 

which are left for the future purpose of the research work. In addition, medical image fusion and the 

importance of our fusion approach carry huge potential for improvement by applying other techniques of 

image fusion to further reduce the artifacts and noise. Also, it is quite possible to implement the 

multimodal image fusion by proposing various algorithms in the future. 
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