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Abstract 

Image Fusion is a technique that integrates complementary information from multiple images such that the fused image is more 

suitable for processing tasks. The project starts with the study of initial concepts for image fusion. In this project, the fusion of 

images from different sources using fuzzy logic with preprocessing of Image Fusion is proposed. The fused image has more 

complete information which is useful for human or machine perception. The fused image with such rich information will 

improve the performance of image analysis algorithms for medical applications. In existing method, they used Non-Sub sampled 

Contourlet Transform (NSCT) for multimodal image fusion. In this project, we propose fuzzy logic for multi modal medical 

image fusion and also we analyze its performance. Fuzzy logic is used to detect the edge pixels and fuse its information to 

enhance the medical images.       
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

In the recent years, medical imaging has attracted increasing attention due to its critical role in health care. However, different 

types of imaging techniques such as X-ray, computed tomography (CT), magnetic resonance imaging (MRI), magnetic 

resonance angiography (MRA), etc., provide limited information where some information is common, and some are unique. For 

example, X-ray and computed tomography (CT) can provide dense structures like bones and implants with less distortion, but it 

cannot detect physiological changes [1]. Similarly, normal and pathological soft tissue can be better visualized by MRI image 

whereas PET can be used to provide better information on blood flow and flood activity with low spatial resolution. As a result, 

the anatomical and functional medical images are needed to be combined for a compendious view. For this purpose, the 

multimodal medical image fusion has been identified as a promising solution which aims to integrating  

information from multiple modality images to obtain a more complete and accurate description of the same object. Multimodal 

medical image fusion not only helps in diagnosing diseases, but it also reduces the storage cost by reducing storage to a single 

fused image instead of multiple-source images. So far, extensive work has been made on image fusion technique with various 

techniques dedicated to multimodal medical image fusion .  

These techniques have been categorized into three categories according to merging stage. These include pixel level, feature 

level and decision level fusion where medical image fusion usually employs the pixel level fusion due to the advantage of 

containing the original measured quantities, easy implementation and computationally efficiency.Hence, in this paper, we 

concentrate our efforts to pixel level fusion, and the terms image fusion or fusion are intently used for pixel level fusion. The 

well-known pixel level fusions are based on principal component analysis (PCA), independent component analysis (ICA), 

contrast pyramid (CP), gradient pyramid (GP) filtering, etc. Since, the image features are sensitive to the human visual system 

exists in different scales. Therefore, these are not the highly suitable for medical image fusion. Recently, with the development 

of multiscale decomposition, wavelet transform has been identified ideal method for image fusion. However, it is argued that 

wavelet decomposition is good at isolated discontinuities, but not good at edges and textured region. Further, it captures limited 

directional information along vertical, horizontal and diagonal direction. These issues are rectified in a recent multiscale 

decomposition contourlet, and its non-sub sampled version. Contourlet is a “true” 2-D sparse representation for 2-D signals like 
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images where sparse expansion is expressed by contour segments. As a result, it can capture 2-D geometrical structures in visual 

information much more effectively than traditional multiscale methods . 

 
Fig. 1:Fusion logic diagram 

II. LITERATURE SURVEY 

 Previous method 

Recent works have shown that the graph-based method can preserve the geometrical structure effectively in manifold learning. 

Motivated by this, utilizing the local geometrical structure of atoms and group sparsity, this paper proposes a novel dictionary 

learning method for group sparse representation, termed as Dictionary Learning with Group Sparsity and Graph Regularization 

(DL-GSGR). First, a graph is created based on group structure of the atoms in dictionary, which is described by a Laplacian 

matrix.A regularization term, called graph regularization, is presented with the Laplacian matrix. Then, combining the group 

sparse constraints and the graph regularization, the dictionary learning model of DL-GSGR is proposed. Finally, the proposed 

dictionary learning model is solved by alternating the group sparse coding and dictionary updating. Through DL-GSGR, the 

learned dictionary not only ensures the group sparsity, but also can preserve the local group geometrical structure of atoms. 

Furthermore, the group coherence of learned dictionary can be reduced through the graph regularization, which is essential for 

the accuracy of group sparse coding. Then, the group sparse representation with DL-GSGR is applied into 3-D medical image 

denoising and image fusion.  

  Generally, in 3-D medical images, the adjacent slices often exhibit the strong similarity. Using the similar slices can increase 

the redundancy, which is useful for noise removal. Therefore, for the task of medical image denoising, we consider the 3-D 

processing (several nearby slices are performed jointly) instead of 2-D processing (each slice is performed separately). To 

enforce the relationship among the neighboring slices, a regularization term called temporal regularization is incorporated into 

the 3-D denoising model. Combining the group sparsity and temporal regularization, the proposed 3-D medical image denoising 

method exhibits three advantages: 1) the group sparsity is more robust than standard sparsity; 2) 3-D processing utilizing the 

correlations among nearby slices increases the redundancy which is a reasonable way for reducing the noise; 3) the temporal 

regularization can preserve the relationship among the nearby slices, namely, the continuity is kept. For medical image fusion, 

the group sparse coefficients of multimodality medical images with respect to the learned dictionary are used to reflect the 

saliency. Due to the robustness of group sparsity, the group sparse representation can provide satisfactory fused result with few 

artifacts. 

 Proposed system 

Fuzzy inference is the process of formulating the mapping from a given input to an output using fuzzy logic . The process of 

fuzzy inference involves developing membership functions, fuzzy logic operators and if-then rules.Mamdani-type and Sugeno-

type are the two types of Fuzzy Inference Systems that can be implemented in Fuzzy Logic. 

 
Fig. 2: Proposed fusion block diagram 
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In this case, framing the fuzzy rules and implementing them for image segmentation are done by Mamdani type controller 

exclusively. The Fuzzy Logic provides a number of interactive tools that allow accessing many of the functions through a 

graphical user interface (GUI). Here we use Fuzzy Inference System for image segmentation on MR brain images. 

The methodology has been designed with membership functions and other descriptions using fuzzy logic. The sequential steps 

involved in designing the methodology using fuzzy logic are given below: 

 Step1: The input value and the output value of the fuzzy system are assigned first and the range for the values for both input 

and output is chosen between 0 and 256. 

 Step2: The input and the output values of Fuzzy Inference System are mentioned with name such as input1, input2& input3 

and output1, output2 & output3 for mf1, mf2 and mf3 respectively. 

 Step3: The type of mf1, mf2 and mf3 value is assigned with trimf (triangular membership functions). 

 Step4: The membership parameter values are chosen for the input values and output values . 

 Step5: The antecedent and the consequent part of the fuzzy logic along with the weight and connection part usedin framing 

the fuzzy rule are assigned. 

 Step6: Based on fuzzy rules the clustering of the image is done and it is executed with three clusters namely clust1,clust2 

and clust3. The values of the cluster are finally reshaped and stored in the variable values AA1, AA2 and AA3 respectively. 

 Step7: Using FOR loop command, iterative clustering is     done over the image and stored in AA1, AA2 and AA3. 

  Wavelets are finite duration oscillatory functions with zero average value. The irregularity and good localization properties 

make them better basis for analysis of signals with discontinuities. Wavelets can be described by using two functions viz. the 

scaling function f (t), also known as “father wavelet” and the wavelet function or “mother wavelet”. Mother wavelet ψ (t) 

undergoes translation and scaling operations to give self similar wavelet families as in (1). 
Table - 1.Fusion fuzzy rules 

 

 
where a is the scale parameter and b the translation parameter. Practical implementation of wavelet transforms requires 

discretisation of its translation and scale parameters by taking 

 Simulation results 

In medicine, PET and MRI image both are tomographic scanning images. They have different features. Image brightness are 

related to tissue density, brightness of bones is higher, and some soft tissue can’t been seen in CT images. MRI image, here 

image brightness related to amount of hydrogen atom in tissue, thus brightness of soft tissue is higher, and bones can‟t been 

seen. There is complementary information in these images. We use three methods of fusion forenamed in medical images, and 

adopt the same fusion standards. 
Table - 2.Compariosn results 

Methodology PSNR 

Proposed Methodology 56.23 

Group-Sparse Algorithm [2] 36.29 
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Fig. 3: Comparison Graph 

III. CONCLUSION 

In this paper, a novel image fusion framework is proposed for multi-modal medical images, which is based on fuzzy logic. For 

fusion, two different rules are used by which more information can be preserved in the fused image with improved quality. The 

visual and statistical comparisons demonstrate that the proposed algorithm can enhance the details of the fused image, and can 

improve the visual effect with much less information distortion than its competitors. These statistical assessment findings agree 

with the visual assessment. Further, in order to show the practical applicability of the proposed method, three clinical example 

are also considered which includes analysis of diseased person’s brain with alzheimer, subacute stroke and recurrent tumor. 
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