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Abstract: In this study, a novel adaptive sparse representation (ASR) model is presented for simultaneous image fusion and
denoising. As a powerful signal modelling technique, sparse representation (SR) has been successfully employed in many
image processing applications such as denoising and fusion. In traditional SR-based applications, a highly redundant
dictionary is always needed to satisfy signal reconstruction requirement since the structures vary signiﬁcantly across different
image patches. However, it may result in potential visual artefacts as well as high computational cost. In the proposed ASR
model, instead of learning a single redundant dictionary, a set of more compact sub-dictionaries are learned from numerous
high-quality image patches which have been pre-classiﬁed into several corresponding categories based on their gradient
information. At the fusion and denoising processes, one of the sub-dictionaries is adaptively selected for a given set of source
image patches. Experimental results on multi-focus and multi-modal image sets demonstrate that the ASR-based fusion
method can outperform the conventional SR-based method in terms of both visual quality and objective assessment.

1

Introduction

Image fusion technique aims at generating a composite image
by integrating the complementary information from multiple
source images of the same scene [1]. The source images
can be obtained from either an imaging sensor whose
optical parameters can be adjusted or different kinds of
sensors. The composite/fused image will be more suitable
for human perception or machine processing than any
individual source image. Recently, image fusion technique
has been widely employed in machine vision, remote
sensing, medical imaging etc.
During the past two decades, various image fusion
algorithms have been developed. Generally, these methods
can be grouped into two categories: spatial domain fusion
(SDF) and transform domain fusion (TDF) [2]. The SDF
methods usually deal with image blocks [3, 4] or
segmented regions [5]. The basic principle is to select
image blocks or regions from source images with a certain
activity level measurement [6]. However, the fused results
of block-based methods usually suffer from blocking effect
even though the block size can be optimised [4]. It is also
difﬁcult for the region-based methods to stably obtain
high-quality result since image segmentation is really a
tough task. The TDF methods share a ‘decompositionfusion-reconstruction’ framework [7], namely, decompose
the source images into a multi-scale domain, fuse the
transformed coefﬁcients by a given rule and reconstruct the
fused image with the merged coefﬁcients. Traditional
multi-scale transforms used in TDF methods include
morphological pyramid [8], gradient pyramid [9], discrete
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wavelet transform (DWT) [10], dual tree complex wavelet
transform (DTCWT) [11], curvelet transform (CVT) [12],
non-subsampled contourlet transform (NSCT) [13],
non-subsampled shearlet transform [14] etc. The core idea
behind these methods is that the underlying salient
information of the source images can be extracted from the
transformed coefﬁcients. Most recently, some new TDF
methods based on multi-scale ﬁltering have been
introduced, such as the multi-scale edge-preserving
decomposition-based method [15] and the neighbour
distance (ND)-based method [16]. Sparse representation
(SR) has been successfully employed in many image
processing applications including denoising [17],
super-resolution [18, 19] and fusion [20–25]. The SR-based
fusion methods can also be classiﬁed into the TDF methods
since the activity level of source images is measured in the
sparse domain.
In image fusion literature, compared with the great
concentration on fusing clear source images, less attention
has been paid to develop effective fusion algorithms for
noisy ones. Since images are often corrupted by noise
during acquisition or transmission, it has practical
signiﬁcance to study the subject of noisy image fusion. This
paper mainly focuses on this point. Particularly, the main
contribution of this paper is that a novel adaptive SR (ASR)
model is presented for simultaneous image fusion and
denoising. In traditional SR-based applications like
denoising and fusion, a highly redundant dictionary is
usually needed to satisfy signal reconstruction requirement
because the structures of different image patches vary
signiﬁcantly. However, the study in [26] shows that a
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highly redundant dictionary may lead to potential visual
artefacts in the reconstruction result, especially when the
input signal is corrupted by noise. A simple explanation is
that when a dictionary has too many atoms, the possibility
that one atom and a noisy input signal own similar structure
is relative high. Thus, based on the SR theory, the input
signal may be just replaced by the corresponding atom,
rather than being denoised. Another problem caused by a
redundant dictionary is the computational efﬁciency. For
the SR-based image applications, the computational cost
will increase a lot when the dictionary size (the number of
atoms) becomes larger. To overcome the above two
shortcomings of conventional SR-based fusion methods, we
propose a novel ASR model for simultaneous image fusion
and denoising in this paper. In the ASR model, instead of
learning a single redundant dictionary, a set of more
compact sub-dictionaries is learned from numerous
high-quality image patches which have been pre-classiﬁed
into several corresponding categories based on their
gradient information. At the fusion and denoising processes,
one of the sub-dictionaries is adaptively selected for a given
set of source image patches.
A preliminary version of this work appeared in [25], where
we only tested the algorithm on multi-focus images and the
experiments were not very sufﬁcient. In this paper, we
conduct much more experiments on both multi-focus and
multi-modal image sets to further conﬁrm the effectiveness
of the proposed method. Moreover, the descriptions of both
the ASR model and the fusion method are more scientiﬁc
and accurate here. This paper is structured as follows.
Section 2 introduces some related work about SR and its
applications on image fusion and denoising. The ASR
model is introduced in Section 3. Section 4 presents the
ASR-based fusion scheme in detail. The experimental
results are given in Section 5. Finally, Section 6 concludes
this paper.

2

Related work

On the basis of the physiological characteristics of human
visual system, SR is presented to address the inherent
sparsity of natural signals [27]. The basic assumption
behind SR is that a signal x ∈ Rn can be approximately
represented by a linear combination of a ‘few’ atoms from a
redundant dictionary D ∈ Rn × m(n < m), where n is the
signal dimension and m is the dictionary size. That is, the
signal x can be expressed as x ≃ Da, where α ∈ Rm is the
unknown sparse coefﬁcient vector. As the dictionary is
over-complete, there are numerous feasible solutions for
this underdetermined system of equations. The target of SR
is to calculate the sparsest α which contains the fewest
non-zero
entries
among
all
feasible
solutions.
Mathematically, the sparest α can be obtained with the
following sparse model
min ||a||0 s.t.||x − Da||2 , 1
a

(1)

where ε > 0 is an error tolerance and †0 denotes the l0-norm
which counts the number of non-zero entries. A popular
method to solve this non-deterministic polynomial-hard
problem is the orthogonal matching pursuit (OMP) [28],
which iteratively updates the sparse vector by selecting the
most relevant atom to the given signal.
There are two main categories of ofﬂine approaches to
obtain a dictionary. The ﬁrst one is using the analytical
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models such as discrete cosine transform and DWT, which
own the advantages of simplicity and fast implementation.
However, this category of dictionary is often restricted to
signals of a certain type and cannot be used for an arbitrary
family of signals. The second category is based on machine
learning
√ √technique. Suppose that M image patches of size
n × n are sampled from natural images and rearranged
to column vectors in the Rn space, thereby the training
n
database {yi }M
i=1 is constructed with each yi ∈ R . The
dictionary learning model can be presented as
min

M  



a  s.t. y − Da  , 1,
i 0
i
i 2

D, {ai }M
i=1 i=1

i = 1, 2, . . . , M
(2)

where ε > 0 is an error tolerance, {ai }M
is the unknown
 M i=1
sparse vector corresponding to yi i=1 and D ∈ Rn × m is the
unknown dictionary to be learned. The K-singular value
decomposition (K-SVD) algorithm [29] is one of the most
commonly used methods to solve this problem.
As a powerful signal modelling technique, SR has achieved
a great success in image processing community in recent
years. Elad and Aharon [17] presented an SR-based image
denoising method with learned dictionary. In [17], the
image is assumed to be corrupted by additive white
Gaussian noise with zero-mean and standard deviation σ.
Note that the SR-based denoising process is performed
locally on small image patches with overlaps, namely, the
sliding-window technique is employed. For each image
patch√x,
 the error tolerance in (1) is adaptively set as
1 = nC s [30] to calculate the sparse vector α
min ||a||0 s.t. ||x − Da||2 ,
a

√
nC s

(3)

where C > 0 is a constant. Then, with the learned dictionary,
the corresponding denoised patch y is reconstructed by
y = Da

(4)

Finally, all the processed patches are put back into the image
coordinate space to form the denoised image. Since each pixel
may be simultaneously involved by several patches, its ﬁnal
value should be averaged over the number of related patches.
SR was ﬁrst introduced into image fusion by Yang and Li in
[20]. The sliding-window technique is also adopted in their
method to make the fusion process more robust to noise and
mis-registration. The most important contribution of [20] is
the sparse coefﬁcient vector used to measure the activity
level of source images. Particularly, among all the source
sparse vectors, the one owning the maximal l1-norm is
selected as the fused sparse vector (‘max-L1’ fusion rule).
The fused image is reconstructed with all the fused sparse
vectors and the dictionary. Many improved SR-based fusion
methods [21–25] have been proposed since this fundamental
work appeared. These publications show that the SR-based
methods, which own clear advantages over traditional
multi-scale transform (e.g. DTCWT and NSCT) based
methods, are capable of leading to state-of-the-art results.

3

ASR model

Recently, Dong et al. [19] presented an SR-based image
super-resolution method by dividing the sparse domain with
several compact sub-dictionaries. However, there are two
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concerns about the sub-dictionary learning approach
proposed in [19]. First, the natural image patches used for
sub-dictionary learning are clustered using the K-means
algorithm, so the learning process will be very
time-consuming if the number of training patches is very
large (e.g. 100 000). Second, and more importantly, the
reasonability of clustering result is not easy to ensure since
the K-means algorithm depends much on the initial centre
of each cluster. In this paper, instead of applying the
unsupervised learning technique like the K-means
clustering, we use a supervised classiﬁcation approach to
group each patch into a category based on its gradient
information. The detailed sub-dictionary learning scheme is
described as follows.
To construct the training set √
for dictionary
learning,
√
numerous image patches of size n × n are randomly
sampled from a set of high-quality natural images. The
mean value of each sampled patch is subtracted to zero
before training to guarantee that the mean value of each
atom in the learned dictionary is also zero. Then, to ensure
that only the patches with enough edge structures are
included in the training set, a patch whose intensity
variance is less than a given threshold will be excluded [18,
19]. Let P = {p1, p2, …, pM} denote the training set which
is formed by M preserved meaningful image patches.
As mentioned above, the patches in set P should be
classiﬁed into several categories to learn a series of compact
sub-dictionaries. To this end, the gradient dominant
direction of a patch is employed for classiﬁcation. Like the
orientation assignment approach in the scale-invariant
feature transform descriptor [31], we obtain a patch’s
dominant direction using a gradient orientation histogram
which is formed from the gradients of all the inside pixels.
For each pi ∈ P, its horizontal gradient Gx(x, y) and vertical
gradient Gy(x, y) are obtained with the ‘Sobel’ operator
⎛
⎞
−1 0 1
(5)
G x (x, y) = pi (x, y)∗⎝ −2 0 2 ⎠
−1 0 1
⎛

−1
G y (x, y) = pi (x, y)∗⎝ 0
1

⎞
−2 −1
0
0 ⎠
2
1

(6)

where * denotes the two-dimensional convolution operation.
The gradient magnitude G(x, y) and orientation Θ(x, y) are
calculated by
G(x, y) =


G x (x, y)2 + G y (x, y)2

Q(x, y) = tan−1 (G y (x, y)/G x (x, y))

(7)
(8)

Suppose that an orientation histogram has K bins equally
dividing the 360° range of orientations. Fig. 1a shows the
example of K = 6. To form the histogram for patch pi, the
gradient orientation Θ(x, y) at each pixel (x, y) in pi is ﬁrst
quantised into one of the K bins, and then the gradient
magnitude G(x, y) is added to the corresponding bin. Let
{θ1, θ2, …, θK} denote the obtained orientation histogram.
Naturally, the bin having the highest peak in the histogram
is corresponding to the dominant direction of pi. However,
some irregular patches may not have clear dominant
directions, that is, the differences among the K bins in their
histograms are not very distinctive. In this situation, since a
compact sub-dictionary is learned from the patches which
have relative similar structures, it is more reasonable to use
a dictionary learned from the patches having various
structures. Thus, there are totally K + 1 sub-dictionaries {D0,
D1, D2, …, DK}, in which D0 is learned from all the patches
in P, whereas {Dk|k = 1, …, K} is learned from the patches
in a corresponding subset {Pk|k = 1, …, K} of P. Let ki
denote the index of Pk that the patch pi should be grouped
into. On the basis of the above considerations, ki is obtained
with the following classiﬁcation rule
⎧
⎨ 0,
ki =
⎩ ∗
k ,

umax
2
,
K
K
u
k=1 k
otherwise

if

(9)

where θmax = max{θ1, θ2, …, θK} is the highest peak in the
histogram and k ∗ = arg max {uk |k = 1, 2, . . . , K} is the
index of θmax. ki = 0 meansk that the pi is an irregular patch.
This rule indicates that a patch will be viewed as an
irregular patch if the ratio umax / Kk=1 uk is smaller than 2/K.
Otherwise, the patch will be classiﬁed into the subset P k ∗ .

Fig. 1 Learning sub-dictionaries in the ASR model
a Illustration of dividing the 360° range of orientations
b–h Learned sub-dictionaries
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By applying the rule (9) to all training patches in P, {Pk|k =
1, …, K} can be constructed. Finally, we learn the K + 1
sub-dictionaries {D0, D1, D2, …, DK} with the K-SVD
algorithm from {Pk|k = 1, …, K}. An example of K = 6 is
given in Figs. 1b–h. In this example, we randomly sampled
100 000 image patches of size 8 × 8 from 50 natural
images. The size of each sub-dictionary is set to 256. After
using var( p) < 10 to remove the smooth patches, the
obtained P consists of 82 576 patches. Then, via rule (9),
each set of {Pk|k = 1, …, K} obtains about 10 000 patches.
Fig. 1b shows the sub-dictionary D0 learned from all the
82 576 patches. The other six sub-dictionaries are shown in
Figs. 1c–h, from which we can see that the atoms in each
sub-dictionary generally have consistent gradient directions.

4 Simultaneous fusion and denoising
method
The schematic diagram of our ASR-based fusion algorithm is
shown in Fig. 2. Suppose that there are J pre-registered source
images {I1, I2, …IJ} of size H × W. All the source images are
assumed to be corrupted by additive white Gaussian noise
with zero-mean and standard deviation σ(σ = 0 means the
images are clear). With the learned sub-dictionaries {D0, D1,
D2, …, DK}, the detailed fusion scheme consists of the
following six steps.
Step 1: For each source image Ij, apply the sliding-window
√ √
technique to extract all possible patches of size n × n
with a step length of one pixel from upper left to lower

N
right. Let si1 , si2 , . . . , siJ i=1 denote a set of patches in {I1,
the
same
position
i,
where
I2, …IJ} √with

√
N = (H − n + 1) × (W − n + 1) is the number of
extracted patches in each source image.

Step 2: For each
i, rearrange
si1 , si2 , . . . , siJ into
 position

column vectors vi1 , vi2 , . . . , viJ , and then
 normalise the
mean value of each vij in vi1 , vi2 , . . . , viJ to zero to obtain

v̂ij by
v̂ij = vij − vij · 1

(10)

where vij is the mean value over all the elements of vij and 1
denotes an all-one valued
n × 1 vector.


Step 3: Among v̂i1 , v̂i2 , . . . , v̂iJ , pick out the v̂im which
has the largest variance. Then, construct the gradient
orientation histogram for v̂im based on the approach
presented in Section 3, and select one sub-dictionary from
{D0, D1, D2, …, DK} using the rule in (9). Let Dki denotes
the adaptively selected sub-dictionary.
i
Step
the
 i4: Calculate
 sparse coefﬁcient vector aj of each
i
i
i
v̂j in v̂1 , v̂2 , . . . , v̂J with Dki by
min ||aij || s.t. ||v̂ij − Dki aij ||2 ,
aij

√
nC s + 1

(11)

where C > 0 is a constant and ε > 0 is an error tolerance.
5: Merge
the J obtained sparse vectors
 Step

ai1 , ai2 , . . . , aiJ with the ‘max-L1’ fusion rule [20, 21].
The detailed reason that the ‘max-L1’ rule is appropriate for
image fusion can be found in [21]. Speciﬁcally, the l1-norm
of the sparse vector is employed as the activity level
measurement of the corresponding source
image patch, and

the fused sparse vector aiF of ai1 , ai2 , . . . , aiJ is
obtained with the following rule

aiF = aij∗ ,

j∗ = arg max {||aij ||1 |,
j

j = 1, 2, . . . , J }
(12)

The merged mean value viF of
accordingly set as
viF = vij∗

 i i

v1 , v2 , . . . , viJ is

(13)

Fig. 2 Schematic diagram of the ASR-based fusion algorithm
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Finally, the fused result of vi1 , vi2 , . . . , viJ is calculated by
viF = Dki aiF + viF · 1

(14)

Step 6: Iterate steps 2–5 for all the N sets of source image

N
patches in si1 , si2 , . . . , siJ i=1 to obtain the fused results
 i N
vF i=1 . Let IF denote the fused image. For each viF , reshape
√ √
it into a n × n patch siF and then plug siF into its
original position in IF. As the patches are overlapped, IF is
ﬁnally obtained with each pixel’s value being averaged over
its accumulation times.

5

Experiments

In this section, we ﬁrst present the detailed experimental
setups including test image sets and various methods for
comparison. Then, the fusion metrics used for quantitative
assessment are brieﬂy introduced. Finally, the experimental
results are exhibited and discussed.
5.1

Experimental setups

In our experiments, the proposed method is tested on 12 pairs
of multi-focus images and 8 pairs of multi-modal images, as
shown in Fig. 3. To verify the effectiveness of the proposed
method on fusing noisy images, zero-mean Gaussian noises
with standard deviations of 5, 10, 15 and 20 are artiﬁcially
added to these clear source images.
One advantage of most TDF methods is they can naturally
integrate the denoising process into the fusion framework. For
the fusion methods based on multi-scale transforms such as

CVT and NSCT, the transform coefﬁcients of noisy source
images are ﬁrst denoised. Speciﬁcally, the coefﬁcients with
absolute values less than some given thresholds are set to
zero while others remain unchanged. Then, the denoised
source coefﬁcients are merged. For the SR-based fusion
method, the combination of fusion and denoising is even
more straightforward, which have been introduced before.
However, it is often difﬁcult for most SDF methods to
combine the denoising and fusion together. Therefore, to
evaluate the proposed method objectively, only TDF
methods are compared in this paper.
The ASR-based method is compared with ﬁve popular or
latest TDF methods based on DWT [10], CVT [12], NSCT
[13], ND [16] and SR [20]. The parameters of these
methods are set as follows. For the DWT, CVT, NSCT and
ND methods, the decomposition levels are all set to 4. The
low-frequency bands are merged with the ‘averaging’ rule,
whereas the ‘choosing maximum absolute’ rule with a 3 × 3
window-based consistency veriﬁcation scheme [10] is
adopted to fuse high-frequency bands. For the DWT
method, the wavelet basis ‘db4’ is applied. For the NSCT
method, we use the ‘pyrexc’ ﬁlter as the pyramid ﬁlter and
the ‘vk’ ﬁlter as the directional ﬁlter. Moreover, the
direction numbers of the four decomposition levels are
selected as 4, 8, 8 and 16. All the above parameters are set
according to the results in a survey paper [32], which fully
investigates the optimal parameter settings for various
multi-scale transform-based fusion methods. For the SR and
ASR methods, the patch size is set to 8 × 8 and the error
tolerance ε is set to 0.1 according to the study in [20].
Furthermore, either the SR or ASR method has two
versions with different dictionary sizes of 128 and 256. Let
SR-128, SR-256, ASR-128 and ASR-256 denote the four

Fig. 3 Source images used in our experiments
a 12 pairs of multi-focus images
b 8 pairs of multi-modal images
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corresponding methods. All the dictionaries are learned with
the K-SVD method using default parameters given in [29].
For either ASR-128 or ASR-256, the number of
sub-dictionaries is ﬁxed to 7, that is, K = 6 in (9).
When the source images are corrupted by noise, we only
compare the ASR method with CVT, NSCT and SR
methods for the following two reasons. First, in image
denoising applications, the advantages of the CVT [33],
NSCT [34] and SR [17] based methods over traditional
multi-resolution (e.g. DWT) methods have been widely
veriﬁed. Second, the latest ND method [16] is only
employed to fuse clear images. For the CVT and NSCT
methods, the hard thresholding approaches presented in [33,
34] are used for source image denoising, respectively. For
SR-128, SR-256, ASR-128 and ASR-256, the parameter C
in (11) is set to 1.15 [17].
5.2

(3) Yang’s fusion metric QY [39]. QY is a structural
similarity-based fusion metric which measures the level of
structural information of source images preserved in the
fused image. QY is deﬁned as (see (17))
where SSIM is structural similarity [40] between two images,
w is a local window and l(w) is the local weight.
(4) Chen–Blum metric QCB [41]. QCB is a human
perception-based fusion metric which addresses the major
features in human visual system. The calculation of QCB is
relative complex and more details can be found in [41].
For each of the four metrics, a larger value indicates a better
fused result. To guarantee the objectivity of evaluation
results, all the four metrics are calculated using an
evaluation toolbox implemented by Z. Liu (the ﬁrst author
of [35]).

Objective evaluation metrics

It is not an easy task to quantitatively evaluate the quality of a
fused image because the reference image (ground truth) does
not exist in practice. Although many fusion metrics have been
proposed, none of them is universally believed to be more
reasonable than others. Thus, it is necessary to use several
metrics for evaluation. According to a recent survey by Liu
et al. [35], the fusion metrics can be classiﬁed into four
categories: information theory-based metrics, image
feature-based metrics, image structural similarity-based
metrics and human perception-based metrics. In this paper,
we choose one metric from each of the above four
categories. The four selected metrics are brieﬂy introduced
as follows. Uniformly, let A and B denote two source
images of size H × W, whereas F as the fused image.
(1) Normalised mutual information (MI) QMI [36]. QMI is an
information theory-based fusion metric which can overcome
the instability of traditional MI metric [37]. The deﬁnition
of QMI is


QMI

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


(15)

where H(X) is the entropy of image X and MI(X, Y) is the MI
between images X and Y. QMI calculates the amount of
information in F obtained from A and B.
(2) Gradient-based fusion metric QG [38]. QG is an image
feature-based metric. It is a popular fusion metric which
evaluates the extent of gradient information extracted from
the source images. QG is calculated by
QG =

H
x=1

W
y=1

(QAF (x, y)wA (x, y) + QBF (x, y)wB (x, y))
H
x=1

W
y=1

(wA (x, y) + wB (x, y))
(16)

AF
QAF
and
where QAF (x, y) = QAF
g (x, y)Qa (x, y),
g (x, y)
QAF
(x,
y)
denote
the
edge
strength
and
orientation
a
preservation values at pixel (x, y). The deﬁnition of QBF(x, y)
is same with that of QAF(x, y). The weighting factors wA(x,
y) and wB(x, y) indicate the signiﬁcances of QAF(x, y) and
QBF(x, y), respectively.


QY =

5.3

Experimental results and discussion

Figs. 4a and b show two clear multi-focus source images,
between which a slight motion of the student’s head exists.
The fused results of different methods are shown in
Figs. 4c–j. The fused image of the DWT method suffers
serious artefacts since DWT is not shift-invariant. The fused
results of the CVT, NSCT and ND methods are much
better, but the artefacts around the student’s head still exists
mainly because the low-frequency bands are simply merged
with the ‘averaging’ rule. The fused images of SR-128,
SR-256, ASR-128 and ASR-256 are in high visual quality,
but the differences among Figs. 4g–j are not very obvious
in terms of visual perception.
A fusion example of clear visible and infrared images is
shown in Fig. 5. The visible image shown in Fig. 5a
captures more spatial details such as the brushwood and
fence, whereas thermal objects such as the person can be
easily extracted from the infrared image shown in Fig. 5b.
Figs. 5c–j show the different fused results. Similarly, the
artefacts in the fused image of the DWT method are the
most serious. The CVT, NSCT and ND methods can extract
enough spatial details from the visible image, but the
person in their fused results looks darker than that in other
results. The fused results of SR-128, SR-256, ASR-128 and
ASR-256 are in high quality for both spatial details and
thermal objects are well preserved. With more careful
observation, we can see that the spatial information is more
accurate in the fused image obtained by ASR-256 than
those of SR-128, SR-256 and ASR-128 (see the edges of
house in the scene).
Fig. 6 shows a fusion example for noisy multi-focus
images. The two noisy images shown in Figs. 6c and d are
obtained by injecting zero-mean white Gaussian noise with
σ = 10 into the two source images shown in Figs. 6a and b,
respectively. The different fused results obtained from the
noising inputs are shown in Figs. 6e–j. The results of the
CVT and NSCT methods suffer from both low visibility
and serious artefacts. The fused images of SR-128 and
SR-256 have much better visual quality, but some
undesirable artefacts still exist (see the top border of the far
clock in the scene). The fused images obtained by ASR-128
and ASR-256 own high clarity without obvious artefacts.

l(w)SSIM(A, F|w) + (1 − l(w))SSIM(B, F|w), SSIM(A, B|w) ≥ 0.75
max {SSIM(A, F|w), SSIM(B, F|w)}, SSIM(A, B|w) , 0.75
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Fig. 4 Example of clear multi-focus image fusion
a Foreground-focused source image
b Background-focused source image
c Fused image by DWT
d Fused image by CVT
e Fused image by NSCT
f Fused image by ND
g Fused image by SR-128
h Fused image by SR-256
i Fused image by ASR-128
j Fused image by ASR-256

The last example shown in Fig. 7 is given for noisy medical
image fusion. Fig. 7a shows a computed tomography (CT)
image which mainly illuminates the bone structure, whereas
Fig. 7b shows a magnetic resonance imaging (MRI) image
which addresses the soft tissue structures. In clinical
medicine, to help doctors make more accurate diagnoses, it
is very worthwhile to compose a single image which
simultaneously contains the information of CT and MRI
images. The arrangement of Fig. 7 is same as that of Fig. 6
and the standard deviation of injected Gaussian noise is

also 10. The fused results of the last four methods have
higher contrast in soft tissue structures than those of the
CVT and NSCT methods. Some important bond structural
information is lost by SR-128 and SR-256, whereas
ASR-128 and ASR-256 can obtain more useful information
from two source images.
Tables 1 and 2 list the average quantitative assessments of
different methods on multi-focus images and multi-modal
images, respectively. The maximum in each line is shown
in bold, which implies the best performance over all

Fig. 5 Example of clear multi-modal image fusion
a Visible image
b Infrared image
c Fused image by DWT
d Fused image by CVT
e Fused image by NSCT
f Fused image by ND
g Fused image by SR-128
h Fused image by SR-256
i Fused image by ASR-128
j Fused image by ASR-256
IET Image Process., 2015, Vol. 9, Iss. 5, pp. 347–357
doi: 10.1049/iet-ipr.2014.0311

353

& The Institution of Engineering and Technology 2015

www.ietdl.org

Fig. 6 Example of noisy multi-focus image fusion
a Foreground-focused clear source image
b Background-focused clear source image
c Foreground-focused noisy source image
d Background-focused noisy source image
e Fused image by CVT
f Fused image by NSCT
g Fused image by SR-128
h Fused image by SR-256
i Fused image by ASR-128
j Fused image by ASR-256

Fig. 7 Example of noisy multi-modal image fusion
a Clear CT image
b Clear MRI image
c Noisy CT image
d Noisy MRI image
e Fused image by CVT
f Fused image by NSCT
g Fused image by SR-128
h Fused image by SR-256
i Fused image by ASR-128
j Fused image by ASR-256
354
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Table 1 Average quantitative assessments of different methods on 12 pairs of multi-focus images
Fusion metrics

Standard deviations

Methods
DWT

QMI

QG

QY

QCB

0
5
10
15
20
0
5
10
15
20
0
5
10
15
20
0
5
10
15
20

0.7906
—
—
—
—
0.6579
—
—
—
—
0.8541
—
—
—
—
0.6885
—
—
—
—

CVT

NSCT

ND

SR-128

SR-256

ASR-128

ASR-256

0.8473
0.7336
0.6760
0.6398
0.6122
0.6934
0.6123
0.5498
0.4965
0.4528
0.8819
0.7227
0.6439
0.5912
0.5491
0.6921
0.6587
0.6227
0.5948
0.5705

0.9024
0.7975
0.7436
0.7072
0.6703
0.7157
0.6328
0.5677
0.5078
0.4525
0.9252
0.7561
0.6804
0.6278
0.5832
0.7382
0.6739
0.6289
0.5919
0.5611

0.9082
—
—
—
—
0.7168
—
—
—
—
0.9358
—
—
—
—
0.7245
—
—
—
—

1.0871
0.8726
0.7890
0.7336
0.6981
0.7291
0.6550
0.5929
0.5437
0.4987
0.9442
0.7846
0.6953
0.6422
0.6053
0.7551
0.6930
0.6522
0.6242
0.5985

1.0925
0.8794
0.7942
0.7369
0.6977
0.7294
0.6537
0.5944
0.5434
0.4994
0.9457
0.7861
0.6966
0.6426
0.6040
0.7562
0.6935
0.6517
0.6251
0.6003

1.0886
0.8765
0.7946
0.7392
0.7008
0.7282
0.6580
0.5970
0.5495
0.5058
0.9440
0.7875
0.6983
0.6484
0.6119
0.7555
0.6951
0.6575
0.6303
0.6099

1.0914
0.8783
0.7970
0.7398
0.6996
0.7296
0.6575
0.5981
0.5478
0.5055
0.9453
0.7902
0.6998
0.6479
0.6107
0.7564
0.6957
0.6569
0.6289
0.6106

methods. The underlying characteristics behind Tables 1 and
2 can be mainly summarised into the following three points.
(1) The SR- and ASR-based methods clearly outperform
traditional multi-scale transform-based methods in terms of
both clear and noisy situations. Thus, we only concentrate
on the four SR- and ASR-based methods next.
(2) When the source images are clear, the performance order
is generally ASR-256 > SR-256 > ASR-128 > SR-128, where
the symbol ‘ > ’ indicates ‘better than’. However, the
differences among these four methods are very slight.
(3) When the source images are corrupted by noise, the order
is generally {ASR-128, ASR-256} > {SR-128, SR-256} with
considerable differences, which indicates that the proposed
ASR model is more effective than the conventional SR
model in this situation. Furthermore, ASR-256 > ASR-128
is not always valid especially when the standard deviation
is larger than 10, and so is SR-256 > SR-128. In other

words, when the corrupted noise is serious, a larger
dictionary size may not lead to a better result. The main
reason for this is that a highly redundant dictionary may
cause potential artefacts in the reconstruction result, which
has been explained in Section 1.
At last, we compare the computational efﬁciency of the
four SR- and ASR-based methods. For clear comparison,
we normalise the averaging running time of ASR-128 to a
basic time unit (about 120 s for fusing two 256 × 256
source images in MATLAB on a 3 GHz computer). The
results are listed in Table 3, from which we can see that the
computational cost of the ASR model only increase by
about 15% relative to the SR model when the dictionary
size is ﬁxed. Moreover, ASR-128 is more efﬁcient than
SR-256. Considering that ASR-128 can broadly compete
with SR-256 in clear situation and outperform it in noisy

Table 2 Average quantitative assessments of different methods on 8 pairs of multi-modal images
Fusion metrics

Standard deviations

Methods
DWT

QMI

QG

QY

QCB

0
5
10
15
20
0
5
10
15
20
0
5
10
15
20
0
5
10
15
20

0.3623
—
—
—
—
0.5488
—
—
—
—
0.7407
—
—
—
—
0.5171
—
—
—
—
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CVT

NSCT

ND

SR-128

SR-256

ASR-128

ASR-256

0.3866
0.3733
0.3628
0.3553
0.3476
0.5569
0.5021
0.4469
0.4035
0.3676
0.7424
0.6207
0.5652
0.5260
0.4926
0.5226
0.5071
0.4956
0.4678
0.4494

0.4185
0.4056
0.3966
0.3879
0.3815
0.6578
0.5804
0.5089
0.4485
0.3983
0.8257
0.6639
0.6024
0.5529
0.5111
0.5545
0.5181
0.4980
0.4720
0.4521

0.4582
—
—
—
—
0.6454
—
—
—
—
0.8259
—
—
—
—
0.5402
—
—
—
—

0.5033
0.4564
0.4235
0.4059
0.3952
0.6631
0.6089
0.5496
0.4793
0.4299
0.8484
0.6992
0.6395
0.5775
0.5477
0.5735
0.5319
0.5017
0.4796
0.4614

0.5076
0.4592
0.4243
0.4066
0.3945
0.6661
0.6104
0.5529
0.4839
0.4312
0.8492
0.7029
0.6411
0.5796
0.5462
0.5743
0.5330
0.5032
0.4805
0.4608

0.5069
0.4581
0.4276
0.4107
0.4003
0.6654
0.6131
0.5583
0.4895
0.4370
0.8487
0.7030
0.6443
0.5835
0.5511
0.5742
0.5358
0.5082
0.4875
0.4703

0.5118
0.4606
0.4280
0.4108
0.3991
0.6685
0.6176
0.5601
0.4888
0.4357
0.8554
0.7049
0.6439
0.5847
0.5508
0.5753
0.5369
0.5073
0.4867
0.4682
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Table 3 Computational costs of different methods
Methods
computational costs

SR-128

SR-256

ASR-128

ASR-256

1

1.59

1.15

1.82

situation, the ASR-based method also has an advantage over
the SR-based method in terms of efﬁciency.

6

Conclusions

In this paper, we ﬁrst present a novel ASR model by learning
several compact sub-dictionaries to represent the sparse
domain. Then, a simultaneous image fusion and denoising
method based on the ASR model is proposed in detail.
Particularly, the gradient information of a local patch is
employed for training patch classiﬁcation in the dictionary
learning stage as well as adaptive sub-dictionary selection
in the fusion process. Experimental results on multi-focus
and multi-modal image sets demonstrate that the
ASR-based fusion method can outperform the SR-based
method in terms of both visual quality and quantitative
assessment, especially in the practical situation that the
source images are corrupted by noise. Furthermore, with
more compact dictionaries applied in the ASR model, the
algorithm can be more efﬁcient than the SR-based method
using a single redundant dictionary.
To fairly verify the effectiveness of the ASR model used in
image fusion, we believe it is reasonable to use the classic SR
model for comparison, although some fusion methods based
on improved SR model have been introduced, such as the
simultaneous OMP (SOMP) in [21] and joint SR (JSR) in
[22]. Actually, it is worthwhile to note that these improved
SR models can be naturally combined into the proposed
ASR-based fusion framework because the ASR model
proposed in this paper and the SOMP or JSR model are in
different hierarchies (the two ‘model’ have different
meanings). For example, with an adaptively selected
sub-dictionary in the ASR-based fusion framework, the
SOMP or JSR can be used just as with a redundant
dictionary in the SR-based fusion framework. Also because
of this, there is still large room for improving the
ASR-based fusion method in the future.
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