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Abstract In this paper, a novel image fusion algorithm based on orientation information measure and lifting stationary 

wavelet transform (LSWT) is proposed, aiming at solving the fusion problem of multifocus images. In order to select 

the coefficients of the fused image properly, the selection principles for different subbands are discussed, respectively. 

For choosing the low frequency subband coefficients, a new sum-modified-Laplacian (NSML) of the orientation in-

formation measure is proposed and used as the focus measure to fuse the low frequency subband. When choosing the 

high frequency subband coefficients, a novel feature contrast of the orientation information measure, which can effec-

tively restrain the influence of noise and can be used as the activity-level measurement to select coefficients from the 

sharpness parts of the high frequency subimages, is proposed. Experimental results indicate that the proposed fusion 

approach cannot only extract more important visual information from source images, but also effectively avoid the 

introduction of artificial information. It significantly outperforms the traditional fusion methods in fusion multifocus 

clean images and multifocus noisy images, in terms of both visual quality and objective evaluation. 

Keyword: Image fusion; Lifting stationary wavelet transform (LSWT); Orientation information measure; Feature 

contrast. 

1 Introduction 

Optics of lenses with a high degree of magnification suffers from the problem of a limited depth of field. The 

larger the focal length and magnification of the lens, the smaller the depth of field becomes. As a result, it is often not 

possible to get an image that contains all relevant objects in focus. However, people would like to acquire images that 
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have large depth of field, i.e., the images are in focus everywhere. A possible way to overcome this problem is by im-

age fusion, in which one can acquire a series of pictures with different focus settings and fuse them to produce an im-

age with extended depth of field [1-2].  

Basically, the fusion technique can be divided into two categories. One is the spatial domain-based methods, 

which directly select pixels or regions from clear parts in the spatial domain to compose fused images [2-4]. Another 

category is combing the coefficients in multiscale transform domain under the assumption that image details are con-

tained in the high frequency subbands [5-8].  

The simplest fusion method in spatial domain, which is to take the average of the source images pixel by-pixel, 

would lead to several undesired side effects such as reduced contrast. To improve the quality of the fused image, some 

more reasonable methods were proposed to fuse source images with divided blocks or segmented regions instead of 

single pixels [2-4]. For the blocks-based methods, they are combing the blocks according to a measurement which 

evaluate the parts are clear or not. However, these methods may easily produce block effect which significantly com-

promise the quality of the fused image. For the segmentation-based methods, the source images are first segmented, 

and then the obtained regions are fused according to their properties. However, these methods are strongly dependent 

on the segmentation algorithm which usually complicated and time consuming. Furthermore, if an object of one 

source image is partly clear and partly blurry, the blurry part may be selected as part of the fused image when consi-

dering the integrality of the segmented part [9]. This phenomenon may reduce the quality of the fused image. 

In recent years, multiscale decomposition methods (MSD) have been successfully used to image fusion and var-

ious MSD-based fusion methods have been proposed [5-8]. Compared to the block-based or segmentation-based fu-

sion methods, the MSD-based methods can successfully overcome the disadvantages mentioned above because coef-

ficients in subbands, not regions or blocks in spatial region, are considered as image details and selected as the coeffi-

cients of the fused image. The usually used MSD-based methods include the pyramid-based [9], the discrete wavelet 
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transform (DWT)-based [10], complex wavelet (CW)-based [11], and nonsubsampled contourlet transform 

(NSCT)-based [5, 7] fusion methods, etc. Unfortunately, the computation complexity of the CW-based method and 

the NSCT-based method are great because they use CW or NSCT to decompose the source images. In MSD domain, 

DWT is the most popular and important MSD in image fusion, and the DWT-based methods are generally superior to 

the pyramid-based methods [12]. However, the DWT has its own disadvantages. It needs a great deal of convolution 

calculations, and it either consumes much time or occupies memory resources, which impedes its real-time applica-

tion. Relative to the DWT, lifting wavelet transform (LWT) [13] can overcome its shortcomings. Unfortunately, the 

original LWT and DWT lack shift-invariance and cause pseudo-Gibbs phenomena around singularities [14], which 

will reduce the resultant image quality. Thus, lifting stationary wavelet transform (LSWT) [6, 15], as a fully 

shift-invariant form of LWT, can be introduced and used as the MSD method in this paper. 

In image fusion algorithm in MSD domain, one of the most important things for improving fusion quality is the 

selection of fusion rules (namely selection principles for different subband coefficients), which influences the perfor-

mance of fusion algorithm remarkably. According to physiological and psychological research, the human vision sys-

tem (HVS) is highly sensitive to the local image contrast level. To meet this requirement, the fusion rules based on 

local contrast are proposed and have been successfully used in image fusion [5, 7, 16]. However, in these contrast 

measurements, the value (or absolute value) of a single pixel of the high frequency subband is directly used as the 

high frequency component. In fact, the value (or absolute value) of a single pixel is very limited in determining which 

pixel is from the clear part of subimage. So, a pure use of a single pixel is not ideal. In addition, almost all the 

MSD-based image fusion algorithms do not consider the noise influence. In many practical applications, additive 

Gaussian noise, which is characterized by adding to each image pixel a value from a zero-mean Gaussian distribution, 

can be systematically introduced into image during acquisition. This noise may cause miscalculation of sharpness 

values, which in turn, degrade the performance of image fusion. To be useful in real process operation, the fusion al-
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gorithm should provide a pleasing fusion performance for the clean image fusion; meantime, it should be reliable and 

robust to imperfections such as noise. 

To make up for the aforementioned deficiencies of traditional MSD-based fusion methods, a new multifocus im-

age fusion scheme, which incorporates the merits of orientation information measure[17] into the image fusion field, 

is proposed in this paper. In this fusion method, after decomposing the original images using the LSWT, we use a new 

sum-modified-Laplacian (NSML) of the orientation information as the focus measure to select the low frequency 

subband coefficients (’Frequency subband coefficients’ simplified into‘Fre-Coef’in figures in this paper) of the fused 

image. When choosing the high frequency subband coefficients, a novel local feature contrast of the orientation in-

formation is developed. This measurement can effectively represent the salient features and sharp boundaries of im-

age. Moreover, it can distinguish the images features from the noise properly. Based on the feature contrast measure-

ment, a selection principle is put forward for the high frequency subband coefficients. Experimental results show that 

the new image fusion scheme provides a better performance than traditional methods in fusion of multifocus images 

no matter them are clean or not. 

The paper is organized as follows. In Section 2 and Section 3 the theory of lifting stationary wavelet transform 

and orientation information measure are introduced respectively; Section 4 describes the image fusion algorithm using 

LSWT and orientation information measure. Experimental results and evaluation of algorithm are shown in section 5. 

Finally, in section 6 we conclude the paper with a short summary. 

2 Lifting stationary wavelet transform 

Lifting wavelet transform [13], proposed by Wim Sweldens, is a new wavelet construction method using lifting 

scheme in time domain. It abandons the Fourier transform as a design tool for wavelets, and wavelets are no longer 

defined as translates and dilates of one fixed function. Compared with classical wavelet transform, LWT reserves all 

the characteristics of the conventional wavelet and possesses several advantages, including possibility of adaptive and 
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nonlinear design, in place calculations, irregular samples and integral transform [18]. It can realize the fast calculation 

of wavelet and has the half calculation amount of the conventional wavelet; also it’s easily to realize the inverse. The 

main feature of the lifting wavelet transform is that it provides an entirely spatial domain interpretation of the trans-

form, as opposed to the traditional frequency domain based constructions [13]. 

However, In LWT, the shift-invariance, which is desirable in many image applications such as image enhance-

ment, image denoising and fusion, is not ensured because of the split step. In order to obtain the LSWT which pos-

sesses the shift-invariance, the method of literature [15] is adopted in this paper. 

In LSWT, the split step is discarded. Assuming 
lP and 

lU represent the prediction and update operator of the 

LSWT at level l , respectively. The initial prediction operator 
0P  and update operator 

0U  can be obtained once 

M  and N  are determined, where ;1,,1,0},{ 00  MmpP m  1,,1,0},{ 00  NnuU n  ( M and N  

are the length of 
0

mp  and 
0

nu , respectively), 
0

mp  and 
0

nu  denote the coefficients of 
0P  and 

0U , respectively. 

The coefficients of 
lP  and 

lU  are designed by padding 
0P and 

0U with zeros [6, 15]. The prediction coeffi-

cients and update coefficients at level l  in LSWT are expressed as follows: 
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The decomposition results of an approximation signal la   at level l via lifting stationary wavelet are expressed 

by following equations. 

                              l

l

ll aPad 1

1



  , 1

1

1 



  l

l

ll dUaa                            (3) 

Where 1ld  and 1la are detail signal and approximation signal of la  at level 1l . 

The reconstruction procedure of LSWT is directly achieved from its forward transform, which is expressed as 

below. 
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The forward and inverse transform of LSWT is shown in Fig.1. 

 

Fig.1 The forward and inverse transform of LSWT. 

The above lifting implementation is purely one dimensional signal. For two-dimensional image, it can be 

processed line by line during implementation. In two-dimensional separable extension of the above filter bank the 

image is first processed horizontally (or vertically) and then processed vertically (or horizontally) to obtain four sub-

band images. So the LSWT can be used in image fusion like the DWT. Compared with the DWT, LSWT does not 

downsample and upsample the high-pass and the low-pass coefficients during the decomposition and reconstruction of 

the image. So, the LSWT not only retains all the perfect properties of the LWT and DWT, but also possess the 

shift-invariance. When LSWT is introduced to image fusion, more information for fusion can be obtained. In addition, 

the size of different sub-images is identical, so it is easy to find the relationship among different subbands, which is 

beneficial for designing fusion rules [7]. Therefore, the LSWT is more suitable for image fusion. 

3 Orientation information measure 

In MSD-based image fusion algorithms, almost schemes apply the fusion rules to multiresolution coefficients di-

rectly. It is worth noting that much of the noise is also related to high frequencies. This noise may cause miscalcula-

tion of the sharpness values, which in turn, degrade the performance of image fusion. Just as literature [17] demon-

strate that the orientation information measure can represent edge information, and it is insensitive to noise. So, it can 

distinguish edge structures from noise, effectively. In order to improve the robustness of the fusion algorithm to the 
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noise, we believe it will be reasonable to introduce the orientation information measure into image fusion field. 

 

Fig2. Analysis window of orientation information measure. )12)(12(  xy  is the extent of the analysis window, l is the line 

through the pixel ),( ji , AL  is the left side of the line and AR is the right of the line. 

If we use ),( jiI to denote the gray value of pixel in the neighborhood window centered at ),( ji . The orienta-

tion information measure in the window at coordinate ),( ji is defined as 
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AL , AR ,   are illustrated in Fig.2. 

From Eqs.(5)-(7), we can conclude that if pixel ),( ji is located in the edge region, d  gets the maximum value 

when l  is in the direction of edge, and get the minimum value when l  is in the direction orthogonal to the local 

edge, and ),( jiM  is larger than other regions pixels because there are sharp intensity transitions between two sides 

of edge; if pixel ),( ji  is located in the smooth region, d  is relatively small no matter which direction l  is in, 

because pixels value in the smooth region are approximately the same. That means ),( jiM  is relatively small, too. 

When pixel ),( ji  is located at the texture region and the size of analysis window is larger, ),( jiM  is smaller, 
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because regular patterns are dominant. When the size of the analysis window is relatively small, ),( jiM  is larger, 

because the regular patterns are not stronger than edges. From a statistical view, noise in the two sides of line l  has 

the same distribution and is no directional no matter which direction l  is in. Therefore, the value of ),( jiM is in-

sensitive to noise. That is why the orientation information measure of pixel can restrain the influence of noise effec-

tively.  

  From the above analysis we can draw that the orientation information measure can sharpen the important struc-

tures of images while weakening noise. Therefore, it can distinguish edge structures from noise effectively. In order to 

improve the robustness of the proposed fusion algorithm to the noise, the orientation information measure is intro-

duced into image fusion field to distinguish the edge structures from noise in our proposed fusion method.  

4 The proposed fusion algorithm 

A good image fusion algorithm should preserve all the salient features of source images and introduce as less ar-

tifacts or inconsistency as possible. In addition, the fusion algorithm should be reliable and robust to imperfections 

such as noise. Orientation information measure represents edge and texture feature. It can distinguish edge structures 

from noise effectively. According to this property, we develop a novel multifocus image fusion scheme to incorporate 

the merits of orientation information measure into the image fusion technique.  

Apart from the LSWT and orientation information measure discussed in the above section, fusion rules, namely, 

selection principles for different subband coefficients are another important component in our proposed fusion me-

thod. In contrast to the traditional MSD-based image fusion schemes, the fusion rules of the proposed fusion method 

are designed based on the orientation information instead of the LSWT coefficients (named the fusion algorithm as 

'LSWT-Ori-based'). So our proposed fusion method can be fairly resistant to the noise influence. 

The following work presented in this paper is concerned with a design of novel fusion rules for the low frequen-

cy subband coefficients and the high frequency subband coefficients, respectively. Throughout this work, all the input 

source images must be registered as a prerequisite in order to align the corresponding pixels. Take an example of fus-
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ing two images, the selection principles for different subband coefficients are given in the following section. 

4.1 Selection of low frequency subband coefficients 

The coefficients in the coarsest scale subband represent the approximation component of the source image. It in-

cludes most of the background information. The simplest way is to use the conventional averaging method to produce 

the composite coefficients. However, this will lead to undesirable side effects such as reduced contrast. To improve the 

fused image quality, a clarity measure should be defined to determine which coefficients of the low frequency sub-

bands are in focus. And coefficients with greater values of the measurements are considered from focus regions, and 

then the corresponding coefficients are selected as the low frequency subband coefficients of the fused image.  

For multifocus image fusion, many typical clarity measurements, namely focus meaurements, e.g. variance, 

energy of image gradient(EOG), tenengrad, spatial frequency (SF), energy of image Laplacian (EOL), and 

sum-modified-Laplacian (SML) [8,19,20] are compared in literature [3]. They all measure the variation of pixels. Pix-

el with greater values of these measurements, when source images are compared with each other, are considered from 

the focus parts and selected as the pixels of the fused image. According to the literature [3] we know that the 

Sum-modified-Laplacian can provide a better performance than SF, EOG and EOL in fusing multifocus images. So, 

we can use SML as the measure of image clarity to select coefficients from the clear parts of source images. In order 

to restrain the noise influence and select the coefficients of the fused image from the focused regions properly, a new 

sum-modified-Laplacian (NSML) of image is developed in this paper. 

The complete expression of modified Laplacian (ML) and NSML based on orientation information measure are 

shown in Eqs. (8) and (9), respectively: 

),(),(),(2),(),(),(2),( stepjiOIstepjiOIjiOIjstepiOIjstepiOIjiOIjiML   (8) 

                        
2)],()[,(),( bjaiMLbaWjiNSML

a b

l                           (9) 

where 'step' is the variable spacing between the pixels while computing the derivatives. ),( jiOI denotes the coeffi-
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cient of the orientation information of low frequency subband coefficient located at ),( ji , lW  is a template whose 

size is relatively small, and must satisfy the normalization rule 1),(   baW
a b l . In this paper 'step' always 

equals 1 and the template size is 33 . In order to highlight the center pixel of the window, a weighted template is 

used, which is given as: 
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(a)         (b)         (c)          (d)         (e)           (f)          (g)        (h) 

Fig.3. 'Clock' multifocus image and they are low frequency information. (a) and (b) are the multifocus image pairs, (c) and (d) are the low 

frequency subimages, (e) and (f) are the orientation information of (c) and (d). (g)— (h) NSML of (e) and (f). 

Figs.3 (a) — (h) show the 'clock' multifocus images, the low frequency subimages, their orientation information 

and NSML information. From Fig.3 we can find that NSML can effectively represent the salient features of the low 

frequency subband images, and larger value of NSML means more detail information. So pixels with higher NSML 

values are more likely to correspond to important visual information, and then the pixels are more possible in focus. 

On the other hand, if a local region is smooth and without sharp edges, the NSML is relatively small. So, it is reasona-

ble to utilize NSML as the measurement to select coefficients from the clean parts of source images. 

Suppose the source images A and B are decomposed by LSWT, ),( jiI K

L  and ),( jiI K

F  denote the low fre-

quency coefficients of the source images L,(L=A,B) and the fused image F which are located at ),( ji  in the K -th 

decomposition level, respectively. And ),( jiNSMLK

L denotes the NSML measurement of ),( jiI K

L . The proposed 

NSML-based fusion rule of the low frequency subband can be described as follows: 
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It means that coefficients with maximum NSML measurement are selected as the coefficients of the fused image when 
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NSML are compared in low frequency subbands. For simplicity, we name this fusion rule as 'NSML-max' rule in this 

paper. 

4.2 Selection of high frequency subband coefficients 

The coefficients in the high frequency subbands represent the detailed component of the source image. In tradi-

tional multiresolution fusion algorithm, the multiresolution coefficients with larger absolute values are considered as 

sharp brightness changes or salient features in the corresponding source image, such as the edges, contours, and object 

boundaries, and so on. Thus, for the high frequency subband coefficients, the most commonly used selection principle 

is the 'coefficient-absolute-maximum-choosing' scheme (simplified 'Coef-abs-max') without taking any consideration 

of low frequency coefficients, that is, all the information of the low frequency subband is neglected. 

Furthermore, in many practical applications, images are often distorted by noise during acquisition or transmis-

sion. But almost all the MSD-based image fusion algorithms are designed to transfer the high frequency information 

from the input images to the fused image. It is worth noting that much of the image noise is also related to high fre-

quencies and may cause miscalculation of sharpness value. As a result, the fused images obtained by these methods 

are noisier than the source images, and the performance can be degraded. To make up for the deficiencies of tradition-

al MSD-based image algorithms, in our proposed method, after decomposing the original images using LSWT, we 

design a new image fusion rule based on orientation information measure. 

According to physiological and psychological research, HVS is highly sensitive to the local image contrast level. 

To meet this requirement, Toet and Ruyven developed the local luminance contrast in their research in contrast pyra-

mid [9]. It is defined as 

                                     

BB

B

L

L

L

LL
R







'

                                     (11) 

where 
'L denotes the local gray level, BL is the local brightness of the background and corresponds to the low fre-

quency component. In most case, L  was taken as the high frequency component. 
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Now, many different forms of contrast have been proposed for multimodal image fusion based on this idea and 

provide a better performance than the 'Coef-abs-max' scheme [5, 7, 16]. However, in those contrast measurements, the 

value (or the absolute value) of a single pixel of the high frequency subbands in MSD domain is used as the high fre-

quency component. In fact, the value (or the absolute value) of a single pixel is very limited in determining which 

pixel is from the clear part of subimages. So, a pure use of the value (or absolute value) of a single pixel as the high 

frequency component is not ideal. For multifocus images, pixels (or coefficients) with high variation are considered 

from clear parts and can be selected as the pixels of the fused image. From above discussed, we know that SML can 

measure the variation of pixels and can effectively represent the salient features of image. We believe it will be more 

reasonable to employ features such as SML of the high frequency subbands to replace the single pixel in traditional 

contrast measurement. 

If we use ),(, jiHSML kp )2,1( Kk   to denote the sum-modified-Laplacian of the high frequency subband 

located at ),( ji  in the p -th direction and k -th scale. The feature contrast ),(, jiR kp
 is defined as 

                              
),(

),(
),(

,
,

jiI

jiH S M L
jiR
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kp
kp                                      （12） 

Where 
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 （14） 

The ),( jiI k
 denotes the low frequency coefficients located at ),( ji  in the k -th scale, ),(, jiI kp

 denotes the 

high frequency coefficients located at ),( ji  in the k -th scale and p -direction, and hW  is a template of 

size 33 . In this paper a weighted template based on city-block distance is used, which is 



















121

242

121

16

1
),( baWh . 

In order to improve the robustness of the contrast to the low frequency subband noise, the feature contrast can be 
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modified as 
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Where 
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),(                           (16) 

In equation (16), the local area size nm may be 33  or 55 . In practice, to reduce the computation com-

plexity 
kI  can be substituted with the coarsest low frequency subband image

KI . 

In order to make up for the deficiencies of the traditional MSD-based image fusion algorithm, which design the 

fusion rule based on the high frequency subbands directly, and improve the robustness of the fusion algorithm to the 

noise, a new selection principle for high frequency subband coefficients is proposed based on the orientation informa-

tion measure. In contrast to traditional MSD-based fusion methods, we design the fusion rule of the high frequency 

subbands based on the orientation information instead of the LSWT coefficients. According to the formulae (15), the 

orientation information feature contrast can be calculated as 
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Where 
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)1,()1,(),(2),1(),1(),(2),( ,,,,,,,  jiOIjiOIjiOIjiOIjiOIjiOIjiOML kpkpkpkpkpkpkp
(19) 

In Eqs. (17) and (18), ),(, jiOSL kp
denotes the new sum-modified-Laplacian of orientation information of the high 

frequency subbands at k -th scale, p -th direction and location ),( ji , and ),(, jiOI kp
is orientation information of 

high frequency subbands located at the same position. 



 

 

14 

      

(a)             (b)              (c)             (d)             (e)              (f) 

Fig.4 ‘Clock’ high frequency subimages, orientation information and the feature contrast. (a) and (b) are one high frequency subimages of 

Figs.3 (a) and (b), (c) and (d) are the orientation information of Figs.4 (a) and (d), (e) and (f) are the feature contrast of (c) and (d). 

Fig.4 shows the high frequency subimages and their orientation information feature contrast. From Fig.4 we can 

find that the feature contrast of orientation information can effectively represent salient features and sharp boundaries 

of image. When the local orientation information feature contrast at the same position from two source images are 

compared with each other, pixel with larger value of this measurement means more high frequency information, and 

then the pixel is more possible located at the focused region. So, we can select the coefficients of the fused high fre-

quency subimages according to the orientation information feature contrast. 

Now, the proposed selection principle for the high frequency subband coefficients can be finally defined as 
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Where  ),(, jiI kp

F  denotes the coefficient of the high frequency subband of the fused image F at k -th scale, p -th 

direction and location ),( ji . 

The proposed merging scheme of the high frequency subband coefficients, defined by Eq.(20), can not only ef-

fectively represent the salient features and sharp boundaries of image, and extract more useful detail information from 

source images and inject them into the fused image, but also effectively avoid the noise influence because of the 

orientation information measure is insensitive to noise. So, the robustness of fusion algorithm to noise can be im-

proved. For simplicity, we name this fusion rule as 'Ori-con-max' in this paper. 

4.3 Fusion steps 

Fig.5 shows a schematic diagram of the proposed image fusion scheme based on the orientation information 

measure. The algorithm consists of following steps: 
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(1) Decompose the registered source images A and B, respectively, into one low frequency subband and a series of 

high frequency subbands via LSWT. 

(2) Measure the orientation information as (5) in slipping window of coefficients in each subband. 

(3) Select fusion coefficients for the low frequency subband and each high frequency subbands from A and B ac-

cording to the proposed selection principles, namely, fusion rules.  

(4) Apply the inverse LSWT to the above fused coefficients and thus obtain the fused image F. 

 

Fig.5. Schematic diagram of LSWT-Ori-based fusion algorithm. 

5 Experimental results and analysis 

To evaluate the performance of the proposed fusion method, several experimental results are presented in this 

section. Experiments are performed on four sets of 256-level images: clean 'Pepsi' (of size 512512 ), clean 

'Flower' (of size 512384 ) , clean 'Barb' (of size 512512 ) and noisy 'Pepsi' (of size 512512 ). All of these 

images are shown in Figs. 6 (a)－(h), respectively.  

        

(a)         (b)          (c)           (d)           (e)         (f)         (g)        (h) 

Fig.6 Source images for multifocus image fusion. (a) and (b), (c) and (d) are the multifocus clean image pairs, (e) and (f) are the multifo-

cus noisy images which have been additionally corrupted with Gaussian noise, with standard deviation 1.0 , respectively, (g) and 

(h) are the texture images with blur at the left and the right, respectively. 

In order to show the advantage of the new image fusion method, we establish three steps to demonstrate that the 

proposed image fusion method outperforms other fusion methods. Firstly, the 'Ori-con-max' rule is compared with 
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'Coef-abs-max', the ‘traditional local contrast maximum choosing' scheme [7] (simplified 'Tra-con-max'), and our 

proposed 'local-feature-contrast-maximum-choosing' scheme (simplified 'Fea-con-max' rule), to demonstrate the per-

formance of the feature contrast of orientation information in fusion multifocus clean images and noisy images. For 

'Tra-con-max', the absolute value of a single pixel of high-pass subband coefficients is directly used as the high fre-

quency component in contrast measurement. And the proposed 'Fea-con-max' rule is designed according to Eq.(15). 

Secondly, the proposed image fusion algorithm is compared with the following eight image fusion methods.  

Methods 1 and 2: The DWT-simple-based method and the LSWT-simple-based method, in all of which the low 

frequency subband coefficients and the high frequency subband coefficients are simply merged by the 'averaging' 

scheme and the 'Coefs-abs-max' scheme, respectively. 

Method 3: To demonstrate the performance of NSML measurement, the 'NSML-max' scheme and the 

'Coefs-abs-max' scheme are respectively used to merge the low frequency subband coefficients and the high frequency 

subbands coefficients in LSWT domain. 

Method 4: The 'NSML-max' scheme and ‘Tra-con-max’ scheme are used to merge the low frequency subband 

coefficients and the high frequency subband coefficients in LSWT domain, respectively, to show the performance of 

‘Tra-con-max' fusion rule.  

Methods 5 and 6 are the image fusion methods of literatures [6] and [5], respectively, and method 7 is the space 

domain-based method, which has been proved very effective for multifocus image fusion [21]. 

In these methods, the 'db5' and the 'db53' wavelet are respectively used in methods 1－5 and our proposed me-

thod. Four decomposition scale levels are used in the seven methods, and all of these methods are first used to fusion 

the multifocus clean images. Finally, multifocus noisy images are fused by the above eight different image fusion me-

thods (including our proposed method). All the experiments are implemented in Matlab7.01 and on AMD Athlon(tm) 

2.4-GHz with 2-G RAM. 
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5.1 Comparison of activity-level measurements in LSWT domain 

In this section, we will show the performance of the proposed feature contrast measurement. In order to demon-

strate the advantages of the new measurement, 'Ori-con-max' and 'Fea-con-max' are compared with 'Tra-con-max' and 

'Coef-abs-max' on high frequency subband in LSWT domain. 

Figs .7(a)－(d) show the high frequency subimages of the labeled region of Figs.6 (a) and (b), (e) and (f) in 

LSWT domain. One can see that the values of coefficients in clear part are greater than those of blurry part, even 

though the source image in a noisy environment. That is why typical 'Coef-abs-max' is used in traditional MSD-based 

fusion algorithms. 

        

(a)         (b)         (c)         (d)         (e)          (f)         (g)         (h) 

        

(i)         (j)         (k)          (l)         (m)         (n)         (o)         (p) 

Fig.7  Comparison of Coef-abs-max, Tra-con-max, Fea-con-max, and Ori-con-max rules.(a)and(b) ,(c) and (d) are one high frequency 

subbands of the labeled part in Figs.6(a) and (b), Figs.6(e) and (f). (e) and (f), (g) and (h) are the orientation information of the Figs.7(a) 

and (b), Fig.7 (c) and (d), respectively; (i)－(l) are decision maps of Coef-abs-max, Tra-con-max, Fea-con-max, and Ori-con-max rules, in 

fusion (a)and(b). (m)－(p) are decision maps of Coef-abs-max, Tra-con-max, Fea-con-max, and Ori-con-max rules, in fusion (c) and (d). 

 Figs.7(e)－(h) show the orientation information of Figs.7 (a)－(d), respectively. Figs.7(i)－(l) are the decision 

maps of Coef-abs-max, Tra-con-max, Fea-con-max, and Ori-con-max rules in fusion Figs.7(a) and (b), in which the 

coefficients selected from the image in Fig.7 (b), are represented by white color, whereas the coefficients from Fig.7 

(a) are represented by black color. Since labeled part of Fig.6 (b) is clearer than that of Fig.6 (a), the optimal decision 

map should be in white color in the whole decision map, which means all coefficients should be selected from Fig.7 

(b). However, the decision maps of 'Coef-abs-max' and 'Tra-con-max', shown in Figs.7 (i) and (j), indicate these rules 

do not select the coefficients from the clear part completely even though the 'Tra-con-max’ shows better performance 

than 'Coef-max'. And Figs.7 (k) and (l) indicate that the proposed feature contrast measurement is more reasonable 
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than the traditional contrast measurement which is defined in [7]. It is proven that applying features such as HSML to 

the contrast instead of the absolute value of pixel of the high frequency is more reasonable and further conform to the 

HVS characteristics. 

Figs.7 (m)－(p) are the decision maps of Coef-abs-max, Tra-con-max, Fea-con-max, and Ori-con-max rules in 

fusion Figs.7 (c) and (d), in which the white color indicates that coefficients are selected from Fig.7 (d), otherwise 

selected from Fig.7 (c). From these we can see that the proposed 'Ori-con-max' do well in fusion of the multifocus 

noisy images. All of these demonstrate that the proposed feature contrast of the orientation information measure is 

reasonable, and the fusion rule based on it can select the coefficients of the fused image properly even though the 

source images are in a noisy environment. 

  The results of objective assessment are shown in Fig.8 and Fig.9. In Fig.8, 'From a' and 'From b' denote the 

number of pixels that come from Fig.7 (a) and Fig.7 (b), respectively. Obviously, the proposed activity-level mea-

surement is superior to others because the number of pixels come from Fig.7 (b) is the largest. As a result, the fused 

image is closer to the good-focus images when using our proposed fusion rule rather than using ‘Coef-abs-max’ and 

‘Tra-con-max’, when the source images are noise-free. From Fig.9, similar conclusion can be drawn that the proposed 

measurement outperforms the traditional contrast measurement when the source images are in a noisy environment. 

      

Fig.8.Performance of different fusion rules when                 Fig.9 Performance of different fusion rules when 

           the source image is clean.                                the source images are in a noisy environment. 

5.2 Fusion of clean multifocus images 
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In this section, the experiment is performed on three pairs of multifocus clean images, which shown in Figs.6 (a) 

and (b), Figs.6 (c) and (d), and Figs.6 (g) and (h), respectively. For further comparison, besides visual observation, 

two objective criteria are used to compare the fusion results. The first criterion is the mutual information (MI) [22]. It 

is a metric defined as the sum of mutual information between each input image and the fused image. The second crite-

rion is Q
AB/F

 [23] metric, proposed by Xydeas and Petovic, which considers the amount of edge information trans-

ferred from the input images to the fused image. This method uses a Sobel edge detector to calculate strength and 

orientation information at each pixel in both source and the fused images. For both criteria, the larger the value, the 

better is the fusion result. 

        

(a)         (b)          (c)          (d)         (e)          (f)          (g)          (h) 

             

(i)          (j)          (k)         (l)          (m)          (n)          (o)         (p) 

        

    (q)         (r)           (s)          (t)           (u)         (v)          (w)         (x) 

Fig.10 The 'Pepsi' multifocus image fusion results: (a)－(h) Fused images using methods 1-7 and the proposed method, respectively. (i)－

(p) Difference images between Figs.10 (a)－(h) and Figs.6 (b), (q)－(x) are the parts of the labeled regions of Figs.10 (i)－(p). 

The first experiment is performed on one set of perfectly registered multifocus source images. As shown in 

Figs.6 (a) and (b), each image contains multiple objects at different distances from the camera. The focus in Fig.6 (a) 

is on the ‘Pepsi Can’; while in Fig.6 (b) is on the card. The fusion results obtained by the above different methods are 

shown in Figs.10 (a)－(h). For a clearer comparison, the difference images between the fused images, which are fused 

results using methods 1－7 and our proposed method, and the source image in Fig.6 (b) are given in Figs.10.(i)－(p). 

To make better comparisons, Figs.10 (q)－(x) illustrates parts of the labeled regions of Figs.10 (i)－(p). For the fo-
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cused regions, the difference between the source image and the fused image should be zero. So the lower residue fea-

tures in the difference images means the better the fusion method transfer features of source images to fused image. 

Focusing on the images of Figs.10 (q) and (r), one can obviously find that the fused image obtained by the LSWT 

method (method 2) is clearer than the DWT fused result. It is proven that shift-invariant method can overcome the 

pseudo-Gibbs phenomena successfully and improve the quality of the fused image around edges. Figs.10 (s) indicates 

that the proposed fusion rule of the low frequency subband is more reasonable and useful in fusion multifocus clean 

image when compared with the 'averaging' fusion scheme. From Figs.10 (t), (u), (v) and (w) we can find that the me-

thods 4－6 do not extract almost all the useful information of the source images and nor transfer it to the fused im-

ages. And the method 7 produces the block effect, which significantly compromise the quality of the fused image. 

However, from Fig.10 (x) we can find that almost all the useful information of the source images has been transferred 

to the fused image, and meantime, fewer artifacts are introduced during the fusion process. All of these not only dem-

onstrate that the proposed feature contrast is more reasonable and useful than the traditional contrast, but also reflect 

that the proposed image fusion method is the best compared with others. From Fig.11, and the texture images fusion 

results, as shown in Fig.12, the same conclusion can be drawn that the proposed method outperforms the traditional 

image fusion approaches.  

        

(a)         (b)          (c)         (d)         (e)          (f)          (g)         (h) 

        

(i)          (j)         (k)          (l)          (m)         (n)          (o)         (p) 

        

(q)         (r)           (s)          (t)          (u)         (v)          (w)         (x) 

Fig.11 The 'Flower' multifocus image fusion results: (a)－(h) Fused images using methods 1－7 and the proposed method, respectively. 

(i)－(p) Difference images between Figs.11(a)－(h) and Fig. 6 (d), (q)－( x) are the parts of the labeled regions of Figs.11(i)－(p); 
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(a)          (b)         (c)           (d)         (e)           (f)         (g)          (h) 

        

(i)         (j)          (k)          (l)          (m)         (n)          (o)          (p) 

        

(q)          (r)          (s)         (t)          (u)          (v)         (w)           (x) 

Fig.12 The 'Barb' texture images fusion results: (a)－(h) Fused images using methods 1－7 and the proposed method, respectively. (i)－

(p) Difference images between Figs.12(a)－(h) and Fig. 6 (g), (q)－( x) are the parts of the labeled regions of Figs.12 (i)－(p); 

Table 1 Performance of the different fusion methods on processing Figs.6 (a) and (b), Figs6. (c) and (d), Figs.6 (g) and (h). 

Image Criteria Method 1 Method 2 Method 3 Method 4 Method 5 Method 6  Method 7 
Proposed 

method 

 

Pepsi 

MI 6.4731 6.7830 7.0852 7.1386 7.2203 7.1611 8.4314 7.3389 

QAB/F 0.7353 0.7589 0.7652 0.7679 0.7620 0.7702 0.7831 0.7725 

Time/s 3. 9100 6.0040 10.0340 12.7760 130.7747 860.3680 217.5790 172.7350 

 

Flower 

MI 5.0186 5.4028 5.4969 6.1276 6.2655 6.0362 7.9346 6.6293 

QAB/F 0.6639 0.6933 0.6924 0.7036 0.7041 0.7035 0.7190 0.7146 

Time/s 2.9300 4.8100 8.5010 10.8300 83.1200 621.6010 156.3720 106.7450 

 

Barb 

MI 6.1001 6.3528 6.6091 6.6290 7.5102 7.0090 7.8716 7.6765 

QAB/F 0.7581 0.7696 0.7715 0.7718 0.7801 0.7763 0.7855 0.7828 

Time/s 3.8200 6.0017 10.0290 12.6500 124.6260 855.0810 204.5680 158.8100 

Furthermore, the values of objective criteria on MI, Q
AB/F

 and the execution time of Figs.10 (a)—(h), Figs.11 (a)

—(h) and Figs.12 (a)—(h) are listed in Table 1. From Table 1 we can find that, as the modified version of the LWT, 

LSWT consumes more time than DWT, that because LSWT possess the shift-invariance and need to process more 

dates of the image during the fusion process. Moreover, we observe that the fused images by method 7 provide the 

best objective criteria in terms of MI and Q
AB/F

. However, the execution time is larger compared with methods 1—5 

and our proposed method. And the fused images of method 7 present block effect, this effect severely reduce the qual-

ity of the fused images. As we know, the fused images are always used to serve the human and machine perceptions or 
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medical and microscopic imaging, et al; and the block effect is fatal to the application of the fused images. By consi-

dering the visual appearance, objective evaluation results and the execution time, our proposed method is the best one.  

5.2 Fusion of noisy multifocus images 

In order to evaluate the performance of the proposed method in a noisy environment, the input multifocus images 

'pepsi', as shown in Figs.6 (e) and (f), have been additionally corrupted with Gaussian noise, with standard devia-

tion 1.0 , respectively. 

In the following experiment, since reference (every where-in-focus) image of the scene under analysis is not 

available, performance comparison of the proposed method cannot be made using mean square error (MSE). There-

fore, image fusion performance evaluation measures which do not require the availability of an ideal image have to be 

employed. For comparison, besides visual observation, objective criteria on MI and Q
AB/F

 are used to evaluate how 

much information and edge information of the source clean images contained in the fused images. However, the ob-

jective criteria on MI and Q
AB/F

 cannot evaluate the performance of these fusion methods in terms of the input/output 

noise transmission. For further comparison, the improvement in terms of Peak Signal to Noise Ratio (PSNR), pro-

posed by Artur Lozais in [24], is adopted to measure the noise change between the fused image and source noisy im-

ages. Let 
2

, fn denotes the noise variance in the fused output, the improvement in terms of Peak Signal to Noise Ratio 

(PSNR) is formulated as: 
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,

2
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                      (21) 

The noise variances 
2

n  of the input image can be estimated according to [25]. For the criteria of PSNR , the 

larger the value, the less noise of fused image is introduced from the original noisy image, and the better is the fusion 

result.  
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(a)          (b)         (c)           (d)         (e)           (f)         (g)          (h) 

        

(i)          (j)          (k)         (l)           (m)          (n)         (o)          (p) 

Fig.13  The noisy 'Pepsi' multifocus image fusion results:(a)－(h) Fused images using methods 1－7 and our proposed method, respec-

tively. (i)－(p) are the parts of the corresponding region of Figs.13(a)－(h). 

Table. 2 Performance of the different fusion methods on processing Fig.6 (e) and (f). 

Criteria Method 1 Method 2  Method 3 Method 4 Method 5 Method 6 Method 7 
Proposed 

method 

MI 1.6133 1.7213 1.7129 1.7556 1.8452 1.9253 2.0606 2.0903 

QAB/F 0.1533 0.1581 0.1626 0.1556 0.1726 0.1855 0.1866 0.1934 

△PSNR -4.2930 -2.3292 -2.3362 -1.7927 -1.0025 0.0861 0.0033 1.0147 

Figs.13(a)－(h) illustrate the fusion results obtained by the above different methods. For a clearer comparison, 

Figs.13 (i)－(p) illustrate parts of the fusion results. By looking at the image examples shown in Figs.13 (i)－(p), we 

can see that the edges information of the fused images, which are fused results using methods 1－4, respectively, are 

immersed into noise. This is all these methods are designed to transfer the high frequency information from the input 

images into the fused images. It is worth noting that much of the image noise is also related to high frequencies. As a 

result, the fused images obtained by these methods are more noisy than the source images as can be seen from 

Figs .13 (i)－(l). From Fig.13 (m) we can see that the method 5 can reduce the noise level to some extent, but the 

edges information of the fused image is less clear compared with Figs.13 (n), (o) and (p) which are fused by the me-

thod 6, 7 and our proposed algorithm, respectively. The quantitative results of the MI, Q
AB/F

 and △PSNR  value for 

different image fusion methods are given by Table.2. From Table.2 we observe that different fusion methods appear to 

provide different image fusion performance and the proposed scheme provides the best performance and outperforms 

other six fusion algorithms in terms of larger MI, Q
AB/F

 and △PSNR quality. So, we can infer that the proposed im-
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age fusion method is more reliable, robust and stable than the above different image fusion algorithms. 

6 Conclusions 

In this paper, a new multifocus image fusion algorithm is proposed in LSWT domain. In the proposed algorithm, 

a novel feature contrast, which stands for edge features in high frequency subimages in LSWT domain, is developed 

based on the orientation information measure and used as the focus measurement to select the coefficients from the 

clarity parts of the high frequency subbands. Numerous experiments on evaluating the fusion performance have been 

made and the results show that the proposed method has practical meaning. It outperforms the traditional image fusion 

methods both in visual effect and objective evaluation criteria even in the case of noise. Undoubtedly, all of these 

demonstrate that the proposed method is a successful fusion method. 
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