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Abstract—As a popular signal modeling technique, sparse rep-
resentation (SR) has achieved great success in image fusion over
the last few years with a number of effective algorithms being
proposed. However, due to the patch-based manner applied in
sparse coding, most existing SR-based fusion methods suffer from
two drawbacks, namely, limited ability in detail preservation and
high sensitivity to misregistration, while these two issues are of
great concern in image fusion. In this letter, we introduce a re-
cently emerged signal decomposition model known as convolu-
tional sparse representation (CSR) into image fusion to address this
problem, which is motivated by the observation that the CSR model
can effectively overcome the above two drawbacks. We propose a
CSR-based image fusion framework, in which each source image
is decomposed into a base layer and a detail layer, for multifocus
image fusion and multimodal image fusion. Experimental results
demonstrate that the proposed fusion methods clearly outperform
the SR-based methods in terms of both objective assessment and
visual quality.

Index Terms—Convolutional sparse representation (CSR),
detail preservation, image fusion, shift invariance, sparse
representation (SR).

I. INTRODUCTION

HE main purpose of image fusion technique is to integrate
T complementary information from multiple source images
of the same scene by generating a fused image [1]. The source
images may originate from different types of imaging sensors or
from a certain kind of sensor but with different imaging param-
eters. The fused image is supposed to be more comprehensive
and suitable for machine or human perception than each source
image individually. During recent years, image fusion has be-
come an active topic in the image processing community, pri-
marily owing to the increasing demand of various image-based
applications in digital photography, video surveillance, medical
imaging, and remote sensing.
A variety of image fusion algorithms have been developed in
recent years. In general, these methods could be classified into
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two main categories: spatial domain methods and transform do-
main methods [2]. Spatial domain methods usually address the
fusion issue via image blocks [3]-[6] or pixel-wise gradient in-
formation [7]-[10]. This category of methods is more applicable
to fusion tasks in which the source images are obtained from
the same type of sensors, such as multifocus fusion [3], [5]-[7],
[10] and multiexposure fusion [4], [8], [9]. Transform domain
methods merge the information contained in the source images
after transforming them into another domain. The fused im-
age is obtained by performing relevant reconstruction methods
on the merged coefficients. Popular transform domains investi-
gated in image fusion include Laplacian pyramid [11], discrete
wavelet transform [12], discrete cosine transform [13], nonsub-
sampled contourlet transform (NSCT) [14], independent com-
ponent analysis [15], sparse representation (SR) [16], etc. Since
these image representation approaches are in accord with the
physiological mechanism of the human visual system (HVS),
transform domain methods are recognized to be very effective in
multimodal image fusion [1], [17], where the source images are
captured by different types of imaging sensors. Another advan-
tage of most transform domain methods is that they can handle
the fusion of noisy images by integrating the denoising process
into the fusion framework [16], [18]. In this letter, we mainly
concentrate on transform domain methods.

SR-based image fusion has emerged as an attractive direction
in transform domain methods over the last few years. Many
effective SR-based fusion methods have been proposed [16],
[18]-[21]. It is generally observed that the SR-based methods
tend to provide better performances than conventional multi-
scale transform based methods. However, it will be discussed
in Section II that the SR-based fusion methods suffer from two
main drawbacks, namely, limited ability in detail preservation
and high sensitivity to misregistration, while these two issues
are of great concern in image fusion.

In this letter, we apply a newly emerged signal decomposi-
tion model, known as convolutional sparse representation (CSR)
[22], to the image fusion problem. We show that CSR can suc-
cessfully overcome the above two drawbacks. The contributions
of this work are two-fold

1) We introduce CSR into the field of image fusion to address
the drawbacks of SR-based fusion methods. To the best
of our knowledge, this is the first time that CSR is applied
to image fusion.

2) A CSR-based image fusion framework is proposed for
multifocus image fusion and multimodal image fusion.
Experimental results demonstrate that the proposed meth-
ods clearly outperform the SR-based methods in terms of
both objective assessment and visual quality.

The rest of this letter is organized as follows. In Section II,

related work and the motivation of this work are presented.
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Section III describes the proposed fusion methods in detail. The
experimental results and discussions are provided in Section I'V.
Finally, Section V concludes the letter.

II. RELATED WORK AND MOTIVATION

A. SR-Based Image Fusion

SR addresses the sparsity of natural signals, which is consis-
tent with the mechanism of HVS [23]. Given a signal s € R"
and an over-complete dictionary D € R"*™ (n < m), the goal
of SR is to estimate a sparse vector x € R” with only a
few nonzero entries such that s ~ Dx. This problem can be
formulated as [24]

argmin [|x||p s.t. |[Dx—sllz <e€ (1)
X

where ||-||, indicates the lj-“norm” that counts the number of
nonzero entries and ¢ is the error tolerance.

SR has been widely used in various image processing and
computer vision applications [25], [26]. In image fusion re-
search, SR was first introduced by Yang and Li [16]. In their
method, the sliding-window technique is applied to divide the
source images into a large number of overlapping patches, and
sparse decomposition is performed independently on each im-
age patch using orthogonal matching pursuit (OMP) algorithm.
The [, -norm of the sparse vector is employed as the activity level
measurement for fusion. Finally, the fused image is obtained by
aggregating all the reconstructed patches into a whole image
with the pixel-wise “overlap-averaging” strategy. In [19], this
method was further modified by adding a constraint to ensure
that the patches of different source images at the same location
are decomposed into the same subset of dictionary atoms. The
related algorithm is called simultaneous OMP (SOMP). Since
then, many improved SR-based image fusion methods have been
proposed [18], [20], [21]. However, in these methods, as in most
SR-based image processing algorithms, to reduce the modeling
burden and computational cost, sparse coding has always been
performed on local image patches rather than on the entire im-
age. This patch-based manner tend to cause the following two
drawbacks of SR-based image fusion methods.

1) Limited Ability in Detail Preservation: In SR-based
methods, the resulting representation at each pixel is mul-
tivalued since adjacent patches are overlapped. Ideally, the
multiple values of one pixel should be exactly the same to
keep the consistency among overlapped patches [27]. However,
since sparse coding is independently performed on each patch
or patch set, this consistency constraint is ignored. In [22],
Wohlberg pointed out that this representation is not optimized
with respect to the entire image. The aggregation and averaging
strategies are applied to obtain the final value for each pixel,
which will inevitably change the original local structures in
the source image. In particular, to avoid blocking artifacts, the
degree of overlap within adjacent patches in SR-based methods
is usually very high. As a result, some details are smoothed or
even lost in the fused image.

2) High Sensitivity to Misregistration: It is well known that
shift invariance is a crucial issue in image fusion. An image
representation approach is shift invariant if it outputs the same
representation (feature measure) for a target feature even if the
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feature is shifted in spatial domain. Based on a shift invariant
representation approach, such as NSCT, it is usually easy to
develop fusion methods that are insensitive to misregistration,
e.g., by designing some simple fusion rules like the window-
based averaging. Otherwise, if the representation approach is not
shift invariant, the output measures of different source images
will not represent the same feature when they are misregis-
tered, leading to meaningless comparison. As a consequence,
the pseudo-Gibbs phenomenon tends to be observed around the
misregistered regions in the fused image.

The SR of an image is only shift invariant when the stride
of patches is one pixel in both horizontal and vertical direc-
tions. However, the computational efficiency in this situation is
usually very low. Even in this case, most patch-wise SR-based
fusion methods [16], [18]-[20] are not robust to misregistration.
This is because in these methods, one patch from a source im-
age is just associated with the patches at the same location from
other source images, while the information contained in their
neighboring patches are not involved. Clearly, the sparse coeffi-
cients of a patch will not remain the same when a certain feature
(e.g., an edge) within it undergoes a translation, so the corre-
sponding comparison in these methods may be meaningless.
When it comes to the entire image, the aggregation and averag-
ing strategies may slightly alleviate this problem, but will not
completely address the concern as the block dividing approach
is independent of image contents.

B. Convolutional Sparse Representation

CSR can be viewed as an alternative representation to
SR using the convolutional form, which aims to achieve the
SR of an entire image rather than a local image patch. The
basic idea of CSR is to model an image s as the sum over a
set of convolutions between sparse coefficient maps x,,, and
dictionary filters d,,, [22]:

{xm }

where * denotes the convolution operator. In the past few
years, several efficient algorithms [22], [28], [29] within the
alternating direction method of multipliers [30] framework
have been proposed to solve this problem in the frequency
domain. This has improved the potential of this model for
practical usage to a large extent.

According to a recent comprehensive survey by Wohlberg
[22], CSR has been studied under two main streams. In the
machine learning community, the CSR model was introduced
by Zeiler et al. [31] in their deconvolutional networks for
feature learning. While in the signal processing community,
CSR is also known as translation/shift-invariant SR [32],
[33]. The convolutional form is derived starting from the
shift-invariance principle.

In this letter, we demonstrate that CSR is an effective model
for image fusion as it can overcome the above two drawbacks
of SR-based fusion methods, primarily based on the following
two motivations:

1) Since the result of CSR is single-valued and optimized

over the entire image [22], the issue of detail preservation
should be well solved;

2
o1
argmlni %:dm * Xy — S ) +)‘Z HXm”l (2)

m
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2) Since CSR is essentially a shift-invariant image represen-
tation model, the fusion quality in misregistered regions
should be significantly improved.

III. PROPOSED FUSION SCHEME

Suppose that there are K preregistered source images de-
noted as Iy, k € {1,..., K}, and suppose a set of dictionary
filters d,,,m € {1,..., M} have been learned by the dictio-
nary learning method in [22]. The proposed CSR-based image
fusion framework consists of the following four steps.

A. Two-Scale Image Decomposition

Each source image I is first decomposed into a base layer
I’ and a detail layer I{. The base layer is obtained by solving
the following optimization problem:

arg min |l — T |[7 +n(llge « GI[E + gy + LllE) - 3)
I)

where g, = [—1 1] and g, = [~1 1] are the horizontal and
vertical gradient operators, respectively. The regularization pa-
rameter 7 is set to 5 in this letter. This is a Tikhonov reg-
ularization problem and can be efficiently solved by the fast
Fourier transform. Having I, the detail layer can be obtained
by subtraction:

=1, -1, “4)
This kind of two-scale decomposition approach has been

employed in many image fusion methods such as [34].

B. Fusion of Detail Layers

For each detail layer I{, its sparse coefficient maps

Ci.m,m € {1,..., M} are obtained by solving the CSR model
with the method in [22]:
Ll &
argmlnf Z dm*Ckm—Id + A Z 1Crm ;-
{Cr, ’”} m=1 m =1

(%)

Let Cy 1.0 (x,y) denote the contents of Cy, ,,, at the posi-

tion (z,y) in spatial domain. Clearly, Cy, 1.2/ (z,y) is an M-

dimensional vector. In accord with the approach used in the SR-

based fusion methods [16], [19], the I;-norm of Cj 1.5/ (x,y)

is adopted as the activity level measure of source images. Thus,
the activity level map Ay, (z,y) is obtained by

Ak(ﬂf,y) = ||Ckﬁ1:1\ff(‘ray)||1' (6)

To make the method insensitive to misregistration, a window-
based averaging strategy is performed on Ay, (x, y) to obtain the
final activity level map:

T T

> 2 Av(@+py+a)
p=—Tq=—r

(2r+1)° @

where r determines the window size. The method will be more
robust to misregistration with a larger r, but some tiny details
may be lost at the same time. In multifocus image fusion, object
edges in multiple source images have different sharpness so that
the locations are not exactly the same, thus, a relatively larger r

Ay(z,y) =

IEEE SIGNAL PROCESSING LETTERS, VOL. 23, NO. 12, DECEMBER 2016

TABLE I
OBJECTIVE ASSESSMENT OF DIFFERENT FUSION METHODS

Images Metrics SR-OMP SR-SOMP CSR-16 CSR-32 CSR-64 CSR-128
EN 72947 72955 7.3011 7.3062 7.3071 7.3076
Multifocus QAB/F 07618 07635  0.7739 0.7782 0.7787 0.7789
Quvs 07722 07729 0.7826 0.7852 0.7865 0.7862
VIFF 09293  0.9299 0.9340 0.9387 0.9397 0.9401
EN 63029 63035 6.3088 63125 63141 6.3140
Visible-infrared QA B/F 05615  0.5664 0.5871 0.5901 0.5922 0.5918
Quvs 04803 04821 0.4964 04996 0.5008 0.5014
VIFF 03437  0.3448  0.3600 0.3627 0.3635 0.3637
EN 54524 54537 54815 54901 54924 5.4928
Medical QAB/F 06022 0.6056  0.6104 0.6152 0.6166 0.6169
Quvs 05620 05623 0.5798 0.5823 0.5833 0.5835
VIEF 05169  0.5174 0.5212 0.5236 0.5249 0.5255

is preferred. In multimodal image fusion, as small-scale details
often exist, it is more appropriate to adopt a smaller 7. In this
letter, 7 is fixed to 9 and 3 for multifocus and multimodal image
fusion, respectively.

Then, the “choose-max” strategy is applied to achieve the
fused coefficient maps:

Crim(z,y) =Crm(z,y), B = arg{nax(Ak(a:,y)).

®)

Finally, the fusion result of detail layers is reconstructed by

M
1Y = Y dy*Crp. )

m =1

C. Fusion of Base Layers

Different fusion schemes for base layers are applied to differ-
ent types of fusion tasks. For multifocus image fusion, the most
important issue is detail extraction. Since some details still re-
main in the base layers, the “choose-max’ strategy based on the
activity level maps obtained from detail layer fusion is adopted.
The multifocus fusion result of base layers is

Il} (Ia y) - Ill:* (JZ, y)a k= arg;naX(Ak (Iv y)) (10)
However, this selection strategy may cause visual inconsistency
when source images are obtained with different modalities, as
the grayscale values of the same position may vary significantly.
Thus, the averaging strategy is applied to multimodal image
fusion. The multimodal fusion result of base layers isy
Z Li(2:9).

Ib (z,v) (11)

D. Two-Scale Image Reconstruction
Having I?c and I¢, the fused image I is reconstructed by

I =17 + 1. (12)

IV. EXPERIMENTS

In our experiments, ten pairs of multifocus images, ten pairs
of visible-infrared images, and ten pairs of multimodal medical
images are used as test images. Four popular objective metrics,
namely, the entropy EN, the gradient-based metric Q*B/F [35],
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Fig. 1.

the HVS-based metric Qyvgs [36] and the visual information
fidelity fusion metric VIFF [37], are adopted to evaluate fusion
performance.

Since the design of activity level measure and fusion scheme
in our methods generally follow the SR-based methods [16],
[19], to make a fair and clear comparison between SR and
CSR for image fusion (also considering the limitation of pa-
per length), the proposed CSR-based methods are primarily
compared with these two methods in this letter to verify the
advantage of CSR. These two methods are denoted as SR-OMP
[16] and SR-SOMP [19]. All the parameters are set to the rec-
ommended values as reported in [16] and [19]. The dictionary
used in these two methods has 256 atoms and is learned by the
K-SVD method [38] from natural image patches. For the pro-
posed methods, the spatial size of each dictionary filter is set
to 8 x 8, which is in accord with the size of dictionary atom in
SR-OMP and SR-SOMP. The learning method presented in [22]
is employed to learn the dictionary filters from 50 high-quality
natural images of size 256 x 256. In our experiments, the num-
ber of dictionary filters is set to 16, 32, 64, and 128, respectively,
to study its impact on fusion performance. The corresponding
methods are denoted as CSR-16, CSR-32, CSR-64, and CSR-
128, respectively. Please refer to the supplementary material for
more details about dictionary learning. According to the study
(for image reconstruction applications) in [22], the parameter A
in Eq. (5) is fixed at 0.01 in all the experiments.

Table I reports the objective assessment results of different
fusion methods. The average scores over all ten test examples
are calculated and the highest value at each row shown in bold
indicates the best score among the different methods. It can
be seen that the proposed CSR-based methods have consider-
able advantages over the SR-based methods for the three types
of fusion tasks on each metric. For the CSR-based methods,
the fusion performance generally improves when increasing the
number of dictionary filters, but the differences are relatively
small, especially when there are more than 32 filters.

One fusion example is selected from each type of image fu-
sion task, as shown in Fig. 1 The fused images of methods
SR-OMP, SR-SOMP, and CSR-32 are exhibited. A close-up is

SR-OMP
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SR-SOMP

Three fusion examples in our experiments.

TABLE 11
CPU RUNNING TIME IN SECONDS OF DIFFERENT METHODS FOR MERGING
TwO SOURCE IMAGES OF SIZE 256 x 256 PIXELS

Methods ~ SR-OMP ~ SR-SOMP  CSR-16  CSR-32  CSR-64  CSR-128

Time 836 1565 14.4 39.5 101 259

provided in each example for better comparisons. In the multifo-
cus example, the CSR-based method obtains better performance
around misregistered edge regions than the SR-based methods
(due to the different focal settings applied, the locations of ob-
ject edges in different source images are not precisely the same
for their different sharpness). In two multimodal examples, the
CSR-based method clearly extracts more details from source im-
ages than the SR-based methods. More fusion examples could
be found in the supplementary material.

Table II lists the CPU running time of different fusion meth-
ods for merging two source images of size 256 x 256 pixels.
All the methods are implemented in pure MATLAB with a
3.6 GHz CPU and 8 GB RAM. It can be seen that the CSR-based
methods are much more time-efficient when compared with the
SR-based methods.

V. CONCLUSION

In this letter, we introduce CSR into image fusion to ad-
dress the drawbacks of SR-based fusion methods. A simple-
yet-effective fusion framework based on CSR is proposed. Ex-
perimental results on multifocus and multimodal image fusion
demonstrate the advantages of the proposed CSR-based meth-
ods over SR-based methods. For future work, the impacts of
some free parameters in our algorithm will be studied, such as
the regularization parameter in the CSR model and the spatial
size of dictionary filters. In addition, similar to the great im-
provements achieved in SR-based image fusion, more effective
fusion schemes based on CSR could be further developed to pur-
sue better fusion performance. We believe that CSR has great
potential to become a popular model for image fusion in the
near future.
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