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In this paper, we address the problem of fusing multi-focus images in dynamic scenes. The proposed
approach consists of three main steps: first, the focus information of each source image obtained by mor-
phological filtering is used to get the rough segmentation result which is one of the inputs of image mat-
ting. Then, image matting technique is applied to obtain the accurate focused region of each source
image. Finally, the focused regions are combined together to construct the fused image. Through image
matting, the proposed fusion algorithm combines the focus information and the correlations between
nearby pixels together, and therefore tends to obtain more accurate fusion result. Experimental results
demonstrate the superiority of the proposed method over traditional multi-focus image fusion methods,
especially for those images in dynamic scenes.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Usually, various images of the same scene can be obtained to
enhance the robustness of image processing system. However,
viewing and analyzing a series of images separately are not conve-
nient and efficient. Image fusion is an effective technique to resolve
this problem by combining complementary information from mul-
tiple images into a fused image, which is very useful for human or
machine perception.

Recently, many image fusion algorithms have been developed
to merge multi-focus images. In general, these algorithms can be
classified into two groups: transform domain fusion and spatial do-
main fusion [1]. The most commonly used transform domain fu-
sion methods are based on multi-scale transform. Examples of
multi-scale algorithms include the discrete wavelet transform
[2], gradient pyramid [3], dual tree complex wavelet transform
[4], and so on. Recently, some novel transform domain analysis
methods, such as curvelet transform [5], contourlet transform
[6–9], log-Gabor wavelet transform [10], support value transform
[11], retina-inspired model [12] and sparse representation [13]
are also applied to image fusion. The existing transform domain
methods consist of the following three steps in common. First,
the source images are converted into a transform domain to get
the corresponding transform coefficients. The transform coeffi-
cients are then merged together according to a given fusion rule.
Finally, the fused image is constructed by performing the inverse
transform on the fused coefficients. Different from the transform
ll rights reserved.
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domain fusion methods, the spatial domain methods perform the
fusion process in spatial domain directly. In the last few years,
researchers proposed various spatial domain fusion methods
which can be divided into two categories: pixel based methods
[14–16] and region based methods [17–20]. Specifically, the prin-
ciple of pixel or region based scheme is selecting the clearer image
pixels or regions from source images to construct the fused image.

Generally, traditional multi-focus image fusion methods can
generate satisfactory results for source images captured in static
scenes. However, few researchers studied the problem of multi-
focus image fusion in dynamic scenes with camera movement or
object motion. In the dynamic scenes, the contents in the same
position of multiple source images may be different. In those
positions, the transform domain methods simply fuse these
coefficients which represent more salient features to generate the
fused image without taking into consideration that the features
are probably derived from different contents. Thus, these methods
usually suffer from artifacts in the fused image because of the
inconsistence of image contents. For the majority of spatial domain
methods, the focus information estimated by image variance, image
gradient or spatial frequency is used to determine the focused pixel
or region. However, in dynamic scenes, by using focus information
alone, we cannot accurately decide whether a pixel or region is
blurred or not. The reason is that the pixel or region in the same
location of different source images may be comprised of different
contents due to camera movement or object motion. Besides, tradi-
tional pixel based and region based methods cannot obtain very
accurate fusion results when the patterns in the source images
become complex.

In this paper, we propose a novel multi-focus image fusion algo-
rithm with image matting which consists of the following three
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Fig. 1. The near focused ‘‘tree’’ source image (a), the trimap (b) and the alpha matte (c).
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steps: first, morphological filtering is performed on each source
image to measure focus. Then, the focus information is forwarded
to image matting to find the focused object accurately. At last, the
obtained focused objects of different source images are fused to-
gether to construct the fused image. The most important contribu-
tion of this paper is that the strong correlations between nearby
pixels and the focus information of multi-focus images are com-
bined together through image matting. Therefore, our algorithm
can well resolve the problem of fusion of multi-focus images in dy-
namic scenes. Besides, another limitation of traditional spatial do-
main fusion methods is that their performances may degrade when
image patterns become complex. On the contrary, since image
matting is able to find very accurate outline of the focused object,
our method can obtain very accurate fusion results in such situa-
tion. Experiments on various dynamic and static multi-focus image
sets demonstrate that our method produces the state-of-the-art
performance in generating satisfactory fused images, while tradi-
tional methods bring in different levels and types of undesirable
artifacts.

The rest of this paper is organized as follows. In Section 2, the
image matting theory is briefly reviewed. Section 3 describes the
proposed image fusion algorithm in detail. The experiment results
and discussions are presented in Section 4. Finally, Section 5 con-
cludes the paper.
1 For interpretation of color in Figs. 1–3, 6, 8–11, 15, 16, the reader is referred to the
web version of this article.
2. Image matting

Image matting is an important technique to accurately distin-
guish the foreground from background [21] which has been widely
used in many applications, e.g. to obtain accurate focused object in
video applications [22,23]. On account of this advantage, image
matting is also adopted in the proposed method. In the model of
image matting, the observed image I(x, y) can be viewed as a com-
bination of foreground F(x, y) and background B(x, y):

Iðx; yÞ ¼ aðx; yÞFðx; yÞ þ ð1� aðx; yÞÞBðx; yÞ; ð1Þ

where aðx; yÞ ranging from 0 to 1 is the foreground’s opacities
named as the alpha matte. aðx; yÞ ¼ 1 or 0 means that I(x, y) is in
foreground or background, respectively. While aðx; yÞ is a fractional
value between (0, 1), it means that these pixels are mixed by fore-
ground and background. The objective of image matting is to find
the accurate alpha matte so that the foreground can be accurately
distinguished from the background. Since there are three unknowns
F, B, a in Eq. (1), calculating the alpha matte a from a single image I
is under constrained. Therefore, in most cases, the user is required
to supply a trimap as the other input in addition to the original im-
age. Fig. 1a and b shows one example image and its corresponding
trimap which segments the source image into three regions: the
definite foreground, the definite background and the unknown
region.

In this paper, given the trimap, the resulting alpha matte is ob-
tained by using the robust image matting algorithm [24] which
consists of the following steps. First, for pixels from the unknown
region shown as green in Fig. 1b, the algorithm picks out ‘‘good’’
samples from a set of foreground and background samples from
the nearby boundaries of the foreground regions shown here as
red and the nearby background regions shown here as blue.1 In this
sampling step, the confidences of every pair of foreground and
background samples are estimated. In the meantime, the initial al-
pha matte is calculated based on Eq. (1), by selecting those pairs
with high confidence as the foreground F and background B. At last,
the initial estimate is further improved based on the assumption
that the matte should be locally smooth and alpha values of one
or zero need to be much more than mixed pixels. Mathematically,
the above matting processes can be solved by an energy function
which is defined as:
E ¼
X
z2I

f̂ zðaz � âzÞ2 þ ð1� f̂ zÞðaz � dðâz > 0:5ÞÞ2
h i

þ k � Jða; a; bÞ;

ð2Þ

where âz and f̂ z are the estimated alpha and confidence values in
the sampling step, d is Boolean function returning 0 or 1, and
Jða; a; bÞ is the neighborhood energy for further improving. In [24],
minimizing the energy function is interpreted as solving a corre-
sponding graph labeling problem which can be solved as a Random
Walk [25]. As shown in Fig. 1c, with the given trimap, the resulting
alpha matte obtained by the image matting algorithm above can
accurately discriminate the focused ‘‘tree’’ from the source image.
3. Multi-focus image fusion based on image matting

Fig. 2 shows the schematic diagram of the proposed algorithm.
First, the focus information of each source image is estimated by
morphological filtering. Then, the focus information of source
images are combined together to generate a trimap, which divides
the corresponding source image into three regions that are the def-
inite focused region, the definite defocused region and the un-
known region. Next, with the trimap, the accurate focused region
is obtained by performing image matting on the corresponding
source image. Finally, the fused image is constructed by combining
the focused regions of source images together.



Fig. 2. Schematic diagram of the proposed algorithm.
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3.1. Focus measure

The first step of our algorithm is to obtain the focus information
map of each source image. It is based on the perspective that a
blurred image looks ‘‘unnatural’’ because of the degradation of
high frequency information. So, in ideal case, high frequency infor-
mation is more prominent in focused region than that in defocused
region. In this paper, we use morphological filtering to measure the
high frequency information of source images [26]. More specifi-
cally, the morphological filtering used in this paper consists of
two types of top-hat transforms

dn
b ¼ In � In � B; ð3Þ
dn
d ¼ In � B� In; ð4Þ

where In is the nth source image which is obtained by weighted sum
of the red, green, and blue channel, I ¼ 0:299 � r þ 0:587 � gþ
0:114 � b [27]. B is a disk structure element. The opening and closing
operation (see Eqs. (3) and (4)) can smooth the original image by
removing image’s bright and dark details that do not fit within the
structure element B. So, the results of top-hat transforms for opening
and closing operation present the bright and dark details around the
pixel (x, y). For simplicity, the maximum value of the two transforms
is defined as the focus value of the corresponding pixel

Dnðx; yÞ ¼maxfdn
bðx; yÞ; d

n
dðx; yÞg: ð5Þ

Fig. 3 shows one pair of source images and their corresponding
focus information maps.
Fig. 3. The ‘‘tree’’ source images (a and b), and the focus inform
3.2. Rough segmentation

With the focus information obtained above, the next stage of
the proposed method is to construct the trimap which roughly
segments the source image into three regions, i.e., the definite
focused region, the definite defocused region and the unknown
region. Fig. 4 shows the schematic diagram of the rough segmenta-
tion process.

Generally, pixels from focused region more likely appear higher
focus values than pixels in defocused region. In order to determine
whether the pixel is blurred or not, as shown in Eq. (6), we com-
pare the focus value of each pixel at first.

Rnðx; yÞ ¼
1; Dnðx; yÞ > max

m;m–n
fDmðx; yÞg

0 otherwise

(
: ð6Þ

For the source images in Fig. 3a and b, the map of focused pixels
R1 and R2 are shown in Fig. 5a and b respectively. Rn(x, y) = 1 means
the point (x, y) of the nth source image is in focus. However, in
practice, comparing the focus value is not exactly right for these
pixels in areas with no discernable edges or details and motion
areas. So, there exist a proportion of pixels with the highest mag-
nitude from out-of-focus region, and vice verse. In the stage of
rough segmentation, instead of using focus information to deter-
mine the accurate focused region, we only need to find the coarse
but highly believable focused region named as the definite focused
region. In this paper, the obtained map of focused pixels Rn of
source images are further processed by the following steps. First,
a median filter is employed to remove these isolated pixels and
very small regions caused by image noise, etc.
ation map obtained by morphological filtering (c and d).



Fig. 4. Schematic diagram of the rough segmentation process.

Fig. 5. The focused pixels of source images (a and b), the definite focused regions of source images (c and d) and the obtained trimap of source image I1 (e).
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RM
n ðx; yÞ ¼MedfRnðx� k; y� lÞjðk; lÞ 2 wg ð7Þ

where Med stands for the median filtering operation, w is a sliding
local window. Then, based on the assumption that motion regions al-
ways appear in the boundary of objects caused by camera movement
or in the form of scattered pieces caused by object motion, through
performing several iterations of skeletonization [27] and one time
of median filtering (see Eq. (8)), these scattered pieces and outer
areas of the focused regions in RM

n can be effectively removed.

RMS
n ¼MedfSkeletðRM

n ; iÞg; ð8Þ

where Skelet stands for the skeletonization operation and i denotes
the number of skeletonization iterations. Besides, these pixels with
very large focus value which are more likely to be focused are de-
fined as the definite focused pixels.

Pd
nðx; yÞ ¼

1 if Dnðx; yÞ � max
m;m–n

fDmðx; yÞg > H

0 otherwise

(
; ð9Þ

where D denotes the focus information obtained by focus measure.
H is a threshold parameter which ranges from 0 to 255 for 8-bit
images. At last, the definite focused region of the nth source image
is defined as

Rd
nðx; yÞ ¼

1 RMS
n ðx; yÞ ¼ 1 or Pd

nðx; yÞ ¼ 1
0 otherwise

(
: ð10Þ
Fig. 5c and d shows the definite focused region obtained as
above. Given the definite focused region of each source image,
the trimap of source image In is defined as

Tnðx; yÞ ¼

1; if Rd
nðx; yÞ ¼ 1 and max

m;m–n
fRd

mðx; yÞg ¼ 0

0; if Rd
nðx; yÞ ¼ 0 and max

m;m–n
fRd

mðx; yÞg ¼ 1

0:5 otherwise

8>>><
>>>:

: ð11Þ

The trimap T1 of source image I1 is shown in Fig. 5e, where Tn = 1
or Tn = 0 means that the point (x, y) of the nth source image is def-
initely in focus or not in focus, respectively. Tn = 0.5 means that
these pixels are from the unknown region which need to be classi-
fied by image matting.

3.3. Image matting and fusion

The last stage of our proposed method is to construct the fused
image by combining the focused regions of source images together.
In order to obtain the focused region of each source image, taking
the trimap Tn obtained above as one input, the robust image mat-
ting algorithm [24] is performed on source image In to get the al-
pha matte anðx; yÞ. More specifically, for each pixel in the
unknown region, the matting algorithm first picks out several pairs
of focused and defocused samples which located along the bound-
aries of the definite focused region and the definite defocused re-
gion respectively. Based on the color similarity between the



Fig. 6. The alpha matte obtained by image matting (a), the focused region of each source image (b and c) and the fused image obtained by the proposed method (d).
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unknown pixel and the sampled pairs of focused and defocused
samples, the initial alpha value of the unknown pixel is then esti-
mated. Finally, based on the assumption that the obtained alpha
matte should be locally smooth and alpha values of one or zero
(equal to focus or defocus) should to be much more common than
mixed pixels (alpha is a fractional value between (0, 1)), the accu-
rate alpha matte is calculated by minimizing a defined energy
function (see Eq. (2)). Fig. 6a shows the resulting alpha matte
where anðx; yÞ ¼ 1 or 0 means that the point (x, y) of the source
image In is in focus or not in focus respectively. While anðx; yÞ is
a fractional value between (0, 1), it means that these pixels are
mixed by focused pixels and out-of-focus pixels. Since the number
of the mixed pixels is small and they are usually located in the
Algorithm1 Multi-focus image fusion method wi

Step 0: Given multi-focus images In, n = 1, …, N.

Step 1: Measure the focus information of each sou

Step 2: Compare the focus value of each pixels i

Rn of focused pixels of each source image In.  

Step 3: Perform median filtering and skeletioni

definite focused region d
nR of each source image

Step 4: Segment each source image In into three 

the segmented result Tn is the trimap used for imag

Step 5: Perform image matting on source image 

nα of In. The alpha matte indicates the focused reg

Step 6: Construct the fused image by the followin

, ( , ) ( , ) ( , ) (1n N n nI x y x y I x yα= + −

where n refers to 1,2,…,N-1 in order. , ( ,n NI x y

images and the N source image. When 1n = , 1nI −

the Nth source image. When 1n N= − , the final fu

Fig. 7. The proposed multi-focus image fu
transition regions between focus and defocus, they will not reduce
the global performance of the fused image. In this paper, the
resulting alpha matte an is identical to the focused region of source
image In. For two source images, the focused region of source image
I2 can be simply calculated by 1� a1ðx; yÞ. Thus, the fused image of
two source images can be calculated by

IFðx; yÞ ¼ a1ðx; yÞI1ðx; yÞ þ ð1� a1ðx; yÞÞI2ðx; yÞ: ð12Þ

The focused regions of source images and their corresponding
fused image are presented in Fig. 6b–d, respectively. As shown in
Fig. 6d, all important information has been well preserved. At last,
Fig. 7 shows the algorithm description of the proposed method for
better understanding and reproducibility.
th image matting 

  

rce image by morphological filtering.  

n different source images to obtain the map 

zation on the Rn obtained above to get the 

. 

portions with the d
nR obtained above. And 

e matting.  

In (n = 1, …, N-1) to obtain the alpha matte 

ion of In. 

g fusion processes:  

,1( , )) ( , )n n Nx y I x yα −

) is the fused image of the first n source 

, 0,( , ) ( , ) ( , )N N Nx y I x y I x y= = which denotes 

sion result 1, ( , )N NI x y− is obtained. 

sion algorithm with image matting.
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4. Experiments and discussions

4.1. Experimental setup

For the proposed method, the structure element B used for two
types of top-hat transforms is defined as following:

B ¼

0 0 1 0 0
0 1 1 1 0
1 1 1 1 1
0 1 1 1 0
0 0 1 0 0

2
6666664

3
7777775

The median filtering is performed on an 8 � 8 neighborhood.
When the number of pixels in the neighborhood is even, the
median value is calculated by choosing the bigger one of the two
medians. The iteration time i of skeletonization is set as 5. The
threshold H is set as half of the magnitude of image gray level,
i.e., 128 for 8-bit images. The fusion results of the proposed meth-
od are compared with six other image fusion algorithms which are
based on dual tree complex wavelet (DTCWT) [4], non-subsampled
contourlet transform (NSCT) [7], sparse representation (SR) [13],
Fig. 8. The ‘‘tree’’ source images (a and b), the fused images by DTCWT (c), NSCT (d), SR
the fusion decision maps of IG (k), RGSF (l), MM (m), proposed method (m), and referen
image gradient (IG) [17], region segmentation and spatial fre-
quency (RGSF) [19] and mathematic morphology (MM) [26]. For
the DTCWT based method, four decomposition levels, the ‘‘averag-
ing’’ scheme for the low-pass sub-band and the ‘‘absolute maxi-
mum choosing’’ scheme for the band-pass sub-band are adopted.
Four decomposition levels, together with 4, 8, 8, 16 directions from
coarser scale to finer scale are used for the NSCT based method. For
the sparse representation based method, the block size of sliding
window is set as 8 � 8, and the global error is set as 0.01. The IG
based method is performed by taking the parameter k = 60 sug-
gested in their paper. For the RGSF based method, the most impor-
tant parameter is the number n of segmented portions. We tune
this parameter and choose the one which obtains the best result.
For the method based on mathematic morphology, the radius of
the disk structure element is also set as 2 pixels. The termination
criteria p% of the algorithm is set as 95% which is suggested in their
paper.

4.2. Objective evaluation

In order to assess the performance of different methods objec-
tively, many related assessing indexes have been published and
(e), IG (f), RGSF (g), MM method (h), proposed method (i), reference fused image (j),
ce decision map (o). (Image courtesy of Xiaoyi Jiang).



Fig. 9. The ‘‘trunk’’ source images (a and b), the fused images by DTCWT (c), NSCT (d), SR (e), IG (f), RGSF (g),MM (h), proposed method (i), and reference fused image (j).
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discussed in references [28–31]. In this paper, the modified mutual
information MXY

F [32], the structural similarity metric SSIM [33],
the similarity based quality metric Q(X, Y, F) [34] and the gradient
based metric QXY/F [35] are adopted. The first index, the modified
version of mutual information, is defined as:

MXY
F ¼ 2

IðF;XÞ
HðFÞ þ HðXÞ þ

IðF;YÞ
HðFÞ þ HðYÞ

� �
ð13Þ

where X and Y are the two source images. F is the fused image. I(F, X)
and I(F, Y) represent the mutual information between the fused im-
age F and source images X, Y respectively. H(X), H(Y) and H(F) de-
note the entropy of X, Y and F, respectively.

The second index is the structural similarity metric SSIM pro-
posed by Wang et al. [33]. The mathematic expression of SSIM is:

SSIMðR; FÞ ¼ ð2lRlF � C1Þð2rRF þ C2Þ
ðl2

R þ l2
R þ C1Þðr2

R þ r2
F þ C2Þ

; ð14Þ

where R and F are the reference image and the fused image respec-
tively. C1 = (K1L)2, C2 = (K2L)2, L is the dynamic range of the pixel val-
ues. K1 and K2 are small constants. Here, the default parameters:
K1 = 0.01, K2 = 0.03, L = 255 are adopted. The reference image is cre-
ated by manual segmentation and paste operation. Thus, the value
of SSIM refers to the structural similarity between the fused image
and the manual created reference image.

The third quality metric is the similarity based quality metric Q(
X, Y, F) proposed by Yang et al. [34] which performs different oper-
ations when evaluating different local regions according to the
similarity level between the source images. Considering there are
two source images X and Y, and one fused image F, by using a slid-
ing window W with the size of 7 � 7 which moves from the top-left
corner to the bottom-right corner, the local structural similarities
SSIM(X, Y|W), SSIM(X, F|W) and SSIM(Y, F|W) are calculated respec-
tively. Based on the measured SSIM(X, Y |W), the quality measure in
W is defined as:

QðX;Y ; FjWÞ ¼

kðWÞSSIMðX; FjWÞ þ ð1� kðWÞÞSSIMðY; FjWÞ;
for SSIMðX;YjWÞP 0:75

maxfSSIMðX; FjWÞ; SSIMðY; FjWÞg;
for SSIMðX;YjWÞ < 0:75

8>>><
>>>:

ð15Þ



Fig. 9 (continued)

Fig. 10. Magnified regions of the fused images by DTCWT (a), NSCT (b), SR (c), IG (d), RGSF (e), MM (f), proposed method (g), and reference fused image (h).
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where, kðWÞ ¼ SðXjWÞ
SðXjWÞþSðYjWÞ is the local weight, and S(X|W), S(Y|W) are

the local variances of WX and WY, respectively. The global quality
measure Q(X, Y, F) is obtained by averaging all the values over the
whole image. The parameters C1 and C2 used for calculating local
structural similarities are set as 2�16 which are the default param-
eters given in [34].

The index QXY/F proposed by Petrović and Xydeas assesses fusion
performance by evaluating the amount of edge information trans-
fer from the source images to the fused image [35]. It is defined as:
QXY=F ¼
PN

i¼1

PM
j¼1ðQ

XFði; jÞwXði; jÞ þ Q YFði; jÞwYði; jÞÞPN
i

PM
j ðwXði; jÞ þwYði; jÞÞ

; ð16Þ
where QXFði; jÞ ¼ QXF
g ði; jÞQ

XF
o ði; jÞ. QXF

g ði; jÞ and QXF
o ði; jÞ are the Sobel

edge strength and orientation preservation value at location (i, j),
respectively. N and M are the size of the images. QYF(i, j) is similar
to QXF( i, j). wXði; jÞ and wYði; jÞ reflect the importance of QXF( i, j)
and QYF( i, j), respectively. The parameters L = 1.0, Cg = 0.9994,



Fig. 11. The ‘‘leaves’’ source images (a and b), the fused images by DTCWT (c), NSCT (d), SR (e), IG (f), RGSF (g), MM method (h), proposed method (i), reference fused image (j),
the fusion decision maps IG (k), RGSF (l), MM (m), proposed method (n), and reference decision map (o).
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jg = 15, rg = 0.5, Ca = 0.9879, ja = 22 and ra = 0.8 are adopted for
this quality metric. Note that, for colored images, the average index
value of three color channels is used for comparison. Besides, for all
assessing indexes, the larger the index value is, the better the fusion
performance is.

4.3. Fusion results

The first experiment is performed on the ‘‘tree’’ source images
shown in Fig. 8a and b (tree and church in focus, respectively),
where the building and the vehicles cannot be exactly registered
due to camera movement and object motion. The fused images of
different methods are presented in Fig. 8c–i. Further more, as
shown in Fig. 8j, we created a reference fused image by manual
segmentation. The fusion decision maps of different spatial domain
methods and the reference decision map are given in Fig. 8k–o for
visual comparison. The fused images of DTCWT, NSCT and SR based
methods are shown in Fig. 8c–e. It can be observed that on the top
of the church and on the front of the bus there are some distortions
due to camera movement and motion of the vehicle. In addition,



Fig. 12. The ‘‘hydrant’’ source images (a and b), the fused images by DTCWT (c), NSCT (d), SR (e), IG (f), RGSF (g), MM method (h), proposed method (i), reference fused image
(j), the fusion decision maps IG (k), RGSF (l), MM (m), proposed method (n), and reference decision map (o) (Image courtesy of Dmitry V. Fedorov.).
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the decision maps in Fig. 8k and l shows that the IG and RGSF based
methods cannot obtain accurate decision maps because of the
complex patterns of source images. For instance, the region among
the branches is still blurred in their fused images, as shown in
Fig. 8f and g. In the gray area of the decision map of the MM based
method shown in Fig. 8m, the fused image is constructed by using
the average value of source images. Although the region between
the branches is clear in the fused image (see Fig. 8h), artifacts
appear in mis-registered parts such as the top of the church and
motion areas such as the front part of the bus. The fused image
of the proposed method shown in Fig. 8i demonstrates that all use-
ful information of the source images has been transferred to the
fused image. Meanwhile, fewer artifacts are introduced during
the fusion process. Besides, it can be observed that the decision
map of our method in Fig. 8n is the closest to the reference decision
map in Fig. 8o.



Fig. 13. The ‘‘lab’’ source images (a and b), the fused images by DTCWT (c), NSCT (d), SR (e), IG (f), RGSF (g), MM (h), proposed method (i), and reference fused image (j).
(Image courtesy of the Signal Processing and Communication Research Lab of Lehigh University.).
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The second experiment is performed on the ‘‘trunk’’ source
images shown in Fig. 9a and b (trunk and background in focus,
respectively). In this experiment, as the movement of the girl is
very obvious, the source images cannot be exactly registered. The
fused images of different methods and the reference fused image
are displayed in Fig. 9c–j. For clearer comparison, the magnified re-
gions of the fused images are presented in Fig. 10a–h. Despite the
fact that most details have been merged by the DTCWT, NSCT, SR
and MM based methods, more or less artifacts appear in the mo-
tion area such as the head of the girl (see Fig. 10a–c and f). The
IG and RGSF based methods, in spite of introducing fewer artifacts
in the region of the girl, cannot preserve all high frequency details
near the boundary of the trunk as shown in Fig. 10d and e. In com-
parison, as presented in Fig. 10g, there are no obvious artifacts in
the fused image obtained by our method. Moreover, the fused im-
age obtained by our method is the closest to the reference fused
image (see Fig. 10h).

The pictures shown in Fig. 11a and b (leaves and grasses in fo-
cus, respectively) are taken outside with a breeze puffing across
the grasses. In this case, although the camera is fixed, the source
images cannot be registered perfectly because the grasses and
leaves have subtle motion. So it is used to show the robustness
of the proposed method for images having subtle motion. The fu-
sion results obtained by different methods and the reference fused
image are presented in Fig. 11c–j. The fusion decision maps of dif-
ferent spatial domain methods and the reference decision map are
displayed in Fig. 11k–o. From Fig. 11c and d, it can be seen that the
textures of the grasses from different source images are confused
with each other by DTCWT or NSCT based fusion methods. From
the five decision maps depicted in Fig. 11k–o, it can be observed
that the result of the proposed method is the most closest to the
manual segmentation result. Note that the fused image of SR based
method in Fig. 11e shows that the result obtained by sparse repre-
sentation is also satisfactory for this type of mis-registered images
where the motion range is very limited.

The multi-focus images in Fig. 12a and b (foliages and hydrant
in focus, respectively) are registered perfectly. The fused images
obtained by different methods and the reference fused image are



Fig. 13 (continued)

Fig. 14. Magnified regions of the fused images by DTCWT (a), NSCT (b), SR (c), IG (d), RGSF (e), MM (f), proposed method (g), and reference fused image (h).
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presented in Fig. 12c–j. In addition, the fusion decision maps of
spatial domain methods and the reference decision map are
displayed in Fig. 12k–o. Because of the complex patterns (the flow-
ers and the green foliages) of source images, IG, RGSF and MM
based methods cannot obtain very accurate focused region, as
illustrated in Fig. 12k–m. In comparison, since image matting is
able to find very accurate outline of the focused object shown in
Fig. 12n, the proposed method can obtain more satisfactory fused
image which is presented in Fig. 12i.

In order to demonstrate that the proposed method can also
work for standard test images, the experiment is also performed
over one pair of gray multi-focus images, Fig. 13a and b (the clock
and the background in focus, respectively). The fused images of dif-
ferent methods and the reference fused image are presented in
Fig. 13c–j. For clearer comparison, magnified regions of the fused
images are presented in Fig. 14a–h. It can be observed that the
fused images obtained by DTCWT, NSCT, SR and MM based meth-
ods (see Fig. 14a–c and f) show artifacts on the head part of the
man. Although the results of IG, RGSF (see Fig. 14d and e) are also
encouraging in this area, they introduce artifacts in other parts. For
instance, as shown in Fig. 13f and g, the IG based method cannot
preserve the focused square part which is above the clock and
the RGSF based method shows artifacts in the region between
the clock and the computer screen.



Fig. 15. The ‘‘oil painting’’ source images (a, b and c) and fused images DTCWT (d), NSCT (e), SR (f), IG (g), RGSF (h), MM (i), proposed method (j), reference (k).
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Furthermore, we also perform the experiment over the ‘‘oil
painting images’’ which have more than two source images, shown
in Fig. 15a–c (two girls in the front, the front man on the right and
the man on the left in focus, respectively). For three source mages,
the proposed method merges the two of them at first. Then, the fi-
nal fused image is obtained by merging the fused image obtained
above with the left source image. The fused images of different
methods are presented in Fig. 15d–j. Fig. 15k is the reference fused
image. Through Fig. 15j, it can be seen that all important informa-
tion of the source images has been integrated into our fused image
and no artifact been introduced. Thus, the proposed method is also
suitable for the case with more than two source images. Fig. 8–15
shows that the results from the proposed method are superior to
all the other results visually when fusing multi-focus images in dy-
namic scenes, perfectly registered images with complex image pat-
terns, standard test images and more than two source images. In
the following, in order to assess the fusion performance more
objectively, the modified mutual information (MXY

F ), similarity
based quality index (Q(X, Y, F)), structural similarity index (SSIM),
and gradient based index (QXY/F) are used to evaluate the fusion
performance of different fusion methods. Table 1 shows the quan-
titative assessments of the fused images obtained by different
fusion algorithms. From this table, it can be seen that our proposed
method outperforms the DTCWT, NSCT, SR, IG, RGSF and MM based
methods in terms of the SSIM, QXY/F and Q(X, Y, F), except that
Q(X, Y, F) in Figs. 8 and 15 are not the largest. It indicates that the
fused images obtained by our method are the closest to the refer-
ence images. In addition, the degradation of edge and structure
information introduced to the proposed fusion method is less than
other algorithms. For the modified mutual information metric MXY

F ,
it measures the statistical relationship between source images and
the fused image. However, unlike the gradient-based metric QXY/F,
it lacks in estimating the preservation of local structures of source
images. This limitation leads to the questionable results of MXY

F

favoring IG and RGSF based methods over the proposed fusion
algorithm. Even so, the values of MXY

F of the fused images obtained
by the proposed method are still acceptable, e.g., rank as the first in
Fig. 15, the second in Figs. 11 and 13 and the third in Figs. 8, 9 and
12. Based on the analysis above, it can be concluded that both by
visual comparison and by objective evaluation, the proposed meth-
od shows competitive fusion performance compared with previous
methods.

Furthermore, in order to observe the dependence of the pro-
posed algorithm on image noise, one experiment is performed over



Table 1
The quantitative assessments of different multi-focus image fusion methods.

Images Indexes Methods

DTCWT NSCT SR IG RGSF MM Our

Fig. 8 MXY
F

0.3654 0.3705 0.3976 0.5928 0.6204 0.5861 0.5877

SSIM 0.9154 0.9230 0.9478 0.8976 0.9061 0.9430 0.9702
Q(X, Y, F) 0.9281 0.9335 0.9698 0.9826 0.9814 0.9673 0.9812
QXY/F 0.6417 0.6489 0.7021 0.6937 0.6913 0.7052 0.7086

Fig. 9 MXY
F

0.7556 0.7627 0.7827 1.0401 1.0417 0.9935 1.0331

SSIM 0.9623 0.9651 0.9871 0.9921 0.9908 0.9825 0.9965
Q(X, Y, F) 0.9480 0.9499 0.9642 0.9889 0.9676 0.9756 0.9891
QXY/F 0.6198 0.6249 0.6763 0.6822 0.6784 0.6731 0.6839

Fig. 11 MXY
F

0.5842 0.5795 0.6617 0.8994 0.8633 0.8736 0.8897

SSIM 0.9341 0.9324 0.9752 0.9520 0.9649 0.9720 0.9867
Q(X, Y, F) 0.9348 0.9319 0.9839 0.9872 0.9853 0.9811 0.9882
QXY/F 0.5809 0.5823 0.6772 0.6776 0.6691 0.6738 0.6802

Fig. 12 MXY
F

0.8617 0.8712 0.8757 1.0461 1.0437 0.9798 1.0305

SSIM 0.9785 0.9801 0.9901 0.9890 0.9858 0.9777 0.9953
Q(X, Y, F) 0.9336 0.9399 0.9636 0.9752 0.9768 0.9535 0.9772
QXY/F 0.7108 0.7201 0.7351 0.7327 0.7299 0.7223 0.7362

Fig. 13 MXY
F

0.8153 0.8235 0.8873 0.9061 0.9245 0.8694 0.9192

SSIM 0.9850 0.9878 0.9932 0.9929 0.9969 0.9815 0.9980
Q(X, Y, F) 0.9032 0.9131 0.9002 0.9622 0.9817 0.9186 0.9821
QXY/F 0.7058 0.7149 0.7322 0.7422 0.7396 0.7119 0.7424

Fig. 15 MXY
F

0.6733 0.6735 0.8654 0.9204 0.9328 0.9163 0.9541

SSIM 0.8786 0.8790 0.9502 0.9445 0.9272 0.9590 0.9817
Q(X, Y, F) 0.8900 0.8877 0.9721 0.9892 0.9884 0.9670 0.9855
QXY/F 0.3895 0.3884 0.4410 0.4553 0.4418 0.4471 0.4628

Fig. 16. The noisy ‘‘tree’’ source images (a and b), the fused image obtained by the proposed method (c), the final fusion result after denoising (d).
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noisy images. Fig. 16a and b is the noisy multi-focus images cor-
rupted by zero-mean Gaussian white noise with r = 30. Using
noisy images as inputs, the fusion result obtained by the proposed
method is presented in Fig. 16c. It can be seen that the fused image
is also satisfactory. For instance, the focused car and tree are both
well preserved. However, since the fusion process of the proposed
method is performed on spatial domain, the Gaussian noise cannot
be removed in the fusion process. In order to remove these noises,
a fast denoising method [36] is performed on Fig. 16c. Fig. 16d
shows the de-noised fused image which has more satisfactory vi-
sual quality.

Finally, in order to show the potential of the proposed method
in other applications of image fusion, we perform an experiment
over a pair of infrared and visible images shown in Fig. 17a and
b. It can be seen that warm objects stand out well against cool
backgrounds in the infrared image, i.e., the person is easily visible
against the environment, while the visible image reveals more vis-
ible details of the background such as the fence. For the infrared
image, because the objects with higher luminance are usually more
salient, the trimap generation process of our method should be
modified. In this experiment, the definite ‘‘focused’’ region of the
infrared image is obtained by binarization. The threshold used
for binarization is set as three-quarters of the maximum gray va-
lue. Fig. 17c, d and e shows the fused images obtained by the
DTCWT, NSCT and the proposed method, respectively. It can be
seen that, in this case, our method can generate more satisfactory
fused image (see Fig. 17e), i.e., the man and fence in Fig. 17e are
clearer compared with those in Fig. 17c and d.
5. Conclusions

In this paper, a novel approach is proposed to fuse multi-focus
images in dynamic scenes. Unlike previous fusion methods which
compare the focus values of pixels or regions to decide where is
in focus, our approach forwards the focus information to image
matting to find the focused region. Since image matting is able to
make full use of the strong correlations between nearby pixels,



Fig. 17. The infrared and visible images (a and b), the fused images by DTCWT (c), NSCT (d), proposed method (e). (Image courtesy of Alexander Toet).

S. Li et al. / Information Fusion 14 (2013) 147–162 161
the proposed method shows better fusion performance compared
with previous methods when merging multi-focus images in dy-
namic scenes. Besides, the robustness of the proposed method to
image noise is demonstrated. The potential of the proposed meth-
od in infrared and visible image fusion is also presented. However,
it is only a premature attempt. In the future, it is worthy to further
investigate the effectiveness of the proposed method for other re-
lated tasks of image fusion.
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