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Abstract – An advanced discrete wavelet transform 
(aDWT) for image fusion was recently proposed and the 
aDWT algorithm was further optimized with an iterative 
procedure utilizing quantitative fusion metrics – the image 
quality index (IQI) and ratio spatial frequency error 
(rSFe), respectively. In this paper, a modified rSFe metric 
by considering the first-order and second-order gradients 
(denoted as rSFe_2nd) is presented. Using rSFe_2nd and 
normalized mutual information (NMI) as optimization 
metrics, two new iterative aDWT (aDWTi) algorithms are 
developed. For comparison purpose, Laplacian pyramid 
and regular DWT are also implemented. Spatial frequency 
and entropy are used as quantitative evaluation metrics. 
For visual examination, three frequently-used image pairs 
were analyzed and presented. From the experimental 
results, it is found that (1) the aDWTi-rSFe or aDWTi-
rSFe_2nd algorithm is the best; (2) the aDWTi-IQI 
provides us a smoothed fusion; (3) the aDWTi-NMI 
algorithm is unsatisfied; and (4) Laplacian pyramid is 
better than regular DWT but poorer than iterative DWT 
algorithms.  
  
Keywords: Advanced discrete wavelet transform (aDWT); 
Iterative image fusion; Image quality index; Laplacian 
pyramid; Normalized mutual information; Ratio spatial 
frequency error. 
 
1 Introduction 
Image fusion has wide applications in medical imaging, 
remote sensing, nighttime operations and multi-spectral 
imaging. Together with image registration techniques, 
more attentions have been paid on image fusion especially 
in medical image processing domain such as computer-
aided diagnosis (CAD) with multi-modality images and 
image guided surgery and therapy [1]. Image fusion 
combines multiple-source complementary imagery in order 
to enhance the information apparent in the respective 
source images, as well as to increase the reliability of 
interpretation and classification [2-4]. This paper discusses 
the pixel-level fusion process, where a composite image is 
built of two (or more) input images. A general framework 
of image fusion can be found elsewhere [5]. In image 
fusion, some general requirements [6], for instance, pattern 
conservation and distortion minimization, need to be 

followed. To measure the image quality, quantitative 
evaluation of the fused imagery is considered quite 
important such that performance comparisons of the 
respective fusion algorithms can be carried out objectively 
and automatically. In addition, a quantitative metric may 
potentially be used as feedback to the fusion algorithm to 
further improve the fused image quality. 

Two common fusion methods are the discrete wavelet 
transform (DWT) [6-10] and various pyramids (such as 
Laplacian, gradient and morphological pyramids) [11-15]. 
As with any pyramid method, the wavelet-based fusion 
method is a multi-scale analysis method. The studies [16-
18] showed that the DWT methods have more complete 
theoretical support as well as further development 
potentials. For example, Ref. [16] showed that an 
advanced DWT (aDWT) fusion algorithm is superior to 
pyramid-based methods, and Refs. [17-18] presented an 
iterative aDWT (aDWTi) algorithm optimized by a 
specified fusion metric. This paper will discuss four 
iterative aDWT algorithms, and compare their results with 
that of two common algorithms, Laplacian pyramid and 
regular DWT. Laplacian pyramid is chosen as a 
representative of pyramid methods according to Ref. [16]. 

In the aDWT method [16,19], principle component 
analysis (PCA) and morphological processing are 
incorporated into a regular DWT fusion algorithm. 
Furthermore, the aDWT has two adjustable parameters – 
the level of DWT decomposition (Ld) and the length of the 
selected wavelet (Lw) that determinately affect the fusion 
result. The fused image quality can be quantitatively 
measured with one of four metrics – the image quality 
index (IQI) [17] and ratio spatial frequency error (rSFe) 
[18], a modified rSFe metric by considering both first-
order and second-order gradients (termed as rSFe_2nd) 
and normalized mutual information (NMI). Varying the 
control parameters (Ld and Lw), an iterative fusion 
procedure can be implemented and running until an 
optimized fusion with respect to a particular metric (say 
IQI) is achieved. Specifically, two common algorithms 
(Laplacian pyramid and regular DWT) are compared with 
the four iterative aDWT algorithms that are optimized 
utilizing four fusion metrics – IQI, rSFe, rSFe_2nd and 
NMI, respectively. The spatial frequency (SF) and entropy 
are also used to measure the image quality. 
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The subsequent sections of this paper are organized as 
follows. First, the image fusion metrics are fully described. 
The regular DWT and iterative aDWT image fusion 
methods are then introduced. Next the experimental results 
and discussions are presented. Lastly conclusions are made 
based upon the experimental analyses. 

2 Image fusion metrics 
As mentioned in the introduction, an ideal image fusion 
process should preserve all useful patterns from the source 
images and meanwhile minimize artifacts that could 
interfere with subsequent analyses or distract human 
observers [20]. Given that it is nearly impossible to fuse 
images without introducing some form of distortion, some 
measurements are necessary to measure the fused image 
quality. In this section, we discuss quantitative measures 
(without need of ground truth images) that could be carried 
out automatically by computers. There are a total of seven 
metrics (four optimization metrics plus three general 
evaluation metrics) used in our image fusion experiments. 

2.1 Entropy 
Entropy (denoted as H) is given by the following equation 
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where p(l) is the probability of gray level l, and the 
dynamic range of the analyzed image is [0, L-1] (typically 
L = 256). 

2.2 Normalized mutual information 
Mutual information is a similarity measure used for 
multimodal image registration, which actually measures 
the relative independence of two images [21]. High values 
indicate high dependence. The mutual information of two 
images is given as 

MI(A,B) = H(A) + H(B) – H(A,B)     (2) 

where H denotes entropy as defined in Eq. (1). H(A,B) is 
the joint entropy computed with an estimate of the joint 
density of two input images A and B. Normalized mutual 
information (NMI) is given as 

NMI(A,B) = [H(A) + H(B)] / [2H(A,B)]   (3) 

which is less sensitive to the image size.  

To measure the fused image quality with the NMI 
defined in Eq. (3), a weighted and normalized NMI metric 
with entropies is defined by the following equation 

NMI(A,B,F) = [H(A) × NMI(A,F) + H(B) × NMI(B,F)] / 
[H(A) +H(B)]      (4) 

where F represents for the fused image. The “NMI(A,F)” 
is a measurement of dependence (similarity) between A 
and F. The “NMI(A,B,F)” can be interpreted as the 
measurement of similarity between the fused image (F) 

and input images (A and B). The larger the NMI(A,B,F), 
the better the fusion. In case A=B=F, NMI(A,B,F) = 1 (the 
highest dependence). 

2.3 Image quality index 
The image quality index was introduced by Wang and 
Bovik [22]. Given two images x and y, let x denote the 
mean of x, and xσ and xyσ denote the variance of x and 
covariance of x and y, respectively. The global quality 
index of two images is defined as 
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Note that the first component in Eq. (6) is the 
correlation coefficient between x and y. This value is a 
measure for the similarity of the images x and y, and takes 
values between 0 and 1. The second component in Eq. (6) 
corresponds to the luminance distortion which has a 
dynamic range of [0, 1]. The third factor in Eq. (6) 
measures the contrast distortion and its range is also [0, 1]. 
In summary, Q0 ∈  [0, 1], and the maximum value Q0 = 1 
is achieved when x and y are identical. 

Piella and Heijmans [23] introduced a weighting 
procedure into Q0 calculation. The weight should reflect 
the local relevance of an input image that may depend on 
its local variance, contrast, sharpness, or entropy. Given 
the local salience (e.g., local variance) of two input images 
A and B, we compute a local weight λ indicating the 
relative importance of image A compared to image B: the 
larger λ, the more weight is given to image A. A typical 
choice for λ is  

λ = S(IA) / [S(IA) + S(IB)],      (7) 

where S(IA) and S(IB) denote the salience of input image A 
and B, respectively. Then, the weighted image quality 
index (IQI) can be defined as 

Qw = λQ0(IA, IF) + (1−λ) Q0(IB, IF).    (8) 

Since image signals are generally non-stationary, it is 
more appropriate to measure the weighted image quality 
index Qw over local regions (e.g., by splitting the entire 
image into a set of ‘blocks’) and then combine these local 
results into a single measure as the global measure of the 
entire image. Piella also suggested using local variance as 
the salience of an image, e.g., S(IA) = Aσ . In fact, the IQI 
metric measures the similarity between the fused image 
(IF) and both of the input images (IA and IB) by assuming 
that an ideally fused image should resemble both original 
input images. For example, in our experiments, each image 
(IA, IB or IF) is divided into a certain number of blocks by 
designating the block size of 16×16 pixels. Q0 and λ are 
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computed on each small bock (window), which concludes 
block-wise Qw by using Eq. (8). Then sum all Qw’s up 
through all blocks and finally take the average. 

2.4 Spatial frequency and its modification 
The metric “spatial frequency” (SF) [24-25] is used to 
measure the overall activity level of an image. The spatial 
frequency of an image is defined as  

)14/(])()()()[( 2222 −+++= SDFMDFCFRFSF , (9) 

where RF and CF are row frequency and column 
frequency respectively; and MDF and SDF represent for 
main diagonal SF and secondary diagonal SF. Eq. (9) is a 
revision of original definition (refer to [16,18,24-25]) 
about spatial frequency by introducing two diagonal SFs 
and also with the normalization of the degree of freedom. 
Four directional spatial frequencies are defined as follow, 
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where 21=dw  is a distance weight; similarly it can be 
considered that 1=dw  in Eqs. (10a-b). M and N are the 
image size (in pixels). 

Notice that the term of “spatial frequency” that is 
computed in spatial domain as defined in Eqs. (9-10), does 
not correspond with Fourier transform where the spatial 
frequency is measured in frequency domain with the unit 
of “cycles per degree” or “cycles per millimeter”. 

The SF definition given above can be rewritten with 
the consideration of the first-order and second-order 
gradients (termed as “SF_2nd”) simultaneously,  
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where RF_2 is the row frequency of second-order 
gradients that can be defined as 
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With the similar definition in (12) we can define the other 
three directional frequencies of second-order gradients. 

2.5 The ratio of spatial frequency error and 
its modification  

With Eq. (9) we can calculate the SFs of input images (SFA 
and SFB) or of the fused image (SFF). Now we determine 
how to calculate a reference SF (SFR) with which the SFF 
can be compared. The four differences (inside square 
brackets) defined in Eqs. (10a-d) are actually the four first-
order gradients along four directions at that pixel, denoted 
as Grad[I(i,j)]. The four reference gradients can be 
obtained by taking the maximum of absolute gradient 
values between input image A and B along four directions: 

GradD[IR(i,j)] = max{|GradD[IA(i,j)]|, |GradD[IB(i,j)]|},     

for each of four directions, i.e., D = {H, V, MD, SD},            
(13) 

where ‘D’ denotes one of four directions (Horizontal, 
Vertical, Main Diagonal, and Secondary Diagonal). 
Substituting the differences (defined inside square brackets) 
in Eqs. (10a-d) with GradD[IR(i,j)], four directional 
reference SFs (i.e., RFR, CFR, MDFR and SDFR) can be 
calculated. For example, the reference row frequency can 
be calculated as follows: 
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Similar to Eq. (9), the SFR can be computed by combining 
four directional reference SFs. Note that the notation of 
“GradH[IR(i,j)]” is interpreted as “the horizontal reference 
gradient at point (i,j)”, and no reference image is needed to 
compute the SFR value. 

Finally, the ratio of SF error (rSFe) is defined as 
follows: 

rSFe = (SFF – SFR) / SFR.      (15) 

Clearly, an ideal fusion has rSFe = 0; that is, the smaller 
rSFe’s absolute value, the better the fused image. 
Furthermore, rSFe > 0 means that an over-fused image, 
with some distortion or noise introduced, has resulted; 
rSFe < 0 denotes that an under-fused image, with some 
meaningful information lost, has been produced. 

With the definition of SF_2nd in Eq. (11) and the 
above description, it is not difficult to define and compute 
SFF_2nd and SFR_2nd by considering the first-order and 
second-order gradients simultaneously. Similar with Eq. 
(15) a modified rSFe metric can be conducted, termed as 
“rSFe_2nd”. Specifically, to compute SFR_2nd, both 
GradD[IR(i,j)] and Grad_2nd D[IR(i,j)] (refer to Eqs. (13-
14)) have to be calculated first. 

3 Image fusion methods  
In this section, Laplacian pyramid and regular DWT fusion 
methods are briefly reviewed. An advanced discrete 
wavelet transform (aDWT) [16] is then introduced. Based 
on the aDWT, four iterative fusion algorithms can be 
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formed and optimized with the four established metrics – 
IQI, rSFe, rSFe_2nd and NMI, respectively. 

3.1 Laplacian pyramid  
The Laplacian pyramid was first introduced as a model for 
binocular fusion in human stereo vision [20], where the 
implementation used a Laplacian pyramid and a maximum 
selection rule at each point of the pyramid transform.  
Essentially, the procedure involves a set of band-pass 
copies of an image is referred to as the Laplacian pyramid 
due to its similarity to a Laplacian operator. Each level of 
the Laplacian pyramid is recursively constructed from its 
lower level by applying the following four basic steps: 
blurring (low-pass filtering); sub-sampling (reduce size); 
interpolation (expand); and differencing (to subtract two 
images pixel by pixel) [12]. In the Laplacian pyramid, the 
lowest level of the pyramid is constructed from the original 
image. 

3.2 DWT fusion and the advanced DWT  
The DWT fusion method is a multi-scale analysis method. 
At each DWT scale of a particular image, the DWT 
coefficients of a 2D image consist of four parts: 
approximation, horizontal detail, vertical detail and 
diagonal detail. In a regular DWT fusion process, DWT 
coefficients from two input images’ are fused pixel-by-
pixel by choosing the average of the approximation 
coefficients at the highest transform scale; and the larger 
absolute value of the detail coefficients at each transform 
scale. Then an inverse DWT is performed to obtain the 
fused image.  

In the advanced DWT (aDWT) method, we apply 
principal component analysis (PCA) to the two input 
images’ approximation coefficients at the highest 
transform scale, that is, we fuse them by using the 
principal eigenvector (corresponding to the larger 
eigenvalue) derived from the two original images, as 
described in Eq. (16) below:  

)/()( 2121 aaCaCaC BAF +⋅+⋅= ,     (16) 

where CA and CB are approximation coefficients 
transformed from input images A and B. CF represents the 
fused coefficients; a1 and a2 are the elements of the 
principal eigenvector, which are computed by analyzing 
the original input images (Note: not analyzing CA and CB 
alone because their sizes at the highest transform scale are 
too small to conduct an accurate result). Note that the 
denominator in Eq. (16) is used for normalization so that 
the fused image has the same energy distribution as the 
original input images.  

For the detail coefficients (the other three quarters of 
the coefficients) at each transform scale, the larger 
absolute values are selected, followed by neighborhood 
(e.g., a 3×3 window) morphological processing, which 
serves to verify the selected pixels by using a “filling” and 
“cleaning” operation (i.e., the operation fills or removes 

isolated pixels locally). For example, in a 3×3 processing 
window (sliding pixel-by-pixel over the whole image), if 
the central coefficient was selected from Image A but all 
its 8-surrounding coefficients were selected from Image B, 
then the central one would be replaced with the detail 
coefficient from Image B. Such an operation (similar to 
smoothing) can increase the consistency of coefficient 
selection thereby reducing the intensity distortion in the 
fused image. 

3.3 The iterative aDWT algorithm 
optimized by the IQI  

The IQI value (discussed in Section 2.3) is calculated to 
measure the image quality fused by the aDWT, then it is 
fed back to the fusion algorithm in order to achieve a better 
fusion by adjusting parameters. Previous experiments [16] 
have pointed to an important relationship between the 
fused image quality and the wavelet properties, that is, a 
higher level DWT decomposition (with smaller image 
resolution at higher scale) or a lower order of wavelets 
(with shorter length) usually result in a more sharpened 
fused image. This means that we can use the level of DWT 
decomposition (Notated as Ld) and the length of a wavelet 
(notated as Lw) as adjusted parameters of an iterative 
aDWT (aDWTi) algorithm. If measured with IQI, the IQI 
value usually tends to be large for a smaller Ld or larger Lw. 
The combination of the aDWTi algorithm and the IQI 
metric derives a new algorithm, termed as “aDWTi-IQI”. 
With the definition of IQI, we know that it has an ideal 
value, 1, but it cannot give the error direction (i.e., 
positive or negative; refer to Section 3.4) because of 0 < 
IQI ≤ 1 (i.e., always IQI-1 < 0). 

Of course, termination conditions are needed in order 
to stop the fusion iteration. The fusion iteration stops when 
(1) it converges at the ideal point – the absolute value of 
(IQI-1) is smaller than a designated tolerance error, i.e. 
|IQI-1)| < ε; (2) there is no significant change of the IQI 
value between two adjacent iterations; (3) the IQI value is 
generally decreasing for subsequent iterations; (4) the 
parameters’ boundaries are reached. In implementing the 
iteration of a fusion procedure, appropriate boundaries of 
varying parameters should be designated based on the 
definition of parameters and the context. The details of 
implementation are depicted in Ref. [17]. 

3.4 The iterative aDWT algorithms 
optimized by the rSFe or rSFe_2nd 

The similar fusion procedure as depicted in Section 3.3 is 
applicable here except for using a different optimization 
metric. Hereby we use the rSFe (or rSFe_2nd) to direct the 
iterative fusion process that results in two aDWTi 
algorithms, “aDWTi-rSFe” and “aDWTi-rSFe_2nd” 
respectively. Notice that the error of the rSFe (or 
rSFe_2nd) value (subtracting the current rSFe or rSFe_2nd 
value from the ideal value, 0) can indicate the error 
direction (positive or negative), which is useful to decide 
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the parameters (Ld and Lw) adjustment (i.e., increment or 
decrement). For example, if the current rSFe(Ld, Lw) < 0 
(under-fused), then increase Ld or decrease Lw for next 
aDWTi fusion iteration. Replace the termination condition 
(3) with “the absolute value of rSFe (or rSFe_2nd) is 
generally increasing for subsequent iterations;” One more 
termination condition is applicable to the aDWTi-rSFe (or 
aDWTi-rSFe_2nd) algorithm, that is, (5) stop the iteration 
when the rSFe (or rSFe_2nd) value crosses over ‘zero’ (the 
ideal value). Using the sign of rSFe (or rSFe_2nd) the 
iteration procedure can be expedited. 

3.5 The iterative aDWT algorithm 
optimized by the NMI 

Similar to aDWTi-IQI, the aDWTi-NMI algorithm can be 
formed by using NMI as the optimization metric (instead 
of using IQI). NMI has an ideal value, 1.0, but it cannot 
provide the error direction. 

4 Experiments and discussions 
For visual examinations, quantitative analyses and 
comparisons, three frequently-used image pairs are fused 
and presented in Figs. 1-3. The quantitative evaluation 
values are shown in Tables 1-2.  

4.1 Experiments design  
In our experiments, six fusion algorithms were 
implemented and applied to three image pairs, which are 
Laplacian pyramid, regular DWT, four iterative DWT 
procedures (i.e., aDWTi-IQI, aDWTi-rSFe, aDWTi-
rSFe_2nd and aDWTi-NMI, with this fixed order by 
default when mentioning four iterative algorithms 
thereafter). As recommended in literatures, four-level 
fusion procedures were implemented in the Laplacian 
pyramid and regular DWT methods. For the regular DWT, 
the length of wavelet was four (Lw = 4). Symlets are 
chosen in all DWT-based algorithms because Symlets are 
the modifications of Daubechies wavelets and the 
symmetry of Symlets is increased while retaining great 
simplicity. Four iterative DWT procedures were 
implemented by separately varying two parameters, i.e., 
first changing Ld (because this parameter dominates the 
fused image quality [17-18]) then changing Lw to optimize 
the respective metric. The convergence speed of the 
aDWTi-rSFe (or -rSFe_2nd) is faster than that of the other 
two algorithms. The optimized parameters (Ld, Lw) are also 
given in Table 2. For reference, the SF and entropy values 
of original input images are listed in Table 1.  

4.2 Result analyses and discussion  
As shown in Figs. 1-3, three frequently-used image pairs 
were fused, which are night-vision (NV II/IR) images, 
medical images (CT/MRI) and off-focal images (clocks). 
From the three examples shown in Figs. 1-3, by casual 
inspections we observed that the fused images by aDWTi-
NMI (shown in Figs. 1-3(h)) is the poorest (especially 

unsatisfied with Fig. 2 (h)), and that the fused images 
(Figs. 1-3(e-g)) by other three iterative algorithms 
(aDWTi-rSFe, aDWTi-rSFe_2nd, and aDWTi-IQI) are 
better than the fused images (Figs. 1-3(c-d)) by two 
common algorithms (Laplacian pyramid and regular 
DWT). 

For quantitative evaluations, there are seven metrics 
are shown in Table 2 but we need to select one metric to 
measure the image quality across six different algorithms 
in order to make a proper and fair comparison. The IQI, 
rSFe, rSFe_2nd and NMI were used as optimization 
metrics in four iterative algorithms and thus they cannot be 
selected for comparison. The metric of Entropy (H) is not 
suitable because it cannot reflect the fusion relationship. 
For instance, we expect H(T1+T2) ≥ Any{ H(T1), H(T2)}. 
For most of fusion cases, their Entropy values do not obey 
this inequation whereas their SF values do. Although the 
SF metric itself cannot absolutely measure the fused image 
quality because it cannot distinguish useful information 
from artifacts or noise, it is still suitable to compare fused 
images’ quality (i.e. as a relative measurement). The 
SF_2nd is not used as a comparison metric because it is a 
newly proposed metric and has not been verified yet. 

Hereby we assume that a larger SF value of a fused 
image means more information and thus a better fusion. 
According to the SF evaluations shown in Table 2, the 
largest SF value (among six values regarding each image 
pair) is highlighted in bold face. In fact, the best algorithm 
(aDWTi-rSFe) evaluated with the SF metric is consistent 
with the visual examinations (refer to Figs. 1-3). 

In sum, by examining all fused images (shown in Figs. 
1-3) both visually and quantitatively, the quality of fused 
images produced by six algorithms are ordered from the 
best to the poorest as follows, aDWTi-rSFe (aDWTi-
rSFe_2nd), aDWTi-IQI, Laplacian pyramid, regular  
DWT, and aDWTi-NMI. In addition, aDWTi-IQI 
generates smoothed images whereas aDWTi-rSFe (or 
aDWTi-rSFe_2nd) produces sharpened images.  

An interesting question is what the optimization 
values for parameters (Ld, Lw) are. Although they rely on a 
particular application, the experimental values are shown 
in Table 2. To have an optimized fusion using aDWTi-
rSFe, we may initially set (Ld, Lw) = (6, 3) that will be able 
to speed up the convergence. 

5 Conclusions  
Laplacian pyramid, regular DWT and four iterative DWT 
fusion procedures (aDWTi-IQI, aDWTi-rSFe, aDWTi-
rSFe_2nd and aDWTi-NMI) are developed and compared 
with the applications to three pairs of image fusion. The 
fused images were evaluated quantitatively and 
qualitatively (visually). From the experimental results the 
following points can be concluded: (1) aDWTi-rSFe or 
aDWTi-rSFe_2nd gives a better and sharpened fusion; (2) 
the aDWTi-IQI algorithm produces a reasonably good and 
smoothed image; (3) aDWTi-NMI cannot provide an 
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satisfied fusion. In other words, the NMI metric seems not 
to be suitable as an optimization metric; (4) Laplacian 
pyramid is sometimes better than regular DWT but not as 
good as the iterative DWT methods. The fused images are 
greatly useful for further image processing such as 
segmentation, computer-aided diagnosis (CAD), and 
automatic target recognition. 
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Table 1: Three general measurements (spatial frequency, revised 
spatial frequency and entropy) of input images. 

Image SF_A SF_B SF_2nd_A SF_2nd_B Epy_A Epy_B
Clocks 8.1239 6.4494 7.1047 6.1255 6.9784 6.9242

CT/MRI 12.3174 12.0423 10.2343 9.6346 1.7126 5.6561
NV II/IR 9.5474  8.5130 9.8752    9.7944 7.1484 6.7589

 
 

 

 
Image Algorithm #Iterations Ld Lw IQI rSFe rSFe_2nd NMI SF SF_2nd Entropy

Clocks 

Laplacian Pyramid - 4 - 0.8887 0.2288 0.2186 0.6941 7.6415 7.0407 7.1156
Regular DWT - 4 4 0.8978 0.2018 0.1904 0.6877 7.9095 7.2954 7.2187
aDWTi-IQI 15 6 7 0.9272 -0.0363 -0.0203 0.6847 9.5491 8.8280 7.4398

aDWTi -rSFe 13 7 3 0.9222 -0.0326 -0.0149 0.6524 9.5862 8.8761 7.4181
aDWTi -rSFe_2nd 15 6 3 0.9223 -0.0327 -0.0147 0.6670 9.5845 8.8777 7.4385

aDWTi-NMI 16 1 5 0.9068 -0.3169 -0.2718 0.7014 6.7686 6.5612 7.3724

CT/MRI 

Laplacian Pyramid - 4 - 0.6975 0.3297 0.3083 0.5499 11.2308 9.4528 6.4705
Regular DWT - 4 4 0.5107 0.5146 0.4984 0.5606 8.1336 6.8554 5.9146
aDWTi-IQI 15 5 10 0.7797 -0.0381 -0.0144 0.5589 16.1182 13.4700 6.8934

aDWTi -rSFe 15 4 2 0.7696 0.0093 0.0753 0.6102 16.9120 14.6957 6.7199
aDWTi -rSFe_2nd 5 4 3 0.7482 -0.0454 0.0009 0.5967 15.9950 13.6791 6.8056

aDWTi-NMI 15 1 9 0.6156 -0.3072 -0.3023 0.7676 11.6090 9.5353 6.1858

NV II/IR 

Laplacian Pyramid - 4 - 0.7335 -0.1272 -0.1047 0.5630 10.4942 11.6024 7.0794
Regular DWT - 4 4 0.6494 -0.2966 -0.2845 0.5300 8.4576 9.2728 6.1714
aDWTi-IQI 15 6 7 0.7089 -0.0089 0.0021 0.5240 11.9172 12.9868 6.9556

aDWTi -rSFe 14 2 2 0.6107 0.002 0.0999 0.5369 12.0474 14.2537 6.5885
aDWTi -rSFe_2nd 12 3 3 0.6388 -0.0405 0.0085 0.5329 11.5366 13.0693 6.5276

aDWTi-NMI 3 1 2 0.6199 -0.0398 0.0982 0.5412 11.5448 14.2325 6.7017
 

 
Fig. 1: Night-vision images: (a) Image intensified (II), (b) Infrared image (IR), (c) Fused by Laplacian pyramid, (d) Fused by 
regular DWT, (e) Fused by aDWTi-IQI, (f) Fused by aDWTi-rSFe, (g) Fused by aDWTi-rSFe_2nd, (h) Fused by aDWTi-NMI. 

Table 2: Seven measurements of six versions of fused images (refer to Figs. 1-3) for each of three frequently used image 
pairs. Three parameter values (number of iterations, level of decomposition and length of wavelets) of each iterative fusion 
algorithm are given in Column 3-5. The best algorithm evaluated with the selected metric (SF) is highlighted in bold face. 
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