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ABSTRACT 

The goal of Multimodal Image Fusion techniques is to integrate complementary information from different 

sensors together to produce a more accurate and efficient representation in a single fused image which is more 

suitable for the purpose of  human visual perception and for further analysis. Fusion is a specific method within 

many vital fields such as remote sensing, robotics and medical applications. In this paper, the multimodal images 

are decomposed using the Dual Tree Complex Wavelet Transform (DT-CWT) and Non-Subsampled Contourlet 

Transform (NSCT) is applied to the decomposed images and they are fused using efficient and robust fusion rules. 

Finally, they are reconstructed using the Inverse transform and a new fused image is obtained with more 

information content. Experiments showed that the proposed fusion technique can have better performance of Image 

fusion is quantitatively measured using Peak signal to Noise Ratio (PSNR), Entropy, and Mutual Information. 

Keywords-Image Fusion, Discrete Wavelet Transform (DWT), Dual Tree Complex Wavelet Transform 

(DTCWT), Non-Subsampled Contourlet Transform (NSCT). 

INTRODUCTION 

The aim of image fusion is to integrate matching information from different images to create a highly 

informative image which is more suitable for human visual perception or computer-processing tasks. Some 

applications of the fusion of images include medical imaging, microscopic imaging, remote sensing, computer 

vision, military applications and robotics etc. Fused images may be created from multiple images of the same 

imaging modality, or by combining information from multiple modalities, such as Computed Tomography (CT), 

Magnetic Resonance Image (MRI), Positron Emission Tomography (PET), and Single Photon Emission Computed 

Tomography (SPECT).  

Functional image such as computed tomography (CT) can provide information about dense structures like 

bones and implants with less distortion, but it cannot detect physiological changes, whereas PET has low spatial 

resolution and provides information about blood flow activity. In anatomical image such as MRI image soft tissues 

can be better visualized. Medical fusion is to combine functional image and anatomical image together into one 

fused image which provides abundance information to doctor to diagnose clinical disease and also reduces the 

storage cost by reducing storage to a single fused image instead of multiple-source images. In recent years, a lot of 

researchers have paid their attentions on the field of multi-resolution region-based image fusion. 

Overview of Image Fusion 

The medical image fusion mainly uses pixel based fusion techniques. Usually, the pixel level fusion is 

broadly classified into three main categories, they are as follows, 

1. Spatial Domain Techniques (PCA, Averaging, etc.): The main advantage of this technique is, they are easy to 

implement. But has a few drawbacks that it produces spatial distortion in images. Also, in the final fused image 

some of the image details will not be present with respect to the input images.  

2. Optimization Approach (Bayesian Approach): It suffers from the problem of computational complexity.  

3. Transform Domain Approach (Multi-resolution Techniques): This transform preserves the structural 

characteristics and also it provides more information for further analysis and diagnosis of various diseases. The 

successful fusion process should extract complete information from the source images and preserve all that 

(relevant) information in the resultant fused image without introducing any artifacts or inconsistencies. 

Earlier, multiscale decomposition using wavelet transform has been widely used and identified as ideal 

method for image fusion because it minimizes structural distortions and good at isolated discontinuities, but it 

suffers from shift sensitive, poor directionality and absence of phase information. To overcome these drawbacks 

Dual Tree Complex Wavelet Transform (DTCWT) and Nonsubsampled Contourlet Transform (NSCT) is 

proposed. DTCWT based multimodal medical image fusion has approximate shift invariance, good directional 

selectivity and perfect reconstruction with limited redundancy. The NSCT is shift-invariant, multiscale, and 

multidirectional transformation where Contourlet represents the long edges very well and it extracts the geometric 

information of images very well and fast implementation which is useful to many image processing tasks. 

Discrete wavelet Transforms (DWT) 

The Discrete Wavelet Transform (DWT) is spatial frequency decomposition that useful for multi resolution 

analysis of an image. 2-D Discrete Wavelet Transform uses a separate filter and down sampling in the horizontal 
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and vertical directions produces four subbands in each scale. Denoting the horizontal frequency and then the 

vertical frequency which produces high-high (HH), high-low (HL), low-high (LH) and low-low (LL) image 

subbands. The left-top sub-image is the band with low rang a frequency that has the lowest spatial resolution and 

point out the approximation information of the original image. Whereas the other sub-images (the bands with high 

frequencies) show the detailed information of the original image. At each scale the subbands LH, HL and HH 

subbands are sensitive to vertical, horizontal and diagonal frequencies respectively. Multiresolutional 

decomposition can be achieved by recursively applying the same scheme to low-low subband. 

Wavelet based image fusion is the multi scale (multi resolution) approach well suited to manage the different image 

resolutions. DWT allows the decomposition of image in to different coefficients and such coefficients coming from 

different images are combined appropriately in to single fused image and taking the inverse discrete wavelets 

transform (IDWT) for this image, the final fused image is obtained, where the information of the individual input 

images is preserved. 

 
Fig 1 Wavelet based image fusion 

Although DWT based techniques provide better results for image fusion than pyramid transform and other 

spatial domain method, yet it suffers from some of drawbacks are shift sensitive and a low directional transform, 

absence of phase information and uses very redundant representation. 

To overcome these drawbacks we are going for proposed methods Dual Tree Complex Wavelet Transform 

(DTCWT) and Non Subsampled Contourlet Transform (NSCT). 

Dual-Tree Complex Wavelet Transforms (DTCWT) 

DTCWT beats the downsides of DWT. The Dual tree Complex wavelet Transform (DT-CWT) is complex 

esteemed expansion of the standard wavelet. Complex Wavelet Change utilizes complex esteemed separating that 

disintegrates the info image into true and missing parts in change area in which their comparing coefficients give 

greatness and stage data. DT-CWT produces shift invariance, which can accomplish in DWT by multiplying the 

inspecting rate. This is effected in the DT-CWT by wiping out the down testing by 2 after first level channel.  

Two completely wrecked trees are then created by down inspecting, effected by taking first even and after 

that odd samples after the first level of filters. To get uniform interims between the two tree's samples, the resulting 

channels require a large portion of a specimen distinctive postpone in one tree. Application to picture can be 

attained to by detachable complex sifting in two measurements.  

The real 2-D dual-tree DWT of a image x is executed utilizing two basically inspected distinguishable 2-

DDWTs in parallel. At that point for every pair of subbands we take the whole and distinction. The complex 2-D 

DT-DWT likewise offers ascend to wavelets in six particular bearings. The complex 2-D double tree is actualized 

as four discriminatingly examined detachable 2-D DWTs working in parallel as demonstrated in figure 3. 2-D 

structure needs four trees for investigation and for combination. The sets of conjugate channels connected to two 

dimensional images 

 (x, y) can be communicated as:   (hx+jgx ) (hy+jgy )= (hx hy - gx gy) +j (hx gy +gx hy)   (1) 

DT-CWT improves the directional selectivity than DWT, because DTCWT gives rise to wavelets in six distinct 

directions, ±15˚, ±45˚, ±75˚ and whereas DWT have three subbands in 0˚, 45˚ and 90˚ directions only.  
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Fig 2 Complex Wavelet Transform Scale 

Orientation labeled subbands 

Fig 3 Filter bank structure for 2-D DT-DWT 

Non-Subsampled Contourlet Transform (NSCT) 

The NSCT is a shift invariant version of the Contourlet transform. NSCT is the combination of Non-

Subsampled Pyramids (NSP) for multi-scale decomposition and Non-Subsampled Directional Filter Banks 

(NSDFB) for directional decomposition. The NSP is a two-channel non-subsampled channel bank, and one low-

recurrence image and one high-recurrence image can be created at every NSP decay level. The multiscale 

decomposition can be achieved by iterating using the Non-Subsampled filter banks. Such expansion results in k+1 

sub-images, which consists of one low- and high-frequency images having the similar size as the resource image 

where k denotes the number of decomposition levels.NSP decomposition with k=3 levels is as shown in fig 4 

The corresponding filters of a 𝑘th level cascading NSP are given by, 
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The NSDFB is two-channel non-subsampled filter banks which are constructed by combining the 

directional fan filter banks.NSDFB allows the directional decomposition with l stages in high-frequency images 

from NSP at each scale and produces 2l directional sub-images which provides directional information. Figure 5 

illustrates four channels NSDFB construct with two-channel fan filter banks. 

The corresponding filter in each channel is given by
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Fig 4 Three-stage non-subsampled pyramid 

decomposition. 

Fig 5 Four-channel non-subsampled directional 

filter bank. 

 

 
Fig 6 Decomposition frame work 
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Proposed fusion algorithm 

1. Read the source images A (CT) and B (MRI). 

2. Find the Dual Tree Complex Wavelet Transform (DTCWT) for the source images individually. 

3. Apply Non Subsampled Contourlet Transform (NSCT) for the above decomposed images individually. 

4. Apply Fusion rules, the low frequency coefficients follow the phase congruency and high frequency 

coefficients follow the largest absolute value rule. 

5. Take the inverse transform for the fused image, INSCT followed by IDTCWT in order to obtain the final 

proposed fused image. 

The quality of the fused image is determined using the following performance measures. 

 
Fig 7 Flowchart of the FRFT-NSCT image fusion 

Performance Measure for Image Segmentation Efficiency 

i) Information Entropy (IE): The IE of the image is an important index that refers to the richness of image 

information quantity. The evaluation IE of the image is based on the Shannon information theory and it is given by, 
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Where 𝑝𝑖 is the ratio of the number of pixels with gray value equal to 𝑖 over the total number of the pixels. The 

larger the value of IE reflects the more information carried by images and hence the fusion performance is 

increased. 

ii) Peak Signal to Noise Ratio (PSNR): PSNR is the ratio between the maximum possible power of a signal and 

the power of corrupting noise that affects the fidelity of its representation. 

The PSNR is used to measure the quality of reconstructed images and it is given by:- 
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Where, B - the perfect image, 𝐵′ - the fused image to be assessed, i – pixel row index, j – Pixel column index, M, 

N- No. of row and column. 

iii) Mutual Information (MI): Mutual information (MI) is a quantity that measures the mutual dependence of two 

random variables. It usually shows measurement of the information shared by two images. Here, FRI
MI measures 

the information that reference and the fused image shares: 
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Where PRI is the normalized joint gray level histogram of images R and If, PR and PI
F are the normalized marginal 

histograms of the two images.  

The mutual information IAF between the sources images A and the fused image F is defined as follows: 
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Where PAF is the jointly normalized histogram of A and F, PA and PF are the normalized histogram of A and F, and 

a,f represent the pixel value of the image A and F, respectively. The mutual information IBF between the source 
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image B and the fused image F are similar to IAF. The mutual information between the source images A, B and the 

fused image F is the sum of IAF and IBF, i.e.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    

BFAF
AB
F IIMI 

                                                                                        (8) 

Table.1. Comparison of PSNR, Entropy and Mutual Information for Wavelet based Image Fusion 

Techniques and Non Subsampled Contourlet Transform 

Sl. 

No. 

Feature Image 

Set 

Inverse Dual Tree 

Complex Wavelet 

Transform 

Inverse Non-Subsampled 

Contourlet Transform( 

NSCT) 

 Proposed 

Method 

1 Entropy Set1 7.3152 7.4896 7.5216 

Set2 5.9957 6.8305 6.9517 

Set3 6.3538 7.2073 7.3607 

Set4 6.0574 7.5338 7.6395 

2 PSNR Set1 20.40 21.09 22.06 

Set2 21.98 23.10 24.07 

Set3 23.57 25.42 26.68 

Set4 24.06 24.79 25.61 

3 Mutual 

Information 

Set1 2.0427 2.1362 2.2063 

Set2 2.9023 3.3624 3.3964 

Set3 2.0632 2.1972 2.2958 

Set4 2.2016 2.6410 2.7810 

 

Sl. No. Image Set 
Fused image using  Inverse Dual 

Tree Complex Wavelet 

Fused image using 

Inverse NSCT 

Proposed image 

fusion 

CT-MRI 

Image 

Set-1  
    

CT-MRI 

Image 

Set-2 

 

 

   

CT-MRI 

Image 

Set-3 

 

 

   

CT-MRI 

Image 

Set-4 

  
 

 
  

CONCLUSION 

This paper presents a robust and efficient approach for the segmentation of noisy medical images. The 

proposed approach makes use of Inverse Dual Tree Complex Wavelet Transform (IDT-CWT) and Inverse Non-

Subsampled Contourlet Transform (INSCT) image fusion can be performed to achieve a better image fusion 

quality compared with other techniques, especially for medical images. The experiments   with original clinical 
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Brain CT images have been demonstrated. The efficiency of the   proposed   approach   in segmenting the noisy 

medical CT image is increased to 96.5% which is greater than the existing techniques. With the knowledge of all 

types of existing image fusion techniques, they decide to continue the research work in the future with the 

application of Multi wavelets in combination with Fuzzy and Neural Networks. It also planned to develop a 

hardware implementation system suitable for the above fusion technique using FPGA. 
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