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Abstract 

Image fusion has been an import research field in image processing. It can be applied to 
many tasks, such as surveillance, photography, medical diagnosis, etc. As a significant 
part of image fusion, many scholars have done a lot of research on multi-focus image 
fusion in this field in recent years. Multi-focus image fusion usually uses fusion rules to 
fuse two or more images with the same scene information in different focusing situations. 
Meaningful images are called full-focus images because full-focus images have more 
information and are more suitable for human visual perception system. In this paper, we 
present a novel method for multi-focus image fusion based on Laplacian eigenmaps 
dimension reduction in non-subsampled contour transform (NSCT) Domain. Firstly, we 
decompose the source images by using NSCT, and then its high frequency and low 
frequency subbands in different directions can be obtained. Futhermore, we design 
different fusion strategies for high frequency subbands by using the laplacian eigenmaps 
(LE) based on sliding window to generate the weight map. For low frequency subbands, 
we employ gray level co-occurrence matrix techniques to fusing them. In the end, the 
inverse NSCT transformation is used to get the final fusion result. Experimental results 
show that this method is satisfactory when compared with other popular fusion 
algorithms both subjectively and objectively. After processing, the fused image has clear 
edges, good visual effect and sharpness. 
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1. Introduction 

Image is the basic information provided by human vision, and is also an important carrier of 

information. Image fusion technology is composed of original image information obtained from 

various sensors by information processing method [1]. Fused image combined with the characteristics 

of the original image, can comprehensively and efficiently respond to the various characteristics of 

the target object, with a high image information utilization rate [2]. Image fusion technology has been 

studied by many researchers [3-5]. For example, Liu et al. proposes an general image fusion algorithm 

combining multi-scale transform (MST) and sparse representation (SR), which complements the 

advantages of MST and SR to improve the fusion quality [6]; Zhu et al. presents a new type of 

dictionary learning method in the multi-modality medical image fusion field [7]; Zhu et al. presents 

a method based on phase coincidence and local Laplacian energy calculation for mult-modal images 

[8]. As a significant part of image fusion tasks, image fusion for multi-focus image has attracted 

extensive attention from scholars at home and abroad. Therefore, this paper commits to the research 

of multi-focus image fusion. In the light of the principle of convex lens imaging, the optical lens in 

many cameras and other equipment generally has a limited depth-of-field (DoF). Objects in the depth 
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of field are clear, while objects outside the depth of field are blurred. A group of partially focused 

images are fused into a image that is focused everywhere, which is multi-focus image fusion.  

In recent years, many experts have presented different algorithms to improve the quality of multi-

focus image fusion technology. Depending on the difference of the fusion domain, these methods can 

be generally grouped into two broad categories: transform domain methods and spatial domain 

methods [9]: The algorithm based on transform domain usually decomposes the source image through 

the transform domain, so as to complete the fusion task more effectively [10]. The two important 

factors that affect this algorithm are the different decomposition methods of transformation domain 

and the choice of various fusion strategies [11,12]. The representative methods include pyramid 

decomposition [13], wavelet decomposition [14,15], discrete wavelet transform (DWT) [16], and 

shearlet transform [17], etc. The results of most transform domain methods show that these algorithms 

can produce relatively stable fusion results, but their computational complexity is relatively high [18]. 

Unlike the transform domain based method, this kind of spatial domain algorithms apply the fusion 

rules straightly to the original image depending on the sharpness index or other focus measurement 

information, and the original information of the image is less lost [19]. These methods can be further 

divided into three categories, which are namely pixel-based, region-based and block-based. And they 

deal with pixels, regions or image blocks respectively. The simplest processing method is pixel 

averaging. For the pixel-based methods, the pixels at the corresponding position in the source images 

are averaged to generate fusion image, which can result in an unexpected situation that some 

information such as brightness would be lower. Meanwhile, there would be block-effect in the images 

after fusion using block-based methods, would suffer from blocking effects. Besides, Traditional 

spatial domain fusion methods based on regions also had the problems of region division error [20], 

which resulted to artifacts in the fused image [21-23]. 

Recently, due to the emergence of a large number of machine learning algorithms, some multi-focus 

image fusion algorithms using machine learning are put forward in large numbers, where there are 

more efficient fusion performance can be achieved [24-26]. In this kind of fusion algorithms, the 

machine learning model usually learns and trains by the focus characteristic feature information of 

the input source images to obtain score maps. Then, the score graph is refined to get a better 

consistency decision map. But at the same time, these methods will also appear too complex training 

process, and even appear the problem of over-fitting. On the other hand, there are more and more 

ways to combine some transformation domains with spatial domains. These approaches combine 

different domains and preserve the benefits of each. Lately, some representative fusion methods 

combining transformation domain methods and spatial domain methods have been used, such as the 

method combining the wavelet transform and Principal Component Analysis (PCA) dimension 

reduction [27,28], a simplified stationary wavelet (SSWT) with two-level decision map based method 

[22], a new conditional random field (CRF) based approach using a combination of different domains 

[29], a robust edge model based framework in multi-focus image fusion using multi-matting [30] and 

so on. 

Inspired by the algorithms based on transformation domain and spatial domain, we propose a novel 

different domains combining algorithm for multi-focus image fusion that uses non-subsampled 

contourlet transform (NSCT) and the Laplacian eigen (LE). Firstly, NSCT is implemented for the 

source images. There is more sparse representation for higher dimensional information in NSCT, and 

NSCT has translation invariance, which makes it difficult for the image to lose important information 

in the decomposition process. After decomposition, images are divided into high frequency subbands 

and low frequency subbands. For high frequency subbands, the laplacian eigenmaps (LE) algorithm 

is used to generate the weight map. Laplacian eigenmaps is a dimension reduction algorithm based 

on graph. It hopes that the points related to each other can be the closest  in the space after dimension 

reduction, so that the original data structure can still be maintained. For low frequency subbands, the 

method based on gray level co-occurrence matrix (GLCM) is used to obtain the fusion subband. The 

energy statistics of GLCM can reflect the uniformity of the gray level distribution and the texture 
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thickness of the image well, and can ensure the quality of fusion. After using fusion rules, the fusion 

subbands of low frequency or high frequency are reconstructed. Finally, the inverse NSCT 

transformation is carried out to generate the final fusion image. 

The rest of the paper is arranged as follows. The proposed method is briefly reviewed in Section 2. 

In section 3, many experiments are carried out to verify the performance of the proposed method. The 

conclusion and future direction of the method are given in section 4. 

2. The Proposed Method 

In this paper, we propose a Laplacian eigenmaps reduction based multi-focus image fusion method  

to solve the problem of detail loss in fused images. The algorithm is a new approach in this field since 

this Laplacian eigenmaps and GLCM are firstly implemented together in image fusion. Firstly, the 

input source image is decomposed by NSCT in the frequency domain. Such multi-scale 

decomposition can reduce the loss of image information and enhance the image fusion effect. The 

number of decomposition layers of NSCT varies by the the size of the input image. In this method, 

the number of decomposition layers we set changes with the size of the source image in the 

experiment. Source images to be processed are left focused image and right focused image. A left 

focused image is one in which the left region of the image is focused and right region is not. The right 

focused image is the opposite. After NSCT decomposition, low frequency subbands and high 

frequency directional subbands are obtained. In this method, Laplacian eigenmaps is used as the 

fusion rule of directional subbands, and all directional subbands of the source image are transformed 

by Laplacian eigenmaps. LE method uses graphs to build the relationship between data. Each vertex 

in the graph represents a pixel of the source image, and the weight of each edge represents the degree 

of similarity between pixels. The more similar, the greater the weight. And LE method can ensure the 

sparsity of the matrix, easier to obtain the eigenvalue. The low-frequency subband after image 

decomposition reflects the approximate features of the source images and concentrates most of the 

information of the source images. The energy features of the gray level co-occurrence matrix can 

reflect the richness of the gray level and information content of the image, so it is used for low-

frequency coefficient fusion. Finally, low frequency subbands and high frequency subbands after 

fusion are transformed inversely. The overall framework of the proposed method is shown by Figure 

1. 

2.1 The Process of Multi-scale Decomposition  

In order to retain as much detail information as possible after image decomposition, we use the non-

subsampled contour transform (NSCT) on the transformation domain to decompose the image. And 

the core of the transformation is the Contourlet [31]. Among various multi-scale geometric analysis 

methods, Contourlet transform is a kind of transformation in high dimensional space, and has the 

same advantages as wavelet, can describe the information in high-dimensional space, so it is suitable 

to deal with information with hyperplane singularity. However, due to the subsampling operation in 

the process of Contourlet transform, it does not have translation invariant type, so NSCT is introduced. 

NSCT decomposition can better preserve the edges and details of the source image, and also reduce 

the generation of errors due to its translation invariance [32,33]. 

There are the Non-Subsampled Pyramid (NSP) and a Non-Subsampled Directional Filter Bank 

(NSDFB) in NSCT. The structure is shown in Figure 2. In this method, scale decomposition and 

direction decomposition are carried out separately. Firstly, the input image is transformed into high-

pass subbands and low-pass part by using NSP (multi-scale decomposition), and then the high-pass 

subbands are decomposed into multi-directional subbands by NSDFB, and the low-pass part is 

decomposed as above.  

In the multi-scale decomposition, NSP and LP characteristics are different. The image is decomposed 

by NSP, which removes the sampling operating, guarantees translational invariance, and minimizes 

the distortion caused by sampling. NSP is NSCT multi-scale tool with translational invariant structure, 

so that information characteristics at different scales can be obtained. NSDFB is a two-channel filter 
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that synthesizes the coefficients of NSCT from the singularities distributed in the same direction. 

NSDFB is non-sampled, which further preserves the translational invariance of the whole 

transformation and reduces distortion. The size of the directional subgraph at each scale is the same 

as that of the original, which allows more detail to be preserved in the NSCT. 

 

Figure 1. The proposed method framework 
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Figure 2. The structure of NSCT 

 

2.2 Design of Fusion Strategy 

In this part, the fusion strategy proposed by us is mainly introduced. Based on the decomposition of 

non-subsampled contour wave in the previous section, the high-frequency and low-frequency 

subband images are obtained. We design appropriate fusion strategies for different subbands.  

2.2.1 High Frequency Subbands Fusion 

The high-frequency part of the image extracts the perceptual information related to the edge, and its 

coefficient values are all around the value of 0, among which the larger value corresponds to the part 

with severe transformation, such as edge, line and regional boundary, etc. In this method, the 

application of Laplacian Eigenmaps [34] to the high frequency subbands. LE constructs the adjacency 

matrix W in the graph to reconstruct the local structural information of the data manifold. The main 

idea is that if the instances 𝑖 and 𝑗 are alike, the 𝑖 and 𝑗 should be closest in the target subspace 

after dimension reduction. Let the number of instances be 𝑛, and let 𝑚 be the dimension after 

dimensionality reduction, which is the final dimension reduction goal. We define a matrix 𝑌 of size 

𝑛 × 𝑚 , where each row vector represents the data instance 𝑖  after dimension reduction. The 

objective function of Laplacian Eigenmaps optimization can be simplified and further formulated [35] 

as 

{
min  𝑡𝑟𝑎𝑐𝑒(𝑌𝑇𝐿𝑌),

𝑠. 𝑡. 𝑌𝑇𝐷𝑌 = 𝐼
                             (2) 

A graph is usually represented by 𝐺(𝑉, 𝐸), and 𝑉  represents vertices {𝑣1, 𝑣2, . . . . . . , 𝑣𝑛} in the 

graph. Then the degree matrix 𝐷 of the graph can be got, and 𝐷 is a diagonal matrix. So we have 

the Laplacian matrix 𝐿 = 𝐷 − 𝑊. Then the characteristics are obtained according to LE dimension 

reduction, where the decision map is obtained. According to the maximization principle of decision 

map, the final fused high frequency subbands are obtained. The formula is denoted by 

𝑊 = {
1,    𝜔𝐴(𝑖, 𝑗) > 𝜔𝐵(𝑖, 𝑗)

0,         𝑜𝑡ℎ𝑒𝑟𝑒𝑙𝑠𝑒        
                          (3) 

𝐿𝐹 = 𝑊 × 𝐿𝐴(𝑖, 𝑗) + ~ 𝑊 × 𝐿𝐵(𝑖, 𝑗)                       (4) 

Where 𝑊  is the decision map generated according to eigenvectors after dimension reduction. 

𝜔𝐴(𝑖, 𝑗) and 𝜔𝐵(𝑖, 𝑗) are respectively the source image and the feature vectors at the position (𝑖, 𝑗) 
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after dimension reduction. 𝐿𝐹 is the fused high frequency subband. Similarly, 𝐿𝐴 and 𝐿𝐵 are the 

high frequency subbands of the source images respectively.  

2.2.2 Low Frequency Subbands Fusion 

Many image fusion algorithms based on contour wave transform simply adopt weighted average 

method or coefficient size selection method for low-frequency coefficient fusion. This method is 

simple to implement and requires little computation, but it cannot guarantee the image fusion quality. 

The energy statistics of gray level co-occurrence matrix (GLCM) can reflect the distribution of image 

gray level well, so we employ the following energy value of GLCM to perform low frequency 

coefficient fusion. We next briefly describe the GLCM based low frequency coefficient fusion Please 

see the more details of gray level co-occurrence matrix in [36]. 

The energy value of GLCM is defined as 

𝐴𝑆𝑀(𝑑, 𝜃) = ∑ ∑ [𝑝(𝑖, 𝑗|𝑑, 𝜃)]𝑗∈Ω
2

𝑖∈Ω                      (9) 

where 𝑝(𝑖, 𝑗|𝑑, 𝜃) is the value of GLCM, and 𝛺 is the selected local window, which is generally set 

as a square window with a length of 5, and d in the GLCM is 5. If the gray level of the image is 

uniform, then the elements of the GLCM have large values, which are concentrated around the 

diagonal, and 𝐴𝑆𝑀(𝑑, 𝜃) value is large, reflecting a rough image texture, otherwise, 𝐴𝑆𝑀(𝑑, 𝜃) 

value is small, and the image texture is fine. The GLCM can calculate the energy values in 4 directions. 

The method selects the average value of the energy values in 4 directions as the activity measure of 

low-frequency fusion as follows: 

𝐴𝑆𝑀 = (∑ 𝐴𝑆𝑀(𝑑, 𝜃))/4                          (10) 

Eq. (10) is used to calculate the energy characteristics 𝐴𝑆𝑀𝐴  and 𝐴𝑆𝑀𝐵  of the GLCM of low 

frequency coefficients 𝐶𝐴
0,𝐷

 and 𝐶𝐵
0,𝐷

. By using Eq. (11) to fuse the low frequency coefficients, the 

fused coefficient is 𝐶𝐹
0,𝐷

. 

𝐶𝐹
0,𝐷 = 𝜔𝐴𝐶𝐴

0,𝐷 + 𝜔𝐵𝐶𝐵
0,𝐷

                          (11) 

where 𝜔𝐴  and 𝜔𝐵  are weighting factors, and 𝜔𝐴 + 𝜔𝐵 = 1 . Then the weighting factors are 

calculated. The two source images are 𝐴 and 𝐵, The correlation coefficient of the corresponding 

area 𝐴𝑘 and 𝐵𝑘 is 𝑟. The relationship between the correlation coefficient and the threshold value 

determines the calculation of fusion image. 

𝜔𝐴 = {

0.5,                                 𝑟𝑘 ≥ 𝑇
0, 𝑟𝑘 < 𝑇 𝑎𝑛𝑑 𝐴𝑆𝑀𝐴 ≤ 𝐴𝑆𝑀𝐵

1, 𝑟𝑘 < 𝑇 𝑎𝑛𝑑 𝐴𝑆𝑀𝐴 > 𝐴𝑆𝑀𝐵

                    (12) 

where if the correlation coefficient 𝑟 is greater than a certain threshold value 𝑇 (set as 0.8 in the 

experiment), the low-pass coefficient in the fused image 𝐹 shall be the mean of the corresponding 

position coefficients of the two source images; otherwise, the weights of the low-pass coefficient of 

the two source images in the fusion image coefficients shall be determined according to the energy 

of the regional GLCM.  

2.2.3 Generating Fusion Image 

After obtaining the final high-frequency subbands and low frequency subband according to different 

fusion rules, the inverse NSCT transformation is used. Finally, the fused image 𝐹 is obtained. 

3. Experiments and Discussion 

In order to effectively and comprehensively evaluate the performance of this algorithm in image 

fusion, this section selects the image fusion technology using super-resolution method (IDSR) [28], 

the method based on phase consistency and local Laplacian energy (PCLLE) [8], the method based 

on multi-scale focus measure and generalized random walk (FMGRW) [37], and the image fusion 

algorithm based on boundary finding (BFMFM) [39]. The experimental results of all images are 

shown in Table 1. 
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Table 1. The Quality Metrics of The Experience Images 

Images FMI SF STD VIFF 

Balloon 11.1809 13.9068 71.9450 0.9970 

Book 9.4509 19.8807 72.1202 0.9368 

Calendar 8.4058 20.5826 74.0866 0.9221 

Clock 8.5584 7.0961 72.5814 0.9158 

Corner 8.6743 16.1498 72.6042 0.9413 

Craft 8.7661 9.2040 69.4615 0.8794 

Desk 8.2790 11.0765 71.8991 0.8676 

Flower 8.1390 15.7735 70.9925 0.9232 

Girl 9.0237 19.0749 72.5131 0.7397 

Grass 8.5328 28.6945 72.6026 0.6639 

Lab 8.7996 9.2196 56.6453 0.9161 

Leaf 7.4156 18.7105 71.5808 0.8006 

Leopard 10.9213 13.7476 73.0298 0.9974 

Newspaper 6.3610 40.3776 73.1421 0.4253 

Pepsi 8.8946 9.9519 72.2881 0.9063 

Seascape 8.0489 23.6199 56.2258 0.3965 

Temple 7.9204 19.6804 47.7604 0.5800 

Wine 8.4718 27.5779 73.3769 0.8613 

 

 

Figure 3. The multi-focus image pairs used in the experiment 
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In these experiments, the different compared methods and the our nethod have been experimented on 

18 pairs of multi-focus source images, as followed in Figure 3. In generally, researchers choose 

different fusion indexes to evaluate the fusion results in order to get a comprehensive evaluation in 

multi-focus image fusion technology. In this paper, we use objective analysis method [38], and use 

several quality metrics such as Feature Mutual Information (FMI) [40], Spatial Frequency (SF), 

Standard Deviation (STD) and the Visual Information Fidelity for Fusion (VIFF) [40,41].  

Figure 4 shows the fusion results of the Balloon image set. We zoom in on a part of the fusion image 

to visually display the fusion details of different methods, as shown in Figure 5. It can be seen from 

the fused images that each method can basically complete the task of image fusion, but different 

methods will produce different fusion results due to their different fusion performance. 

 

 

Figure 4. The fusion results of the algorithms on the Balloon image set 

 

 

Figure 5. The fusion details of the algorithms on the Balloon image set 

(a) (b) (d)(c)

(e) (f) (g)

(a) (b) (c)

(d) (e)

file:///C:/Users/wang/Desktop/ICJE-7-6-原文/ICJE-2748+文章.docx%23F3
file:///C:/Users/wang/Desktop/ICJE-7-6-原文/ICJE-2748+文章.docx%23F4
file:///C:/Users/wang/Desktop/ICJE-7-6-原文/ICJE-2748+文章.docx%23F5


 

 

218 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 6, 2021 

DOI: 10.6919/ICJE.202106_7(6).0025 

In Figure 4, (a) and (b) are the input source images, (c)-(f) are the fusion results of FMGRW, BFMFM, 

PCLLE and IDSR respectively. (g) is the proposed method. the fusion image obtained by FMGRW 

is affected by blurr, such as the area near the hot air balloon (see Figure 5(a)). FMGRW algorithm 

uses multi-scale focus measures and generalized random walk method to mutually combine their 

strengths. But the blurring effect in the fusion result is also generated by these two methods, so that 

the image fused by FMGRW method can not get satisfactory results and the information of the fused 

image is also lost. The fusion rusult used BFMFM shows blackness around the edges, such as the 

right edge of the hot air balloon (see Figure 5(b)), because boundary finding based algorithm through 

morphological focus measure can strengthen the edges, as well as inaccurately segmenting the edges. 

PCLLE algorithm and IDSR algorithm are a little better than those of FMGRW and BFMFM (see 

Figure 5(c)-(d)), because PCLLE algorithm takes advantage of the characteristics of different 

subbands after the decomposition of the transformation domain to design  different fusion strategies, 

and IDSR algorithm not only uses the transform domain method to decompose the image to make the 

fusion result have more details, but also carries on the super resolution analysis method of the image 

before fusion. However, the decomposition of transformation domain method used in these two 

methods is also due to the small number of decomposition layers, resulting in some small image 

regions can not maintain details. Finally, because the proposed algorithm uses a variable number of 

decomposition layers to decompose the transform domain, and designs different fusion rules for 

different subband images after decomposition, the fusion image looks more natural and has more 

details, and the visual quality of the fusion image is the best compared with other algorithms. 

Figure 6 shows the fusion examples on the Temple image set. In Figure 6, (a) and (b) are the source 

image, they are left focused image and right focused image. In the Figure 6(c), we found that the 

whole image appeared a distinct blur, which was caused by the two source images not carefully 

registered. Image registration was usually carried out before fusion. The text area next to the stone 

lion appears a relatively obvious blur in Figure 6(d)-(f), This indicates that FMGRW algorithm, 

BFMFM algorithm, PCLLE algorithm and IDSR algorithm cannot produce stable and reliable 

experimental results when fusion of unregistered images. At the same time, we can see from Figure 

6(g) that our image can maintain robustness in the fusion of different graphs. 

 

 

Figure 6. The fusion details of the algorithms on the Temple image set 
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Figure 7. The fusion details of the algorithms on the Seascape image set 

 

An example of a comparison on the set of Seascape images is shown in Figure 7, and the amplified 

fusion results show subtle differences among the different methods in Figure 8. The fusion result of 

FMGRW shows blurring edge around the left rock area in Figure 8(a), and artifacts appear in the sky 

of both Figure 8(b) and (c), while an obvious white edge appears in the boundary between the rock 

and the sky in (b), and the white edge is slightly improved in (c). Because the sky area in the figure 

is relatively smooth, the methods BFMFM and PCLLE in (b) and (c) in Figure 8 acquire less 

information about the smooth sky region, which would lead to artifacts. In Figure 8(d) and (e), the 

two fusion results are not ideal in the sky area near the rock at the top of the image. At the rock-sea 

interface, the result (e) produced by our method is more natural than the result (d) produced by method 

IDSR. 

 

 

Figure 8. The fusion details of the algorithms on the Seascape image set 

 

 

Figure 9. The fusion details of the algorithms on the Lab image set 
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Figure 9 shows the Lab image set on the fusion results shown in Figure 10 after this group of image 

magnification of the details can be seen from the diagram, FWGRW algorithm of the fused image is 

still vague, and PCLLE BFMFM algorithm in the algorithm of the fused image, the artifacts on the 

border of the human body contour and the computer IDSR algorithm algorithm fusion results are very 

similar with us, so we use the quality of the quantitative indicators to illustrate the difference, as 

shown in Table 2. 

 

 

Figure 10. The fusion details of the algorithms on the Lab image set 

 

Table 2. The quality metrics of the Lab image set of the different algorithm 

Alogrithm FMI SF STD VIFF 

FMGRW 7.0628 7.7205 45.4559 0.7293 

BFMFM 7.5929 8.8309 50.1774 0.6512 

PCLLE 7.5854 7.0499 54.1846 0.8988 

IDSR 8.6288 9.0506 55.1873 0.9379 

Ours 8.7996 9.2196 56.6453 0.9161 

 

It can be seen from Table 2 that the quantitative values of our method are relatively good in these five 

indicators. In terms of FMI, SF and STD, our method has better results than other methods, while in 

VIFF, our method is second only to the highest value of IDSR method. 

4. Conclusion 

In this paper, a new fusion method based on Laplacian Eigenmaps dimension reduction and gray level 

co-occurrence matrix is proposed to fuse multi-focus images. In this method, the characteristics of 

high frequency subbands and low frequency subbands after multi-scale decomposition are fully 

considered, and different fusion strategies are designed respectively. In the mean time, the method 

makes full use of the characteristics of LE dimension reduction, preserves a lot of image structure 

information, and retains a lot of detail information. The experience results show edge and region 

information can be identify by this method correctly, and it achieves good results both subjectively 

and objectively. In the future, we will be committed to the characteristics of color images and carry 

out relevant experimental design for color images. 
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