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Abstract—Multimodality approach for medical images provides 

multiple advantages for the detection, diagnosis and management of the 

diseases. Image fusion techniques are used to combine the high resolution 

images with the color information of the low resolution Multi Spectral 

(MS) images to produce a high resolution MS image. In this paper, a 

novel Daubechies complex wavelet transform based multi-resolution 

approach is proposed to fuse the brain images obtained from Open Access 

Series of Imaging Studies (OASIS) and Simulated Brain Database(SBD) 

datasets. Initially, the input images from the datasets are provided as an 

input to the Non-Subsampled Contourlet Transform (NSCT). It converts 

the images into high frequency and low frequency images.  The high and 

low frequency sub bands are provided as an input to the Stationary 

Wavelet Transform (SWT) and Lifting Wavelet Transform (LWT). The 

SWT is used to prevent the lack of translation and invariance in the 

Discrete Wavelet Transform (DWT). The LWT splits the input images into 

odd and even set of samples and the lifting steps enhances the details of 

the images. The Discrete Complex Wavelet Transform (DWCT) captures 

both the frequency and location information of the images. In the Multi 

Wavelet Transform (MWT), the smoothness of the contour of the images 

is obtained in various elongated shapes and in various directions. The 

curvelet transform is used to highlight the edges of the multidirectional 

images. The Daubechies complex wavelet transform produces an 

approximate fused image. With reference to the approximate result, 

inverse NCST is used to generate the reconstructed image. The result 

obtained from the Inverse NCST is considered as the actual fused image. 

The performance of the proposed Daubechies complex wavelet transform 

is measured using the metrics, such as, entropy, Structure Similarity 

(SSIM), mutual information and time delay.  

 

Index Terms— Multi Spectral images (MS), Non-Subsampled Contourlet 

Transform (NSCT), Stationary Wavelet Transform (SWT), Lifting 

Wavelet Transform (LWT), Structure Similarity (SSIM), Multi Wavelet 

Transform (MWT). 

 

1. INTRODUCTION 

 
Medical imaging is the process of generating a pictorial 

representation of the internal structures of the human body hidden 

by the skin and the bones for various clinical analysis and medical 

treatments. The x-rays, Computed Tomography (CT) scans, 

Magnetic Resonance Imaging (MRI), etc., are the commonly used 

medical imaging techniques. Each medical imaging technique 

focuses on a particular area on the human body, hence the 

information provided by the existing medical imaging techniques 

are not sufficient. In x-ray, images of bones, some tumors and dense 

matters are clearly shown. Though the x-rays provide a detailed 

image of the bones, it does not give any information regarding the 

physiological changes. In CT scans, multiple x-rays are used to 

provide cross-sectional layers that show the detailed information 

regarding the bones, organs, tissues and tumors inside the human 

body. In MRI scans, magnetic fields and radio waves are used to 

provide the detailed information of the organs, soft tissues, bones, 

ligaments and cartilages. In Positron-Emission Tomography (PET), 

the gamma rays emitted by the injected, inhaled or swallowed 

radioactive tracer produced images regarding the bones and organs 

of the human body. Since wide variety of diseases is proliferated in 

the recent years, multiple modality of the images are need to be 

fused to make the medical diagnosis accurate. As the multiple 

images are fused into a single image, the storage costs of the images 

are minimized. The existing multimodal techniques [1]are classified 

into two groups, namely, spatial domain fusion method and 

frequency domain fusion method. The spatial domain fusion 

methods concentrate on the image pixels. The pixel values are 

manipulated to provide the desired result. In the frequency domain, 

the input image is initially converted into frequency domain, then 

the Fourier transform is applied to perform the fusion operation. 

Inverse Fourier transform when applied to the input image, produces 

the resultant image with desired quality.  

In this paper, we focus on the pixel level fusion. Various methods, 

such as Principal Component Analysis (PCA), Independent 

Component Analysis (ICA), etc. are used for performing the pixel 

level fusion. From [2], it is clear that the pixel level fusion demands 

the following features:  

 Fused image should maintain all the relevant information 

as same as the source image. 

 The fused image should be free from inconsistencies that 

can make the human distracted. 

 The noise of the fused image should be as minimum as 

possible.  

The existing techniques are not suitable to handle these 

requirements. Hence, in this paper a novel Daubechies complex 

wavelet transform based multi-resolution approach is proposed to 

fuse the Open Access Series of Imaging Studies (OASIS) images 

and Simulated Brain Database(SBD) images.   

The paper is organized as follows: Section II contains the literature 

work related to the existing multimodal image fusion technique. 

Section III describes the proposed multimodal image fusion 

technique. Section IV illustrates the performance analysis of the 

proposed method. The paper is concluded in section V. 

 

2. RELATED WORK 

 
This section contains the various multimodal image fusion 

techniques used for the medical images. He, et al[3]proposed a 

Principle Component Analysis (PCA) and Intensity-Hue-Saturation 

(IHS) based multimodal medical image fusion. The fusion quality of 
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the proposed method when compared to the existing fusion methods, 

such as, PCA, Brovey and Discrete Wavelet Transform (DWT) was 

optimal. Anjali, et al[4]proposed a new image fusion technique 

based on the combination of wavelet and discrete wavelet transform. 

The suggested technique fused the Magnetic Resonance Images 

(MRI) and the Computed Tomography (CT) images. The edge 

information was clearly depicted and the computational speed was 

high when compared to the other methods .Indira, et al[5] 

performed an analysis on the image fusion techniques, such as, 

curvelet transform, wavelet transform, contourlet transform, 

stationary wavelet transform, framelet transform. The quality of the 

image was measured by the entropy, correlation coefficient, peak 

signal to noise ratio measures. The entropy measure provided the 

information quantity and the correlation coefficient provided the 

similarities between the original and the fused image. James, et 

al[6]analyzed multiple image fusion methods, imaging modalities 

and imaging of organs. The fusion of the medical images provided a 

reliable medical diagnostics. Zeeuw, et al[7]suggested a biased 

fusion to prevent the noisy patches in the input images. Sale, et 

al[8]proposed a wavelet based image fusion algorithm for fusing the 

medical images. Four images were taken as input and they were 

decomposed into high frequency and low frequency bands. Inverse 

Wavelet Transform was used to fuse the input images. The pixel 

minimum method provided an optimal result for the Mean Square 

Error (MSE)and Signal to Noise Ratio (SNR).Bedi, et al[9]analyzed 

three categories of image fusion algorithms, such as, basic fusion 

algorithms, pyramid based algorithms and basic Discrete Wavelet 

Transform (DWT) transform. Arithmetic operations were used in the 

time domain to deploy the pixel level fusion and the frequency 

transformations were used in the frequency domain. Pohl, et 

al[10]proposed a multimodal medical image fusion technique to 

detect the vulnerable plague disease. An interdisciplinary workflow 

was initially established, then the selected multimodality of the 

images were fused to acquire a high quality image.  

 

Priyadharsini, et al[11]proposed a singular value decomposition-

based image fusion algorithm to fuse the informative image patches 

of the source images. The Simple Average Method (SAM) was used 

to transform the input image into tensors. The fusion was performed 

by processing the divided sub tensors. Gupta, et al [12] proposed a 

contrast medical image fusion method to preserve the useful 

structural information of the images. The information, such as, 

edges of organs, outline of tumors were preserved to make the 

medical diagnosis easier. Umaamaheshvari, et al[13]proposed a 

system image fusion technique to fuse two basic signature images. 

The significant and the insignificant pixels of the images were 

transmitted for the fusion process. The images, such as, RGB image, 

Gray Scale image and normal photo image were fused. The memory 

constraints, elapsed time for compression, compression ratio of the 

fused images were considered to improve the efficiency. Rodrigue, 

et al [14] proposed wavelet transform based image fusion method to 

fuse the CT scanned images and MRI images. Using the 2D discrete 

wavelet transform, the image was divided into four sub bands. The 

entropy, mean square error and peak signal to noise ratio measures 

were used to evaluate the performance of the image fusion 

techniques. Parekh, et al[15]analyzed multiple medical image fusion 

techniques. The fusion techniques were classified into spatial 

domain fusion technique and transform domain fusion technique. 

The Fuzzy Inference System (FIS) type MIN-SUM-MOM provided 

better visualization than the other fusion methods. Agarwal, et 

al[16] suggested a hybrid technique that used curvelet and wavelet 

transform for the medical diagnosis. Using the wavelet transform, 

the image was divided into sub bands. The curvelet transform was 

used to divide the bands into overlapping tiles. The hybrid method 

produced high quality fused image. Liu, et al[17]proposed an 

effective compressive sensing based multimodal medical image 

fusion approach to fuse the Computed Tomography (CT) and 

Magnetic Resonance Imaging (MRI) images. The proposed 

multimodal image fusion method provided an optimal fusion image 

quality, high stability, better flexibility and less time consumption 

when compared to the existing state-of-the-art methods. Balpande, 

et al [18]performed a quantitative analysis on five types of image 

fusion techniques. The medical image fusion when used the 

contourlet produced optimal results. The integration of the 

contourlet transform with the Artificial Intelligence (AI) provided 

less computation cost. Sharmila, et al[19]proposed a Discrete 

Wavelet Transform-Averaging-Entropy-Principle Component 

Analysis [DWT-A-EN-PCA] method to perform the multimodal 

image fusion. The proposed DWT-A-EN-PCA used the Entropy 

(EN) to provide a quality of information. The Signal to Noise Ratio 

(SNR) and the Fusion Symmetric (FS) was very minimum in the 

proposed method. Parmar, et al[20] proposed a Discrete Curvelet 

Transform using Wavelet based fusion technique to fuse the CT and 

MRI medical images. The suggested technique was useful for the 

visualization, segmentation, classification and Computer Aided 

Diagnosis (CAD). The performance was evaluated based on the 

Root Mean Square Error (RMSE) and Peak Signal to Noise Ratio 

(PSNR).Kuruvilla, et al[21] proposed a multilevel fusion technique 

to perform the multimodal medical image fusion. The coefficients 

were fused based on the maximum selection rule. The performance 

of the suggested multilevel fusion technique was evaluated using the 

PSNR, entropy and mutual information. Kaur, et al[22] proposed a 

contourlet transformation based image fusion technique. The 

pyramid decomposition was replaced by the multi-scale 

decomposition. The CT and MRI modalities images were fused into 

a single image without any quality degradation. 
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3. PROPOSED MULTIMODEL IMAGE FUSION 

FRAMEWORK 

 
This paper proposes an efficient Daubechies complex wavelet 

based multi resolution approach for performing a multimodal fusion 

of the Open Access Series of Imaging Studies (OASIS) and 

Simulated Brain Database (SBD) datasets. The images of the input 

datasets are shown in Fig 1 and Fig 2. The overall flow of the 

proposed system is explained in Fig 3. The quality of the image 

fusion is enhanced by the following algorithms 

 Non-Subsampled Contourlet Transform (NSCT) 

 Stationary Wavelet Transform (SWT) and Lifting Wavelet 

Transform (LWT) 

 Discrete Complex Wavelet Transform (DCWT) 

 Multi Wavelet Transform 

 Contourlet Transform 

 Curvelet Transform 

 Daubechies Complex 

 Inverse NSCT Transform 

The deployment of these algorithms produces an approximate result 

of the fused image. With reference to the approximate result, the 

desired fused image is derived. By applying the inverse NSCT the 

reconstructed image is obtained. 

 

 
 

3.1 NON-SUBSAMPLED CONTOURLET 

TRANSFORM (NSCT) 

 

      In NSCT, the multi-scale decomposition of the source images 

highlights the details of the images. Based on the dictionary learning 

scheme of the NSCT domain, the input images are represented as 

low-frequency and high frequency images. The low-frequency 

information of the image is used to extract the prominent features of 

the images. The non-overlapping blocking trait of the NSCT 

minimizes the calculation cost of the fusion algorithm. The sampling 

steps are prevented during the image decomposition and 

reconstruction stages.  

Advantages of using NSCT 

 By interactively deploying the non-sampled filter bank, the 

features of the shift variance, multi-resolution and 

multidimensionality are presented. 

 More information is obtained for the image fusion process. 

 The impacts of the mis-registration on the fused images are 

reduced significantly.  

The NSCT is composed of two components, namely, Non-

Subsampled Pyramid (NSP) and Non-Subsampled Directional Filter 

Banks (NSDFB). The NSP decomposes the input image into 

different scales to obtain the subband coefficients at the different 

scales. Using the NSDFB, the subband coefficients are decomposed 

into different scales and in different directions.  

 

 

 
Fig.3 Overall Flow of the Proposed Method 
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Fig.4 NonSubsampled Contourlet Coefficients Level 1 for image 1 

 

 

 
 

Fig.5 NonSubsampled Contourlet Coefficients Level 2 for image 1 

 

The input image 1 from the OASIS dataset is given as input to the 

NSCT domain. Figure 4 shows the level 1 coefficients produced by 

the NSCT and Figure 5 shows the level 2 coefficients of the NSCT.  

 

3.2 STATIONARY WAVELET TRANSFORM (SWT) 

AND LIFTING WAVELET TRANSFORM (LWT) 

 

3.2.1 Stationary Wavelet Transform (SWT) Fusion: 

Stationary Wavelet Transform is another type of wavelet 

transform [23] that is recently used in many image processing 

applications. As similar to the Discrete Wavelet Transform (DWS), 

the SWT decomposes the input image into different subband 

images, namely, Low-Low (LL), Low-High (LH), High-Low (HL) 

and High-High (HH). As the SWT prevents the down sampling, the 

size of the subbands is similar to the size of the input image. Figure 

6(a) depicts the LL band of the image, figure 6(b) shows the HL 

band of the image, figure 6(c) represents the LH band of the image 

and the figure 6(d) shows the HH band of the image and Figure 7 

(a), 7(b), 7(c) and 7(d) represents the LL, HL, LH and HH sub bands 

of image 2. 

 

 
 (a)    (b)   (C)    (d) 

Fig.6 (a) LL band of the image1 (b) HL band of the image1 (c) LH 

band of the image1 (d) HH band of the image1 

 

 
(a)    (b)   (C)    (d) 

Fig.7 (a) LL band of the image2 (b) HL band of the image2 (c) LH 

band of the image2 (d) HH band of the image2 

 

3.2.2 Lifting Wavelet Transform (LWT): 

 The lifting wavelet transform is similar to the DWT. In LWT, 

the number of samples at the each stage is same as the initial set of 

samples. The input sample that is split into even and odd number of 

samples are passed through the lifting steps. 

At each lifting step the approximation and the details of the image is 

enhanced. 

Advantages of the LWT 

 As the numbers of samples are same as the input image, the 

memory consumption is greatly reduced. 

 Since the approximation coefficients at a level can be 

derived from an already computed coefficient, the number 

of computation is also greatly reduced.  

 Easy to implement in hardware. 

 

Algorithm: Lifting Wavelet Transform (LWT) based Image 

Fusion Algorithm. 

 

Step 1: Input Images  - C(i, j), D(i,j)where, i = 1,….,N, j= 1,…..,N. 

LWT is applied to each C and D to a specified number of 

levels. At each level, one -approximation subband and 3xI 

details are produced, where I is the number of levels of 

decomposition. 

Step 2: To perform the approximation operation, an approximate 

sub band that represents the best image at lower frequency 

is chosen.  

If CAI, CBI, CGI are the approximation at level I, then  

CAI (i, j) = (CBI (i, j) + CGI (i, j))/2, ∀ i, j   (1) 

Step 3: The selected details are based on maximum of the absolute 

of the detail coefficients for each sub band among the two 

image decompositions. 

If HAI, HBI, HGI are the details at level I, then 

HAI (i, j) = max {| HBI (i, j)|, |HGI (i, j)|}   (2) 

Step 4: The new set of coefficients are used to find the inverse 

transform of the fused image. 
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(a)      (b) 

Fig.8 (a) SWT & LWT Image 1 (b) SWT & LWT Image 2 

 

Applying the SWT and LWT on the input images from the OASIS 

and SBD datasets is depicted in figure 8(a) and 8(b). 

 

3.3 DISCRETE COMPLEX WAVELET TRANSFORM 

(DCWT) 

 

 In DCWT, the wavelets are discretely sampled. The frequency 

and the location information are captured by the DCWT. The low 

frequency sub bands from the image 1 and image 2 are obtained 

using the DCWT in Fig 9 (a) and (b).  

 

 
(a)    (b)  

Fig.9 (a) LL subband of image 1 (b) LL subband of image 2 

 

3.4 MULTI WAVELET TRANSFORM  
 

 The signals are characterized by two or more scaling functions 

and two or more mother wavelet functions. The Multi Wavelet 

Transform (MWT) based applications, such as, signal and image 

processing requires high computational power. Though the Field 

Programmable Gate Arrays (FPGAs) produce high performance at a 

lower price, the user must have a detailed knowledge of the 

architecture of the device being used. The GHM (Geronimo-Hardin-

Massopust), CL (Chu-Lian), and SA (Shen-Tan-Tham) are the 

commonly used filters in the MWT. Among the filters, the 

Geronimo-Hardin-Massopust (GHM) is commonly preferred. The 

GHM is characterized by two scaling functions and two wavelet 

functions. 

Advantages of MultiWavelet  

 Orthogonality 

 Symmetry 

 Provides supreme performance for the image processing 

applications 

In Fig 10, the low frequency subbands and the high frequency 

subbands of the image 1 and image 2 are fused using the 

multiwavelet transform. 

 

 
(a)    (b)  

Fig.10 (a) Fusion of low frequency subands of image 1 and image 2 

(b) Fusion of high frequency subands of image 1 and image 2 

 

3.5 CONTOURLET TRANSFORM 
 

 The contourlet transform captures the smoothness of the images 

in diverse elongated shapes and in various directions. 

As the curvelet transform is developed for the continuous domain, 

sampling on a rectangular grid is difficult. The contourlet transform 

uses the double link structure to get the smooth contour of the 

image. The Laplacian Pyramid (LP) captures the point 

discontinuities and the Directional Filter Bank (DFB) using the 

point discontinuities forms a linear structure. The LP decomposition 

produces only one band pass image in the multidimensional signal 

processing. The use of LP prevents the frequency scrambling. Since 

the DFB leak the low frequency signals into its directional sub 

bands, it is found more suitable for the high frequency signals. The 

integration of the DFB with the LB is used to remove the low 

frequency signals. To obtain the band pass signals, the image signals 

are initially passed through the LP sub bands, then to obtain the 

directional information of the signals, the signals are passed through 

the DFB. The combination of the LP and DFB is called as the 

Pyramid Directional filter Bank (PDFB). Since the basic contour 

approximates the original image, the contourlet transform is also 

called as the discrete contourlet transform.  

Using the contourlet transform, the fused image1 and fused image2 

are reconstructed. 

 

 
(a)    (b)  

Fig.11 (a) Original image1 (b) Reconstructed image1 

 

 
(a)    (b)  

Fig.12 (a) Original image2 (b) Reconstructed image2 

 

3.6 CURVELET TRANSFORM 
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 The basis function of the curvelet transform [24]is represented 

in the form of a curve. When compared to the wavelet transform, the 

curvelet transform produces best approximation result. In the 

traditional Discrete wavelet Transform (DWT), the directional 

selectivity of the conventional two dimensional image if found 

missing. To prevent this curvelet transform is used. When compared 

to the other methods, the curvelet transform provides optimal results 

for processing the image. The needle shaped elements of the 

curvelet transform provides high directional sensitivity and 

anisotropy. The line like edges are efficiently expressed using the 

curvelet transform. 

 

3.7 Daubechies complex Wavelet Fusion 

 
 The Daubechies complex transform has the maximum number 

of vanishing moments[25]. Wide ranges of problems are solved 

using the Daubechies complex wavelet transform. When compared 

to the traditional wavelet transforms, the Daubechies complex 

transform provides higher dimensionality and shift invariance 

properties that are essential for the image fusion.  

The Daubechies complex wavelet W (t) is constructed by the 

following equation 

 

𝜓 𝑡 = 2  (−1)^𝑛 𝑛. 𝑎  1 − 𝑛 ∅(2𝑡 − 𝑛)   (3) 

 

Advantages of the Daubechies complex wavelet transform  

 Provides an optimal reconstruction property 

 Prevents redundancy 

 The edge points are easily handled during the signal 

reconstruction process. 

 

Algorithm: Lifting Wavelet Transform (LWT) based Image 

Fusion Algorithm. 

 

Step 1: The multimodal images from Open Access Series of 

Imaging Studies (OASIS) dataset and Simulated Brain 

Database (SBD) dataset are provided as input. 

Step 2: The input image is classified into low frequency (LLA, 

LLB) and high frequency (LHA, HLA, HHA, LHB, HLB, 

HHB) coefficients.  

Step 3: Each sub band coefficients are divided into N number of 

blocks. For each pair of blocks, the standard deviations 

SDOASIS(k) and SDSBD(k)are computed where k= 1,2,…..N. 

Step 4: The block with the larger standard deviation is chosen to 

build the fused image coefficients. 

  

𝑓𝐿𝐿 𝑘 =  

−𝐿𝐿𝐴 𝐾 , 𝑖𝑓  𝑆𝐷𝐿𝐿𝐴
 (𝑘) < 𝑆𝐷𝐿𝐿𝐵

(𝑘)

𝐿𝐿𝐵   𝑘  𝑖𝑓 𝑆𝐷𝐿𝐿𝐴
 𝐾 < 𝑆𝐷𝐿𝐿𝐵

 𝑘 
 𝐿𝐿𝐴+ 𝐿𝐿𝐵 

2
   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

           (4) 

 Where K= 1, 2…….N. 

 

Step 5: The process is repeated for f LH (K), f HL (K), f HH (K) 

Step 6: Inverse Daubechies transform is applied on all blocks to 

obtain the fused image. 

 

In Figure 13, using the Daubechies complex wavelet transform, the 

approximate results of the fused image is obtained. 

 

 
Fig.13 Fusion of Approximation 

 

3.8 INVERSE NSCT 

 
 The application of the inverse NSCT to the fused low frequency 

and the fused high frequency signals provided the fused resultant 

image. The inverse NSCT by taking the fused images as input 

constructs the original fused image with enhanced details. This is 

shown in Fig.14 (a) and 14 (b) 

 

 
(a)    (b) 

Fig.14 (a) Approximate result (b) Fused Image 

 

4. PERFORMANCE ANALYSIS 

 
The performance analysis contains the results obtained at each 

stages of the proposed multimodal image fusion framework. The 

performance of the proposed image fusion framework is measured 

using the following metrics 

 Entropy 

 Structural Similarity (SSIM) 

 Mutual Information 

 Time Delay  

 

4.1 ENTROPY 
 

 Entropy is the measure of information content in an image. It is 

calculated using the following equation,  

H x = − 𝑝𝑖 log 2𝑝𝑖

255

𝑖=0
    (5) 

Where, Pi represents the normalized frequency of the occurrence of 

the grey level. Entropy is directly proportional to the information 

content in an image. The value of the entropy can be increased, 

when each gray level of the whole range has the same frequency. If 

the value of entropy of the fused image is greater than the value of 

the entropy of the source image, it shows that the fused image 

contains more information. 
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Fused Images Entropy value 

Image 1 1.9008 

Image 2 1.8303 

Image 3 1.9563 

Image 4 1.6359 

 

 

 
Fig.15 Entropy of the fused images 

 

4.2 STRUCTURAL SIMILARITY (SSIM) 
 

 The SSIM is used to match the local luminance, contrast and 

structure of the source image with the distorted image. The 

luminance, contrast and structure are calculated using the following 

equations 

𝑙 𝑥, 𝑦 =
2 𝜇𝑥𝜇𝑦  + 𝑎1

𝜇𝑥
2 +  𝜇𝑦

2 + 𝑎1

 

 

𝑐 𝑥, 𝑦 =
2 𝜎𝑥𝜎𝑦  + 𝑎2

𝜎𝑥
2 +  𝜎𝑦

2 + 𝑎2

 

 

𝑠 𝑥, 𝑦 =
𝜎𝑥𝑦 +𝑎3

𝜎𝑥 + 𝜎𝑦 +𝑎3
  

 

SSIM =
(2𝜇𝑥𝜇𝑦+𝑎1)(2𝜎𝑥𝑦 +𝑎2)

(𝜇𝑥
2+𝜇𝑦+

2 𝑎1)(𝜎𝑥
2+𝜎𝑦+

2 𝑎2)
   (6) 

 

Here 𝜇𝑥  represents the mean, 𝜎𝑥  and 𝜎𝑥𝑦  represents the standard 

deviation and cross-correlation evaluation and the a1, a2, a3 

represents the constants that are used when the denominators are 

close to zero.  

Fused Images SSIM 

Image 1 0.5514 

Image 2 0.4792 

Image 3 0.5514 

Image 4 0.5135 

 

 
Fig.16 SSIM of the fused images 

 

4.3 MUTUAL INFORMATION 

 
 The joint entropy of two datasets is related to the mutual 

information. Having the OASIS and SBD as the datasets, the joint 

entropy H (OASIS, SBD) is related to the mutual information I 

(OASIS, SBD) by the following relationship 

 

H (OASIS, SBD) = H (OASIS) + H (SBD) – I (OASIS, SBD) 

 

Where H (OASIS) and H (SBD) represents the individual entropies 

of the datasets OASIS and SBD. The mutual information is the 

amount by which the sum of individual dataset entropies must be 

reduced with reference to the correlation that persists between the 

two individual datasets. 

 The mutual information between the source S and the fused 

image F is calculated by the following equation 

 

𝐼𝑆𝐹 =  𝑃𝑆𝐹 𝑠, 𝑓 𝑠,𝑓 log
𝑃𝑆𝐹  𝑠,𝑓 

𝑃𝑆 𝑠 𝑃𝐹   𝑓 
                (7) 

 

Where PSF is the joint normalized histogram of S and F, PS and PF is 

the normalized histogram of S and F.   

 

Fused Images Mutual Information 

Image 1 1.5473 

Image 2 1.5199 

Image 3 1.0995 

Image 4 1.4412 

 

1.4

1.5

1.6

1.7

1.8

1.9

2

Fused image 1 Fused image 2 Fused image 3 Fused image 4

Entropy
0.44

0.46

0.48

0.5

0.52

0.54

0.56

Image 1 Image 2 Image 3 Image 4

SSIM



   P-ISSN: 2347-4408    
    E-ISSN: 2347-4734 

8| Page                                      August 2015, Volume - 2, Issue - 4 

 
Fig.17 Mutual Information of the fused images 

 

4.4 TIME DELAY 
 The time delay metric measures the amount of time that the 

fusion technique takes for performing the fusion operation.   

Fused Images Time Delay in Seconds 

Image 1 3.683 

Image 2 3.6776 

Image 3 3.6783 

Image 4 3.6701 

  
Fig.18 Time delay taken for the image fusion process 

 

5. CONCLUSION  

 
This paper proposes a Daubechies Complex Wavelet Based multi-

resolution approach for fusing the brain images from the Open 

Access Series of Imaging Studies (OASIS) and Simulated Brain 

Database (SBD) databases. The input images taken from the datasets 

when subjected to the NSCT model provides the sub band 

coefficients of the image in different scales and in different 

directions. The sub band coefficients when applied the SWT 

produces four subband images, namely, LL, LH, HL and HH. On 

application of the LWT to the subband images, the details to the 

images are enhanced. The highlighted images are then applied the 

DCWT to obtain the location and frequency information. On 

applying the multiwavelet transform, contourlet transform, curvelet 

transform, the quality of the fused image is enhanced. Using the 

Daubechies transform an approximate result of the fused image is 

obtained. With reference to the approximate result, the actual fused 

image is derived. The performance of the image fusion is measured 

using the metrics like, entropy, SSIM, mutual information and time 

delay. Experimental results show that the proposed Daubechies 

complex wavelet transform increased the entropy value, thus 

enhancing the details of the image. The SSIM and the mutual 

information are optimal and the time delay is reduced.  
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