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ABSTRACT

In multiscale transform (MST)-based multifocus image fusion, the fusion rules of different subbands are a
significant factor that affects the fusion performance. However, dependence only on new fusion rule will
see no significant performance gain for a MST-based method. To address this problem, this paper pro-
poses two novel multifocus image fusion techniques based on multi-scale and multi-direction neighbor
distance (MMND), in which the improvements of the fusion performance are respectively achieved by
two new developed updating schemes. These two schemes are constructed according to the fact that the
difference between a low quality fused result and the source image in the focused region is sharper than
those generated by a high quality fused result. Based on this fact, the pixels of the source images are
classified into three types in the updating mechanism, namely, pixels of focused significant regions,
pixels of smooth regions, pixels of transition area between the focused and defocused regions. According
to the categories of source images pixels, we can update the fused result produced by the MMND method
in spatial and the MMND domain. Extensive experimental results validate that the proposed two fusion
schemes can achieve better results than some state-of-the art algorithms.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

In recent years, multifocus image fusion has received con-
siderable researchers' attention due to the effectiveness in over-
coming the limited focus depth of the optical lens in imaging
camera. Owing to this technology, one can easily obtain an image
that contains all relevant objects in focus, and a significant number
of methods about this technology have been proposed [1-12] in
recent years. These methods can be roughly classified into two
categories: transform domain-based and spatial domain-based
techniques [11]. The spatial domain-based methods construct the
fused result directly by selecting the pixels, blocks or regions from
the focused regions of the source images. Therefore, the quanti-
tative assessment results of these methods are usually larger than
those obtained from the MST-based fusion methods. In general,
this kind of method includes region-based [13], block-based [14]
and focused region detection-based methods [15-17].

For the region-based methods, the basic idea is to apply a
segmentation algorithm to the source images, and then a sharp-
ness measure is employed to identify the focused regions. After
that the fused image is established by restructuring these focused
regions. However, the performance of this approach is highly
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dependent on the segmentation algorithm, which is very complex
and time-consuming. Moreover, discontinuities or erroneous re-
sults may arise along the boundary of the regions. In block-based
methods, the source images are first divided into blocks, and then
a clarity measure is employed to decide which block is from the
focused regions. This kind of approach usually has low computa-
tional-complexity. But, it is very sensitive to the size of the blocks,
and if the block size is not suitable, the blocking effect, which
significantly affects the visual perception of the fused results, may
appear in the fused result. Although some methods [18,19] have
been developed to address this problem, the blockness cannot be
deleted completely due to the intrinsic ambiguity arising from the
textureless and edgeless regions.

Relative to the above methods, the focused region detection-
based methods can effectively avoid the disadvantages discussed
above. So they have received more and more attention in recent
years. For example, Zhang and Lu et al. [4] proposed to use Graph-
based visual saliency algorithm to locate the focused region in the
source image; based on depth extraction with inhomogeneous
diffusion equation, the source images were divided into clear re-
gions, fuzzy regions and transition regions [20]; In [21], the fo-
cused region is detected by comparing the difference between the
original log spectrum of the source image and its smoothed ver-
sion; Moreover, in [22], Zhou and Li et al. used a novel multi-scale
weighted gradient approach to detect the definite focused region;
Li and Kang et al. [23] applied image matting to obtain the focused
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region; Liu et al. [24] employed the dense scale invariant feature
transform to detect the focused regions. However, the fusion
performances of these methods depend on the detection methods
which usually yield incorrect solutions due to the complexity of
image content. In addition, between focused and defocused re-
gions, there is no clear and definite boundary for many images. As
a result, when the pixels located at the transition area are mis-
managed, the boundary seams may present along the boundaries
of the focused regions in fused result.

Compared with the spatial domain-based method, the MST-
based method suffers from little such deficiencies. Therefore, this
kind of method is still very popular nowadays, and many effective
methods have been developed [12,25-29]. In this type of method,
the MST is an important factor to the qualities of the fused results.
The popular MSTs include Laplacian pyramid [30], the discrete
wavelet transform (DWT) [31], stationary wavelet transform
(SWT) [32], lifting stationary wavelet transform (LSWT) [16], dual
tree complex wavelet [25,33,34], contourlet transform (CT) [35]
and nonsubsample contourlet transform (NSCT) [36]. Among
them, the NSCT can generally achieve excellent performance in
multifocus image fusion because it possesses the multi-scale, lo-
calization, multi-direction, anisotropy and shift-invariance. But
then Zhao et al. found that the multi-scale neighbor distance-
based method can achieve a better result than the NSCT-based
method [7].

Apart from the MSTs, another important component of MST-
based algorithms is the fusion rule. In almost MST-based methods,
the key point of research is to design the fusion rules for different
subbands, and many effective methods have been developed in
different MST domains. These methods include pixel-based [37],
local neighborhood-based [2,37-42] and local region-based se-
lection principles [37,38]. In general, the local region-based and
local neighborhood-based methods outperform the pixel-based
methods because the relationship between pixels in a local region
and the region-character of object are all considered. In addition to
above selection principles, Liu et al. [43] proposed a general fra-
mework based on sparse representation (SR) in MST domains; Yu
et al. [25] proposed a new method by combining the dual-tree
complex wavelet transform and support vector machine; Redondo
et al. [44] developed a new selection principle based on multi-size
windows technique in log-Gabor domain.

Although some reasonable fusion rules have been presented in
different MST domains, the improvement of fusion performance is
not so obvious. The reason is that some coefficients corresponding
to the important features in the source images cannot be correctly
identified due to the intrinsic ambiguity of image content. Studies
show that the difference between a low quality fusion result and
the focused regions of its source images is sharper than those
generated by a high-quality fused result. Based on this conclusion,
we developed two novel simple schemes in MMND domain to
make up for the defects derived from MST-based methods.

In this scheme, we first use the “averaging” scheme to produce
the low-quality fused result. Then, we utilize the MMND as the
MST to generate the intermediate product which is considered as
the initial value of the updated result. In this step, to achieve the
multi-scale decomposition, the neighbor distance is iteratively
used, and then the nonsubsampled direction filter banks (NDFB)
are employed to achieve multi-direction decomposition, mean-
while, to achieve a fusion result whose visual effect is better than
the first fused result, the lowpass subbands and the highpass
subbands are respectively merged by ‘averaging’ scheme and a
new ‘intensity of pixel gray-values change’ derived scheme. After
that, the transition fused image (TFI), namely, the intermediate
product is constructed by taking an inverse MMND on the fused
coefficients. In order to improve the fusion performance, two up-
dated versions of the intermediate product are reconstructed

according to two new updating mechanisms which are established
based on the properties of different differences originated from
these fused results (the low-quality fused result and the inter-
mediate fused result) and their source image. The contributions of
this paper and the advantages of our proposed method are sum-
marized as follows:

(1) Development of a new focus measure that combines the
idea of major operator and the relationship of pixels located in the
same local region, which can properly assess the focusing prop-
erties of the highpass subbands at different directions.

(2) Design of a novel method for generating the updating de-
cision maps according to the fact that the clearer the fused result,
the nearer the difference between focused regions of the source
image and the fused result approximate to zero. This design gives
full consideration to the pixels located in the smooth regions,
which can effectively improve the accuracy of identification of
pixel focusing properties.

(3) Two novel effective updating mechanisms are respectively
constructed in spatial domain and MMND domain based on the
updating decision maps. These mechanisms can significantly im-
prove the fusion performance of the transition fusion method
because they integrate the advantages of MST domain-based and
spatial domain-based methods in an efficient manner.

The rest of this paper is organized as follows: Section 2 in-
troduces the theory of MMND in brief. In Section 3, it introduces
the fusion method to produce the transition image and the up-
dating mechanisms for the transition image. Our experimental
results with some discussion and performance analysis are pre-
sented in Section 4. Finally, we give our conclusions in Section 5.

2. Multi-scale and multi-direction neighbor distance filter

In a smooth surface, the oriented distance between two given
points can measure the degree of bending in the given direction at
a particular point. Therefore, the oriented distance can be em-
ployed to extract the details of nformation of an image if we re-
store the smooth image surface from its discrete version. More-
over, the MST based on the oriented distance outperforms the
NSCT in fusion of multifocus images [7]. Therefore, for multifocus
image fusion, this MST would be a better choice.

2.1. Multi-scale neighbor distance

In this subsection, we will briefly review the theory of the local
neighbor distances developed by Zhou et al. in [7] which will be
utilized in combination with NDFB to produce the transition fused
result. Firstly, we assume that the smooth image surface have been
restored from a given digital gray image and denoted by
S =2z(x,y). The oriented distance (OD) [7] from point (x,y) to
(X + AX, y + Ay) is given by

OD((x, y), (X + AX, y + AY))
= %(lxx(x, VAXAY + 21y (X, Y)AXAY + Ly (X, ) AXAY). M

In Eq. (1), Iy, (X, y = %, y) is defined as

by %, y) = Zey % Y1 + 22, y) + 22X, Y) @)

Let €2 be a local neighborhood centered at (x,y), then the
neighbor distance (ND) of (x,y) in £2 is defined by

ND(x, y) = ffg OD((x, ), (X0, ¥))dXodYp. 3)

If we denote by {(xXy, y)¥_;={x+i,y+j):i,j=0,+1} the
eight neighbors around (x,y), the neighbor distance of point (x,y)
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