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Abstract 

Medical image fusion is the process of registering and combining multiple images from 
single or multiple imaging modalities to improve the imaging quality and reduce redundant 
information. In this research, a fusion algorithm is proposed to combine one pairs of medical 
images, such as the CT-MRI images and CT-MRA images. The source medical images are 
firstly decomposed by the quaternion wavelet transform. In this method, the visibility 
feature conformed to human visual system is adopted to fused the quaternion wavelet 
coefficients. Owing to the shift-invariance of the quaternion wavelet coefficients, the 
proposed method is effective and can get satisfactory fusion results. This new method 
provides improved subjective and objectives results as compared to previous image fusion 
methods based on the redundant discrete wavelet transform, nonsubsampled contourlet 
transform, ripplet transform, and the NSDFB-DTCWT transform.  
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1. Introduction 

With the development of medical science, the computer science and 
biological engineering technology, various modalities of medical images 
have become available, such as X-ray, computed tomography (CT), 
magnetic resonance imaging (MRI), magnetic resonance angiography 
(MRA), and positron emission tomography (PET) images [1]. These 
multimodal medical images usually provide complementary and 
occasionally conflicting information. Image fusion can be broadly defined 
as the process of combining multiple input images or some of their 
features into a single image without the introduction of distortion or loss 
of information. Since computer aided imaging techniques enable a 
quantitative assessment of the images under evaluation, it helps to 
improve the efficacy of the medical practitioners in arriving at an 
unbiased and objective decision in a short span of time. Image fusion 
algorithms can be classified as four levels of abstraction: signal level, 
pixel level, feature level, and symbolic level. At the pixel-level method, 
images are combined by considering individual pixel values or small 
arbitrary regions of pixels in order to make the fusion decision. This 
paper focuses on the pixel-level medical image fusion. 

Recently, a lot of medical image fusion methods have been emerged, 
such as intensity-hue-saturation (IHS), principal component analysis 
(PCA), Brovey transform and multiscale geometry analysis (MGA). 
Specially, the fusion approaches adopting the based-MGA method can be 
classified as wavelet transform, contourlet transform, nonsubsampled 
contourlet transform (NSCT), and ripplet transform etc. [2]. Singh 
proposed a medical image fusion algorithm based on redundant discrete 
wavelet transform in [3] and the paper in [4] also gave a medical image 
fusion algorithm by using contourlet. Combined with nonsubsampled 
direction filter bank-dual-tree complex wavelet transform (NSDFB-
DTCWT) [5], a medical image fusion algorithm based on NSDFB-DTCWT 
is proposed to overcome the complexity fusion rules in image fusion 
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algorithm based on the multi-scale multi-resolution transform. A 
multimodality medical image fusion method, based on ripplet is 
presented by Sudeb [6]. An efficient image fusion approach which applies 
fusion rules to the nonsubsampled contourlet transform decomposition 
coefficients of the transmission image and the reflection image for 
ultrasound tomography is proposed [7]. The shift-invariant shearlet 
transform is used to the multimodal medical image fusion in [8]. The 
region sum-weighted and local energy fusion rule is separately used in 
the lowpass subband and highpass subbands. Although some good results 
had been achieved based on the image fusion algorithms above, but it can 
be concluded that efforts should be made to improve the objective and 
subjective effect of these methods. 

The NSCT, as a fully shift-invariant form of contourlet leads to better 
frequency selectivity and regularity. Shearlet transform forms a tight 
frame at various scales and directions, and is optimally sparse in 
representing images with edges. But there are more redundant in the 
NSCT decomposition and shearlet decompositions, so the fusion methods 
based on NSCT or shearlet are slower than other multiscale 
decomposition methods [7, 8]. The contourlet transform offers flexible 
multi-resolution and multi-directional decomposition for images. The 
major problem with the DWT comes from its shift variant characteristic 
caused by subsampling operation. A shift-invariant DWT (SIDWT), 
described in [9], yields a very over-complete signal representation as 
there is no subsampling. However, any CWT based on wavelets of 
compact support cannot exactly possess the Hilbert transform, and this 
means that any such CWT will not perfectly overcome the disadvantage 
of the traditional DWT [10]. The quaternion wavelet transforms (QWT) 
[11] proposed by Corrochano is a new multiscale analysis theory to 
capture the geometry features of an image. The QWT coefficients have 
three phases content beside the magnitude information. The QWT is a 
near shift-invariant [12]. In this paper, a new medical image fusion 
method has been proposed based on the quaternion wavelet transform. 
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2. Quaternion Wavelet Transform 

QWT is the extension of complex wavelet transform that provides the 
richer scale-space represent for 2-D signals geometric structure. The 
QWT can provide more coefficients in the decomposing the images than 
the DWT, DTCWT, and SIDWT. Secondly, in practice, the image fusion 
method performance quickly deteriorates when there is slight object 
movement or when the source multi-modal images cannot be perfectly 
registered. Hence, the QWT method can overpass the DWT method and 
DT-CWT method in the multi-modal medical images fusion. Except for 
the near shift-invariant, the QWT inherits many of other interesting and 
useful theoretical properties, such as the quaternion phase 
representation and symmetry properties. Contrary to the DWT, it is near 
shift-invariant and provides a magnitude-phases local analysis of images 
[13, 14]. Furthermore, the QWT can be computed by using a 2-D dual-
tree filter bank with linear computational complexity. For convenience of 
further discussions, we briefly review some basic ideas about the 
quaternion algebra and the construction of QWT. 

The quaternion algebra over R, denoted by H, is an associative non-
commutative four-dimensional algebra: 

{ },,,, RdcbadcjbiaqH ∈+++== k   (1) 

which obeys Hamilton’s multiplication rules. 

.1,,, 222 −=====−==−==−= kkkkkkk ijjijiiijjjiij   (2) 

An alternative representation for a quaternion is 

,θψϕ= ji eeeqq k   (3) 

where ( ) [ ) [ ) [ ).4,42,2,,, ππ−×ππ−×ππ−∈θψϕ  It is defined by 

one modulus and three angles that we call phase. When [ ),4,4 ππ−∈ψ  

the computational formula is 



MEDICAL IMAGE FUSION BASED ON QUATERNION … / IJAMML 2:1 (2015) 9-26 13

( ( ) )

( ( ) )

( )












−−=ψ

−−+

+=θ

−−+

+=ϕ

.22arcsin2
1

,2arctan

,2arctan

2222

2222

bdad
dcba

cdab
dcba

bdac

 (4) 

The quaternion analytic signal is defined by its partial ( )21, HH  and 

total ( )TH  Hilbert transforms (HT). 

( ) ( ) ( )( ) ( )( ) ( )( ),,,,,, 21 yxfHyxfjHyxfiHyxfyxf TA k+++=  (5) 

where ( )( ) ( ) ( )( ) ( )( ) ( ) ( )( ),/,,,/,, 21 yxyxfyxfHxyyxfyxfH πδ=πδ= ∗∗∗∗  

and ( )( ) ( ) ( ) ( )yxyyxfyxfHT δπ= ∗∗ ./1,, 2
1  and ( )xδ  are impulse sheets 

along x and y axes, respectively. And ** denotes 2-D convolution. 

We start with real separable scaling function ϕ  and mother wavelets 

,,, DVH ψψψ  for separable wavelet, ( ) ( ) ( )., yxyx hh ψψ=ψ  According to 

the definition of the quaternary analytic signal, the analytic 2-D wavelets 
can be constructed as follows: 
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For separable wavelet, ( ) ( ) ( )yxyx hh ψψ=ψ ,  2-D HT equals to twice 

1-D HT along row and column, respectively. Considering that 1-D HT 
pair, i.e., hgh Hψ=ψψ ,  and scaling function ,, hgh Hϕ=ϕϕ  2-D 

analytic wavelet can be derived from formula (6) as the product form of    
1-D separate wavelet. 
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The real-imaginary quaternion analytic form can be transformed into 
magnitude-phase form as (3) according to (4). The QWT magnitude ,q  

with the property of near shift-invariance, represents features at any 
spatial position in each frequency sub-band, and the three phases 
( )θψϕ ,,  describe the ‘structure’ of those features. More details about 

implementation of QWT used here are referenced to the work [11, 12, 13]. 

3. Fusion Rule 

This approach is motivated by the fact that the human visual system 
is sensitive to the contrast. Hence, the visibility of image [15] can be 
likely to provide better details and conform to the human observer. 
Adopting the visibility feature of the image, the fusion rule firstly 
calculates the window-based local mean of the quaternion wavelet 
coefficient. Local mean of quaternion wavelet coefficient in the window W 
can be expressed as 

( ) ( ),,1,
,

njmiMNjiLM l

Wnm

l ++= ∑
∈

Q  (8) 

where ( )jil ,Q  is the value of quaternion wavelet coefficients at scale l. 

The M and N decide the width and height of the window W. Therefore, 
the visibility feature of quaternion wavelet coefficients should be 
calculated as 

( )
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After calculating the visibility feature of all quaternion wavelet 
coefficients including the high frequency subband and the low frequency 
subband, the decision map can be calculated. 
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where ( )jiV l
A ,  and ( )jiV l

B ,  is the local mean according to Equation (9) 

by the quaternion wavelet coefficients of source image A and B. The 
corresponding coefficients with higher magnitude of visibility are then 
chosen into the fused image as follows: 
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where ( ) ( ),,,, jiji l
A

l
F QQ  and ( )jil

B ,Q  are the coefficient of the fused 

images F, source image A, and source image B located at the i-th row and 
j-th column in the l-th scale, respectively. 

4. Proposed Fusion Approach 

Figure 1 shows the block diagram of the proposed method, which 
consists of a number of essential stages: 

Step 1. The multimodal medical images to be fused are registered to 
assure that the corresponding pixels are aligned. 

Step 2. The source images are decomposed into different directions and 
scales using the QWT. 

Step 3. Quaternion wavelet coefficients of the final fused image are 
obtained via visibility feature of quaternion wavelet coefficients obtained 
using Equation (11). 

Step 4. The inverse QWT of the new fused low and high frequency 
coefficients is performed to generate the final fused image. 
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Figure 1. Schematic diagram of fusion algorithm based on QWT. 

5. Experiments 

For verifying the effectiveness of the proposed method, four pairs of 
medical images are adopted to experiment. The four pairs of images can 
be separated into four groups shown in Figure 2. The group a, b, and c 
are CT-MRI images, respectively. The group d is MRA-MRI images, 
respectively. The performance of the proposed method is compared with 
the redundant discrete wavelet transform (RDWT) method proposed by 
Richa [3], the spatial frequency of NSCT coefficients motivated PCNN 
method [16] proposed by Qu, the modified spatial frequency of ripplet 
coefficients motivated PCNN method proposed by Sudeb [6], and the 
dual-tree complex wavelet transform method combined with the 
nonsubsampled direction filter bank (NSDFB) by Liu [5]. In the Qu’s 
method, the pyramid filter and the direction filter are set to ‘pyrexc’ and 
‘vk’, respectively. The decomposition levels are set to [0, 1, 3, 3, 4]. In the 
Sudeb’s ripplet method, the parameters of the ‘9/7’ filter, ‘pkva’ filter and 
levels = [0, 1, 2, 3] are used to decompose the source images by ripplet 
transom. In the Richa’s RDWT method, the source images are 
decomposed by two levels of ‘db6’ wavelet filters. The three levels of dual-
tree complex wavelet transform are adopted to decompose the NSDFB 
coefficients in the Liu’s method. The direction filter is set to ‘cd’. In the 
proposed method, the one level of quaternion wavelet decomposition is 
adopted. 
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(a) CT 

 
(b) MRI 
Group a 

 
(c) CT 

 
(d) MRI 
Group b 
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(e) CT 

 
(f) MRA 
Group c 

 
(g) MRA 

 
(h) T1-MRI 

Group d 

Figure 2. Test images. 
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Two metrics are considered in this paper, which do not require 

ground truth images for evaluation. The first metric is F/ABQ  [16], which 

considers the amount of edge information transferred from the input 
images to the fused image using a Sobel edge detector to calculate the 
strength and orientation information at each pixel in both source and the 
fused images. The second metric is the mutual information (MI) metric 
[17] used to evaluate the fusion performance quantitatively in this paper. 
Table 1 shows the performance results from different image fusion 
methods and different datasets. The results presented in this example 
can demonstrate that our approach can fuse the medical images while 
retains much more information than that of the other two methods. 

The visual comparison for fused images according to different fusion 
algorithms are shown in Figures 3, 4, 5, and 6, respectively. From the 
four figures, it is clear that the proposed algorithm improves better detail 
information than the other algorithms. 
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(a) 

Qu’s method 
(b) 

Richa’s method 
(c) 

Sudeb’s method 
 

  
(d) 

Liu’s method 
(e) 

Proposed method 

Figure 3. The fusion results of Figure 2(a) and (b). 
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(a) 

Qu’s method 
(b) 

Richa’s method 
(c) 

Sudeb’s method 
 

  
(d) 

Liu’s method 
(e) 

Proposed method 

Figure 4. The fusion results Figure 2(c) and (d). 
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(a) 

Qu’s method 
(b) 

Richa’s method 
(c) 

Sudeb’s method 
 

  
(d) 

Liu’s method 
(e) 

Proposed method 

Figure 5. The fusion results Figure 2(e) and (f). 
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(a) 

Qu’s method 
(b) 

Richa’s method 
(c) 

Sudeb’s method 
 

  
(d) 

Liu’s method 
(e) 

Proposed method 

Figure 6. The fusion results Figure 2(g) and (h). 

The Qu’s algorithm gives baseline MI and F/ABQ  value according to 

the objective evaluation shown in Table 1. The Richa’s method gives 
baseline visual results shown in Figure 3(b), Figure 4(b), Figure 5(b), and 
Figure 6(b). The fusion method based on proposed by Sudeb is better than 
Qu’s method and Richa’s method. However, the fused image in Figure 
3(c) and Figure 6(c) by the Sudeb’s method shows low contrast than by 
proposed method. Specially, the Figure 4(c) lacks of the ability that 
extracts image feature result in the degradation of fusion performance. 
Figure 5(d) by Liu’s method lost necessary information with white colour 
in the middle of Figure 2(f). The proposed image theme can fused the 
most of useful information from the source images because the QWT’s 
shift-invariance and the effective fusion rules. The results presented in 
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this example can demonstrate that our approach can fuse the medical 
image while retaining much more information than that of the other 
three methods. 

Table 1. Performance evaluation of different method 

Source Images Metric 
Qu’s 

method 
Richa’s 
method 

Sudeb’s 
method 

Liu’s 
method 

Proposed 
method 

MI 1.6098 2.4211 2.7964 5.2703 5.3644 
Group a 

F/ABQ  0.5799 0.3917 0.3970 0.6454 0.7937 

MI 2.9896 3.1541 3.2194 3.6897 3.8352 
Group b 

F/ABQ  0.5457 0.2554 0.5189 0.5641 0.5935 

MI 3.1538 3.6811 3.6111 4.0650 4.7924 
Group c 

F/ABQ  0.5373 0.3613 0.4909 0.5950 0.6388 

MI 2.9984 3.4261 3.7506 4.6924 4.2615 
Group d 

F/ABQ  0.6667 0.5059 0.6173 0.6028 0.7073 

6. Conclusion 

In this paper, we have presented a new quaternion wavelet based 
multi-sensor medical image fusion method. The experimental results 
demonstrated that the proposed method outperforms the standard fusion 
methods in the fusion of different medical images. The proposed image 
fusion algorithm is an effective, efficient, and feasible algorithm. Finally, 
it is important to note that the proposed QWT-based fusion algorithm 
outperforms the RDWT-based, NSCT-based, and ripplet-based fusion 
algorithm in some cases. 
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