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ABSTRACT

In recent years, image fusion has attracted more and more attention, and many excellent methods have
emerged. However, only a few studies on joint image fusion and super-resolution have been carried out,
and the performance of existing methods is far from that of simple image fusion. To tackle such problem,
we propose a novel joint fusion and super-resolution framework based on discriminative dictionary
learning. Specifically, we first jointly learn two pairs of low-rank and sparse dictionaries (LRSD) and a
conversion dictionary. One pair is used to represent the low-rank and sparse components of low-
resolution input images, and the other is used to reconstruct high-resolution fused result; the conversion
dictionary is used to establish the relationship between coding coefficients of low-resolution image and
high-resolution image. To compensate for the loss of details, structure information compensation dic-
tionary (SICD) is also learned, and the lost information is compensated by SICD and thus visualization
of final results is enhanced. To integrate advantages of excellent image fusion methods into the fused
and reconstructed results, we propose a deconvolution-based advantage embedding scheme. The exper-

imental results verify the effectiveness and advantages of our method over other competitive ones.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Image fusion can integrate the complementary information
about the same scene acquired by different sensors into a single
image that can provide a more comprehensive and accurate
description of this scene, thereby contributing to the identification
of events and objects. Such technology has attracted an increasing
attention of researchers and made significant research progress in
recent years.

The existing image fusion methods can be roughly classified
into three categories, namely, multiscale transform (MST) based
methods [1-5], dictionary learning based methods [6-10], and
deep learning based methods [11-15]. In MST based methods,
the common used MSTs include wavelet transform [2,16,17], dual
tree complex wavelet transform (DTCWT) [1,18], Shearlet Trans-
form [19,20], curvelet transforms [21], contourlet transform [22],
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and nonsubsampled contourlet transform (NSCT) [23]. Usually,
the bases of MST are fixed and show weak sparsity, thus MST can-
not represent the local information of image adaptively and spar-
sely. Different from MST methods, dictionary leaning (DL) based
sparse representation (SR) technique can effectively avoid the
defects of the MST-based methods, and exhibit promising fusion
performance. With the development of deep learning, image fusion
based on deep learning has attracted more and more attention,
accordingly, some excellent fusion methods have emerged
[24-27]. However, the methods discussed above have an excellent
performance only when the source images are of high resolution. If
the input images are of low-resolution, the fused result will also be
low in resolution, which hinders the application of the fused result.
To improve the resolution, a separate processing procedure is a
commonly used strategy. However, such method may introduce
the artifacts created in the first step into the next step, degrading
the visual quality of the final result.

To address this problem, Yin et al. [28] developed a sparse rep-
resentation based method for simultaneous image fusion and
super-resolution. However, this method does not embed dictionary
learning and super-resolution reconstruction into a joint learning
framework, and the super-resolution fusion can be only achieved
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by fusing the interpolated image and supplementing high-
frequency information [28]. In [29], although low-resolution and
high-resolution dictionary pairs are learned in a jointly trained
framework, but such method assumes that the high-resolution
image patches and their corresponding low-resolution versions
share the same representation coefficients. This assumption is
too strong to characterize the difference between high-resolution
image and its corresponding low-resolution image [30]. Different
from the above methods, Li et al. [31] developed a joint processing
framework based on fractional differential and variational method
for image fusion and super-resolution. However, such method can-
not extract the complete information of the source image and
inject it into the fused image, which results in poor visual quality
of fused result.

In this paper, we propose a simple yet effective model to solve
the problems of joint image fusion and super-resolution. The
whole procedure of dictionary learning is illustrated in Fig. 1.
Specifically, we first assume that the natural images can be mod-
eled as a superposition of components with different spatial mor-
phologies, and then decompose the input image into low-rank and
sparse components. To characterize them more effectively, we pro-
pose to utilize different dictionaries to represent different compo-
nents, and develop a semi-coupled discriminative dictionary joint
learning framework to learn a pair of low-resolution representa-
tion dictionary, a pair of high-resolution representation dictionary
and a conversion dictionary. The representation dictionaries are
used to characterize the different components of low-resolution
and high-resolution images, the conversion dictionary (CD) is used
to reveal the intrinsic relationship between the coding coefficients
of high-resolution image and its corresponding low-resolution
image.

In addition, to compensate for the lost information as well as
enhance the visualization of fusion and super-resolution results,
we develop a novel model to learn SICD from the difference
between reconstructed high resolution image and original image.
In the learning of SICD, we assume that the information compensa-
tion components share the same coding coefficients as the sparse
components of the high-resolution image. Throughout the training
process, two pairs of discriminative representation dictionary are
not fully coupled, allowing some deviations between the image
patches of high-resolution image and corresponding low-
resolution image. For this reason, the discriminative dictionary
learning developed in this paper is called semi-coupled discrimina-
tive dictionary learning.

To obtain the coding coefficients of different components of
input, we construct a sparse and low-rank separation model
according to the morphological priori of low-rank and sparse
components. The model can effectively decompose the input
image into low-rank and sparse components under different mor-
phological dictionaries, so that we can construct high-resolution
fusion image by different dictionaries. With the learned coding
coefficients, the corresponding high-resolution coefficients can
be constructed according to the intrinsic relationship between
coding coefficients of low-resolution and its corresponding high-
resolution patches. After fusion and super-resolution reconstruc-
tion are completed, we propose to employ the deconvolution
operation to integrate the advantages of mature and excellent
image fusion algorithms into the fusion and super-resolution
results so as to make further improve its visual quality. Moreover,
to avoid losing the edge details of the source image and enhance
the visualization of the fused results, we propose to combine the
details compensation dictionary with the reconstructed coding
coefficients of high-resolution sparse components to construct
the detail compensation components, and inject them into the
final reconstructed results. The overview of the developed fusion
and super-resolution for two source images is shown in Fig. 2.
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The contributions and the major advantages of the above design
are as follows:

(1) We proposed an efficient joint semi-coupled discriminative
dictionary-learning model, which can learn a conversion dictionary
and two pairs of discriminative dictionaries jointly for representing
the low-rank and sparse components of low-resolution and high-
resolution image pairs. Moreover, the relationship between the
coding coefficients of low-resolution image and its corresponding
high-resolution version is revealed by the CD, so our method can
achieve image fusion and super-resolution simultaneously.

(2) To avoid the loss of edge details, we design a learning model
to achieve the SICD. With this dictionary, the reverse compensation
of lost information is realized. This design not only prevents the
structural details from lossing, but also enhances the visualization
of the final fusion and reconstruction results. A large number of
experiments verified the superiority of this algorithm over the tra-
ditional methods.

(3) In order to integrate the excellent performance of existing
image fusion algorithms into the results of our fusion and super-
resolution, a deconvolution strategy is proposed. Benefiting from
above design, our method can not only achieve image fusion and
super-resolution simultaneously, but also effectively avoid the loss
of detailed information and raise the visualization level of fusion
and reconstruction results.

The rest part of this paper is arranged as follows: Section 2
briefly reviews the related researches about sparse representation,
low-rank decomposition, and dictionary learning; the proposed
method together with dictionary learning, image decomposition
and optimization is presented in Section 3; experimental results
and discussion are reported in Section 4; major conclusions are
drawn in Section 5.

2. Related work
2.1. Low-rank and sparse representation in image fusion

Low-rank representation (LLR) and sparse representation (SR)
are two types of representation learning. SR can model a signal
as the liner combination of columns of an overcomplete dictionary
to better express the significant information of the signal; while
LRR can recovery the underlying low-rank structures from its noisy
observations. Thus, LRR and SR have been widely used in image
restoration [32], image classification [33], image fusion and
denoising [6] and image super-resolution [34]. For image fusion,
Li et al. [35] proposed multi-source image fusion based on SR. Sub-
sequently, many other SR-based image fusion methods have been
put forward and shown excellent performances [7,36-38,9,39].

In multi-scale transformation domain, Liu et al. [40] developed
a SR-based method image fusion framework to merge the low-
frequency information. To achieve a robust sparse representation,
Li et al. [39] proposed a dictionary learning model based on
group-sparse representation for multi-modality medical image
fusion. For image fusion and denoising, Li et al. [8] separated
the input image into coarse-scale components and the fine-scale
components, and learned two discriminative dictionaries from a
set of training images. During this process, the morphological pri-
ority of different components is used to regularize the decom-
posed results. However, it should be pointed out that these
methods generally assume that the input source image has high
resolution. This method can have satisfactory fusion results only
when the assumed condition is met. When the resolution of the
source image is low, the resolution of the fused results is low
as well. To address this issue, image fusion and super-resolution
methods are proposed in [28,31,29]. However, these methods
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usually produce poor visual quality due to the defects of algo-
rithm design.

2.2. Dictionary learning based image fusion

In recent years, dictionary learning has been applied to various
practical cases, including image super-resolution [30,34,41], recog-
nition [42,43], and classification [44,45], and shown impressive
performance. In image fusion, dictionary learning has also received
extensive attention, and a large number of effective algorithms
have been proposed [7,6,9,36,38,46,47]. Particularly, Kim et al.
[38] developed an efficient dictionary learning method based on
patch joint clustering for multi-modal image fusion. Zhu et al. [7]
proposed a local density peaks based clustering dictionary
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algorithm for multi-modality medical image fusion. Singh et al.
[47] proposed to learn sparse K-SVD dictionary in nonsubsampled
shearlet domain [48] to construct multi-modal medical image
fusion model. Yin et al. [28] developed low-frequency and high-
frequency component dictionary pairs learning for simultaneous
image fusion and super-resolution. Subsequently, Igbal [29] pro-
posed a jointly learning method to constructer the low-resolution
and high-resolution dictionary pairs for image fusion and super-
resolution.

In the above mentioned methods, the whole image is repre-
sented by a fixed over-complete dictionary. However, different
components of an image usually have different spatial morpholog-
ical features, so it is difficult for one dictionary to describe all the
components. This problem can be solved by using a larger size
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dictionary, yet it will increase the computational complexity of the
algorithm and reduce its efficiency. Aiming at this problem, Jiang
et al. [49] proposed an image fusion method based on morpholog-
ical component analysis, in which the DCT and Curvelet dictionar-
ies are used respectively to express the texture and cartoon
components of input images. However, the dictionaries analyti-
cally designed lack the adaptivity to image local structures.
Although the existing researches have realized this defect and pro-
posed to learn a compact dictionary from a set of training samples
[9,10,36,47,50], such method fails to consider the resolution of the
input images, and is unable to realize image fusion, super-
resolution and visualization enhancement simultaneously. In this
paper, we propose a novel semi-coupled discriminative dictionary
learning and advantage embedding framework to address these
problems.

2.3. Image super-resolution

Single image super-resolution (SISR) aims to construct the clean
high-resolution from its low-resolution version. Because of its
wide practical significance, it has attracted the attention of
researchers. In deep learning based methods, convolutional neural
network (CNN) is an important method for image super-resolution
(SR). Specifically, Zhang et al. [51] proposed deep residual channel
attention networks in the CNN framework, which can resist hin-
dering the representational ability of CNNs caused by treating
equally across different feature channels. Zhang et al. [52] designed
a novel principled formulation and framework for single image
super-resolution with arbitrary blur kernels, where the SISR degra-
dation model is developed so as to utilize the advantage of existing
blind deblurring approach for blur kernel estimation. To deploy the
deep learning model to the mobile phone, Li et al. [53] presented a
super lightweight SR network, and termed it as s-LWSR. Nazeri
et al. [54] developed a “edge-informed” approach, where the SISR
is formulated as an image inpainting task. The existing image
super-resolution methods can improve the visual quality of
images, but they cannot integrate complementary information
from different sensors into one image. Although a large number
of literatures on image fusion and SISR offer solutions separately
for this issue, a unified framework is more viable and it has not
been explored deeply. In this paper, we attempt to develop a novel
simultaneous image fusion and super-resolution framework, and it
can take advantage of existing image fusion methods for visualiza-
tion enhancement of fusion result.

3. The proposed method

The proposed method is mainly composed of discriminative
dictionary learning, low-rank sparse decomposition, image fusion
and dominance embedding. In this section, we will first introduce
the acquisition of discriminant dictionaries for different
components.

3.1. Discriminative dictionary learning model

3.1.1. Discriminative representation dictionary learning

In multi-component analysis, dictionary learning of different
components plays an important role in improving the performance
of image decomposition. In this section, we develop a new dic-
tionary learning method for decomposing the input image into
low-rank and sparse components. To achieve fusion and super-
resolution simultaneously, a pair of HR dictionaries and a pair of

LR dictionaries are jointly learned. Let Dy, = [d],.....d}\] € R™K

and Dy; = [d!,, ..., d! ] € R™¥ be low-rank and sparse dictionaries
used to represent the low-rank and sparse components of HR
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image respectively. X, is the high-resolution training sample set
and its low-resolution version is denoted by X,. Besides, the low-
resolution dictionaries corresponding to D;; and D, are denoted
by Dy=1d,.....de and Di;=1d,,,....d,] e
respectively.

In our method, the discriminative dictionary learning frame-
work is formulated as:

MxK MxK
RY* RYE,

Dy, Dy, Dy, D2, 1,2, 5,2y 1,2y s, H) =arg min
{D11,D15,Dn1,DnsZ1),Z5,Zn1,Zh5,H } 0,.0. B D,

Z,),Z,5,Zn1,Zy5,H

{Z X = DiZis — DisZif||} + (D11, Dni,Z1, Zni Zis,Zns) + Y (H, 211, Zi5, 21 Zns) }
iTh

sty 15 < v, ey 15 < e, 15 < e, [ 15 < 4.V )
where &1, &, €3 and &4 are constants that control the amplitude of
each atom in different dictionaries. Usually, these parameters are
set to 1; Z;; and Z,; are coding coefficients of low-rank and sparse
components of X;, and Z,, and Z, are coding coefficients of low-
rank and sparse components of Xy; H is the conversion dictionary
that reveals the relationship between Z); and
Zy(i=1,5);Y(H,Z,;,Z15,Z1;,Zy5) and O(Dyy, Dy, 211,211,215, Zys) are
discrimination promotion terms, which ensure the discrimination
power of the learned dictionaries D, D5, Dy, and Dy,.

In image super-resolution, we can assume that the low-
resolution image is generated by down-sampling a high-
resolution image. Since the high-resolution image and its low-
resolution version indicate the same scene, it is reasonable to
assume that the coding coefficients of high-resolution and its cor-
responding low-resolution image patches can be converted to each
other. Based on this assumption, some image super-resolution
methods assume that the coding coefficients of the high-
resolution and low-resolution image pairs are the same. However,
such constraint not only limits the flexibility between high-
resolution and low-resolution dictionary pairs, but also makes it
difficult to determine the overlap size of the recovered high-
resolution image patches.

In our method, we relax the restrictions of this assumption and
propose a semi-coupled discriminative dictionary learning to con-
struct the discriminative representation dictionaries. In this pro-
cess, we employ a conversion dictionary H to reveal the
relationship between the coding coefficients of high-resolution
and low-resolution image patches. To facilitate the processing,
the size of low resolution image is reset to the same as that of high
resolution image via Bicubic interpolation. Then the relationship
between the coding coefficients of low-resolution image and
high-resolution image can be described as:

T(Hvzl.hZI,SaZh.lvzh.s) = ;vl ”Dh‘szh,s - DILSHZI,SHI% + ;LS HHH12:
2

: (2)

F

1
—AZy — HZ;

+ /22 K

where A1,/ and /s are regularization parameters.

Eq. (2), \|H||§ is used to avoid over-fitting,
|DpsZps — Dh,SHZ,_,S||§ is a relationship transformation term, and it
is used to reveal the relationship between the coding coefficients
of sparse components in low-resolution image and those of their
corresponding high resolution image; and |1 AZ;, — HZuHi is used
to establish the relationship between Z,, and Z;,. As we know,
there is a strong linear correlation between low-rank components,
and each element in the same coding coefficient vector has similar
values. Based on this fact, we introduce an all 1 matrix A € R

In

and utilize regularization term |LAZj, —HZHHi to promote the
low-rankness of coding coefficients.
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To promote the discrimination power of the learned dictionar-
ies, we define:

O(Dy;, Dy, 21y, Zny, Zi5, Zns) = 23(||DpiZny ||, + 1DyZul,)

+24(1Znslly + 1Zisy). 3)

where A3 and A4 are regularization parameters. ||Dj,Zy||, and
IDyiZy||, are used to ensure that Dy,,Z,; and D,;Z;; separated from
the input image pairs are of low-rank. After the low-rank compo-
nents are obtained, the sparse components can be also obtained
by X; — D;;Z;,, where X; denotes the input source data. Thus, the
objective function for discriminative representation dictionary
learning can be formulated as:

Dy, Dy
Dy, Dys | _ arg  min
Z,,Z, 11y Dis, Dy,
Zy,Zys,H D5, 211, Zi,
Zn,Zns, H

{Z|X1 - Di.szi,s - Di‘lzi.lle? + )SHHHI% + 21 HDh‘szh‘s - Dh.sHZLs||I2-“
i=Lh
2

1 ,
—AZy —HZ,)|| + i3(|DniZnil, + |IDiZy.)
F

g

N L2
T ia(1Znslh + uzl.su])} stdL )2

ho2 |2 hop2
ey, [ dil; < &, ldsillz < &3, lldsyll; < &a, VK,

(4)

3.1.2. Structure compensation dictionary learning

Inevitably, there are some deviations between the recon-
structed high resolution result D, HZ;; + Dy HZ;, and the real
high-resolution input X, because our objective function in Eq.
(4) cannot guarantee D, HZ,; + D, HZ,, and X, are equal. There-
fore, some structural details of the source image may be lost during
the reconstruction. To alleviate this problem and enhance the visu-
alization of reconstructed results, we develop a SICD learning
model to compensate for the lost information. Considering the dif-
ference between reconstructed results and real results, we formu-
late the SICD learning model as:

Dy =arg n?)in{ Xy, — DysHZy; — Dy HZy; — DoHZy |12 + Jo | DoHZs | } s.t]|do 2
0

< &, Vk,
(5)

where d, denotes the k-th column of D; ¢ is a positive constant,
and is set to 1; Do denotes the SICD; 4, is a scalar constant; and
DoHZ,; represents the structure information compensation compo-
nents for reconstruction of HR image. Since the components we
want to supplement are sparse, we force DoHZ,; to be sparse by
minimizing || DoHZ;||;. As for the model in Eq. (5), we assume that
the compensation components and the sparse components share
the same coding coefficients, so as to make it easier to learn the
structure dictionary Dy.

3.2. Image decomposition

With the learned low-rank dictionary D;; and sparse dictionary
D, the input LR image patches Y, can be decomposed into low-
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rank and sparse components. To this end, one of the most straight-
forward ways is to obtain the coefficients of different components
of input Y, by:

{Au A} =arg min { |V, — Dy Ay, —DyAu | + Bl Aull, + 1 1Al },
LI Ls
(6)

where A;; and A;; are the coefficients of low-rank and sparse com-
ponent of Y, over the corresponding dictionaries D;; and D, respec-
tively. Then the low-rank and sparse components can be generated
by DyA;; and Dy A;;.

In this way, the performance of image decomposition is com-
pletely determined by the discriminative ability of the learned dic-
tionaries D;; and D;;. To ensure the low-rank sparse components
are completely separated from the input image, nuclear norm
and [; norm regularization are developed and incorporated into
this model. For sparse components, we propose to minimize
|IDisA;s||; to ensure that the separated D A, is sparse; for low-
rank components, we guarantee that D;;A;; are low-rank by mini-
mizing ||DA;,||,. Therefore, the proposed image decomposition
model can be formulated as:

{Au A5} =arg min {|[¥i— Dy = DA + 6 Aull + 1 Al + B IDusAisl + By 1D .

™)

Since the low-rank components possess similar spatial fea-
tures, the coding coefficient should be linearly interrelated.
Moreover, similar low-rank vectors in low-rank components
should have the same representation coefficients, so the above
requirements cannot be met by minimizing ||A;,||;. Furthermore,
as stated in [55], minimizing trace norm ||D;;A;||, cannot allow
the rank of DA, change along with |D;;A;|l,. To this end, we
propose the following objective function for low-rank and sparse
decomposition:

{Ay, A} = arg/{n‘iqn{HY/ = DyAs — DAy F + BollAullzy + BillAislly + BsIDisAl + B4\|D!.1A11\L}A
11 Ay
(8)

where ||Ayll,; = >/ Au(i0), Au(i.j) is the (i,j)-th entry of Ay If
the entries in each row in A;; are taken as a group, then minimizing
lAill,, will encourage the entries in each row of A, to be the same.
From inequality rank(AB) < min{rank(A), rank(B)}, it can be known
that minimizing ||A|,, can further guarantee the low-rankness of
Dy,A;;, and avoid some defects caused by minimizing the trace norm
DA,

3.3. Optimization and algorithm

In this section, the ways for solving the objective functions in
Egs. (4), (5) and (8) are introduced. Obviously, these functions
dare non-convex Jomtly for Dl,l:Dl,57Dh,hDh,57zl,l7Zl.57Zh.lvzh.57H7 Dy,
A;; and A;;. However, in the case that we solve one variable and
keep others fixed, these sub-problems are convex. Therefore, these
problems are solved via standard alternating iteration. In this way,
the convergence of each subproblem with respect to a variable is
guaranteed.

3.3.1. Optimization of discriminative dictionary pairs learning

To facilitate the optimization, we introduce four auxiliary vari-
ables Xy, Xn,X;s and X;,;, and relax the optimization problem in
Eq. (4) into:
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X1, Dy, Dy
XisDp 1, Dps :

ST h, = ar min
Xui Zi1,Zys & X1, Dy, Dy
Xns:Zni, Zns, H XDy, Dy

Xni, 211,215

Xh.57 Zh.h Zh‘57 H

{Z|Xi = Xis = Xulll7 + 4s|[H|[f + /1|1 DnsZns — Do sHZis| |7
i=h 9)
2

+ 23 ([1Xnall. + 1%l )
F

1
+ RAZ}” — HZU

+ 24 (1 Znslly + 1Zislly) + 1Xis — DisZis||f + [ X
2 |2
_Di,lzi,l”F} s.t|dll>

h 2 L2 h 2
< &1, ”dllkHZ < &, Hds,k”Z < &3, ”dslkHZ < 847Vk7

1) Updating X, s, X;,; and coding coefficients Z, ;, and Z, . First,
we update X, by fixing all the other variables. Then the objective
function Eq. (9) is reduced to:

Xps = arg ﬂ)}ifl{l\xh — Xus = Xnill7 + | Xns — DusZnsl7} (10)
and it has the following closed-form solution:
Xis = %(Xh — Xni + DhsZns), (11)
Similarly, we can obtain optimal X,; by solving
Xpy = arg I}lhi‘ln{l\xh — Xns = Xnill7 + | Xn1 — DniZull7
+ 23| Xnll. }- (12)

This problem can be easily solved through the singular value
thresholding algorithm (SVT) [56].

With the updated X} and X,,;, we can update the coding coef-
ficients Z,; and Z;,; by solving:

Zys = arg mpin{|Xns — DioZns| 7 + 2412l (13)
and
.l 2
Zh‘l = arg min ||Xh_[ — Dh_[Zh_[H}z: + ;\,2 7AZ;,‘1 — HZu s (14)
Zy, K F

where Xps = [Xs; vZiDnsHZs), and D = [Dy,s; /71 Dys]. Obviously,
Eq. (13) is convex and is a typical /;-minimization problem, and
we can solve it by using iterative shrinkage algorithm (ISA) [57], fast
iterative shrinkage thresholding algorithm (FISTA) [58] or two-step
iterative shrinkage/thresholding algorithms (TwlIST) [59]. For Eq.
(14), it has the following closed-form solution:

/2

K (15)

N -1
Zy, = <D£,1Dh,l +IA<—22ATA> <D£.lxh,l + ATHZu),
2) Updating X;;,X;; and coding coefficients Z;; and Z,,. Then,
we optimize X, and X;; while keep others fixed. As a result, X,

and X;; can be updated by:

Xl,s :1

3 (16)

(Xi — X1y + DiZys).
and

~ ~ ~ 2
X = arg min{HXl - XHH + 23
X F

ul |

(17)
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where X] = [X[ —X[_S;D”Z“], and X” = [Xl.l;xl.l]- This problem can be
easily solved like Eq. (12). Next, we update Z;; and Z;; while keeping
the other variables fixed, then we have:

. <7 = 2 "
Z; =arg HZUH{ Hxl.s —DyZ; o al|Zis |, }7 (18)
ls
and
. -1 Vs
Z,= (DLDI,I + A2HTH) (DLXI,I + T(ZHTAZM> . (19)

where X5 = [X5; v/Z1DnsZns), and Dy = [Dys; v/71 Dy sH).Similarly, the
problem in Eq. (18) can be solved through TwIST as well.

3) Updating H. With dictionaries and coding coefficients fixed,
we optimize H by solving:

DysZys — DysHZ,||}

Nt
+ 72 EAZh.l —HZ;,

2
+;.5|H|i}-
F

(20)

H= argrr}’in{/ll

All the terms in Eq. (20) are characterized by Frobenius norm, so
we can obtain

N N -1 -1
/(D Dyo)H + HUo(20Z)) Z15Z),) -+ is(Z1sZ)) )

= D} DyoZi 2L \(Z1sZL) + %Azh_,z{, Zz.,z")" 21)
This is a standard Sylvester equation, which can be easily solved
by MATLAB Sylvester function.
4) Updating discriminative D, ;,D;;,D;; and D,;. Keeping the
other variables fixed, we can use the Lagrange dual approach
[60] to obtain the analytical solutions of Dy, and Dy:

-1

Dys = XusZy (21 + D)ZysZi — i (ZnsZ] H' +HZ\Z — HZ),ZLH) + Ay)
(22)

and

4
Dyi = (XniZy))(ZniZy, + Az) . (23)

Similarly, we can obtain the closed-form solutions to D;s; and
Du:

-1 -1
Dis = (XisZ|)(ZisZis + As) Dy = (XuZ)(ZuZj,+Aa) . (24)

In the above four equations, A, A;,As and A4 are diagonal
matrices constructed from their respective optimal dual variables.

5) Algorithm of discriminative dictionary pairs learning. For
ease of understanding, the details of the optimization procedures
described above can be summarized in Algorithm 1.

Algorithm 1 Algorithm for discriminative dictionary pair
learning

Input : Initial variables Dh,saDh.lvDl,s¢Dl.lvzh.svZh.lvzl,svzl,lvHv
parameters A;(i=1,2...,5), maximum number of
iterations K.

while K not reached do
(a) Fix all other variables, update X, s and X;,; by solving
Egs. (11) and (12).

(b) Fix other variables, update Z,; and Z,; by solving Eqs.
(13) and (15).

(c) Fix other variables, update X and X;; by solving Eqs.
(16) and (17).

(d) Fix other variables, update Z;; and Z;; by solving Eqs.
(18) and (19).

(e) Fix other variables, update H via Eq. (21).

(continued on next page)
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(f) Fix other variables, update Dy s, Dy, D;s and Dy
respectively by solving Eqs. (22)-(24).

end while if the maximum number of iterations has been
reached.

Output: Dh,sth.th,saDl,l and H

3.3.2. Optimization of SICD
To obtain the optimal Dy, we introduce a relaxation variable Xy,
and Eq. (5) can be rewritten as

Do = argmin{||Xy — DysHZis — DyHZ,, - Xoll2 + |1 Xo
0

— DoHZs |7 + o[ Xoll }s.t dol5

< &, Vk. (25)
With D, fixed, X, can be updated by solving
Xo = argmin{|X — Xo|[7 + o[ Xoll: } (26)
0

where X = [X), — DysHZ,5 — Dy HZ,;; DoHZ, 5], and X, = [Xo; Xo). Eq.
(30)is a typical I; minimization problem, which can be solved by
using TwIST. When X, is updated, Dy can be updated by

-1

Do = (XoZ| H")(HZ;,Z|H" + Ao)

s

(27)

where Ay is a diagonal matrix constructed from the dual variables.

3.3.3. Optimization of image decomposition
To update A;; and Aj,, the alternative update strategy is utilized

again to solve the minimization problem in Eq. (8). To facilitate the
optimization, we introduce Y;; and Y, as auxiliary variables, and
then Eq. (8) can be converted into:

A5, Ay | _ ; 2 2
{ Y. Y, [~ 28 A:T,mz.l {IY = Yis = Yullg + [Yis — DisAus|lr

Y5, Yy
+[Yu = DAl + BillAisl + B2 llAull
+ Bl ¥islh + Ball Vil (28)

1) Updating Y, and Y,,. With Y,;,A;; and A, fixed, we update
Y, via solving:

Yis = argmin{|[Y — Yis = Yulf + [[Yis — DisAill;
Ls

+ 3l Yisll }-

This problem can be solved by TwIST. Assuming that Y;;,A;s and
A, are fixed, the optimal Y;; can be obtained by solving

(29)

Yy = argmin{|[¥ = Yol + Bl ¥ull. }. (30)
Y
where ? = [Y — Y[_S;D”A”], and ?” = [Y“; Yl.l]- This pl‘Oblem can be
effectively solved by SVT. Then we can obtain optimal Y, from Y.
2)Updating A;; and A;,. Similarly, the optimal A;; and A, can be
obtained by solving the following minimization problems
alternately:

Ay = argmin{ Y1~ DuAL|E + i Al } (31)
s

and

Ay = argmin{ | Yy — DyAulE + ol Aul, | (32)
Ll
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Problem (31) is l;-minimization problem, which can be easily
solved by TwliST. For Eq. (32), the objective function is character-
ized by Frobenius norm and I ;-norm, and it can be solved by
the method proposed in [61]. Finally, we summarize the above
low-resolution image decomposition in Algorithm 2.

Algorithm 2 Algorithm for image decomposition

Input : Learned dictionaries Dy, D;;, Do, H, initial
Y5, Y, Ajg, Ay, parameters f;(i=1,2...,4), maximum
number of iterations M.

while M not reached do
(a) Fix all other variables, update Y| via Eq. (29).
(b) Fix other variables, update Y;; via Eq. (30).
(c) Fix other variables, update A;; and Aj; respectively via
Egs. (31) and (32).

end while if the maximum number of iterations has been
reached.

Output: A]\s,A”.

Fig. 3 shows the effects of our learned dictionaries and image
decomposition algorithm. Fig. 3(a) and (b) are the low-rank and
sparse components constructed from Dy,Z,; and DyZ,;, where
Z,, and Z,; are obtained by solving min,||Z|,,s.t.|
X—DZ||,2= < 0.01 via OMP algorithm [62], where Z = [Z;;Z,],
and D = [Dy;,Dy;). Fig. 3(d) and (e) are the low-rank and sparse
components separated by Algorithm 2. As can be known from
these results, D,; and Dy, are endowed with strong discriminative
ability by our dictionary learning Algorithm 1, and most of the low-
rank and sparse components can be separated from the input
image. But from the magnified area in Fig. 3(a) and (b), we can
see that some of the information is not separated from the source
image. The separated results in Fig. 3(d) and (e) demonstrates that
the developed image decomposition algorithm can solve this prob-
lem. Under the same reconstruction error (0.01), PSNR of the
reconstruction result (see Fig. 3(f)) with coding coefficients gener-
ated by Algorithm 2 reaches 68.8462, and it is 5.17 higher than that
of the result (see Fig. 3(c)) whose coding coefficients are generated

by solving min,||Z||,,s.t.|| X — DZ||? < 0.01.
3.4. Fusion and advantage embedding scheme

3.4.1. Simultaneous fusion and super-resolution

With the updated A, A;; and H, we employ the popular “max-
absolute” rule to construct the coding coefficient of high-resolution
fused image. Let A}, = [a],,,....a], ], and A, = [a],,....,@],]. Here,
@, and @], (k=1,2...,L) are the k-th columns of A/, and A},
respectively; and j denotes the j-th low-resolution image; and L
denotes the number of patches of each input image. The fused

HR sparse coefficients A, and Aj,; of low-rank and sparse compo-
nents can be constructed by the following scheme:

ay=Hay,, J
: 1 2 j M F
=arg_min {laly s @l el fag
:Ha{,s,k’ ]*
co Ll
(33)

i 1 2
=arg_min_ {llalol. |t
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Fig. 3. The effects of our learned dictionaries and image decomposition algorithm. (a) and (b) Low-rank and sparse components of “barbara” image generated only by the
learned dictionaries; (c) the result of reconstruction by adding (a) and (b) (with PSNR = 68.8462); (d) and (e) low-rank and sparse components of “barbara” image generated
by Algorithm 2; (f) the result of reconstruction by adding (d) and (e) (with PSNR = 74.0158).

where M is the number of input images. Let A, = [af ... af,],

and Af; = [a],,....a} ], then we can obtain the fused image patch
with high-resolution by:

Yi =Y + Yﬂl. (34)
where Y!, = Rec(DysAj,), Y5, = Rec(DyAyp)), and Rec is a recon-
struct operation used to convert image patches into one image.

3.4.2. Advantage embedding scheme

In order to embed the advantages of existing fusion methods in
preserving the visual effect into our results, we propose to utilize a
deconvolution operation to compensate the advantages from one
image to another. Let X be an ideal high-resolution fused image,
the produced result by an existing fusion method with excellent
performance is represented by Y. Assuming that Y is obtained by
downsampling X, i.e. Y =| X. To endow Y} with the advantage of
Y, inspired by [41], we propose to utilize the following objective
function to refine Y%:

Y = argmin||Y— | Yf|ist. [ X =Y, (35)
yh
This minimization problem can be solved by the method men-
tioned in Refs. [63,64], and the refining process is formulated as

Yin =Y + (LY, -Y) )P, (36)

where 1 is an upsampling operator, P is a back projection filter, ® is
a convolution operation, and t denotes the t-th iteration. The total
number of iterations is the same as that in [63,64].

In order to highlight the edge details of the reconstructed
image, we use an information compensation dictionary to enhance
visualization and prevent the detail information from losing. In this
process, we assume that the detail components that need to be
supplemented share the same coding coefficients with the sparse
components of the fused high-resolution image in their respective
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dictionaries. So the final fused high-resolution image Y* can be for-
mulated as:

Y = Y} + Rec(DoHA],). (37)

where Rec(DoHA!,) denotes the structure compensation informa-
tion Cy, and Y‘,;" is the final refined result via Eq. (36).

4. Experiments and analysis
4.1. Experiment settings

4.1.1. Training and test images

In the section of dictionaries learning, we use the same 8 train-
ing samples as Ref. [8] to train high-resolution discriminative dic-
tionary pairs, and the corresponding LR training images are
generated by downsampling and then Bicubic upsampling back
to the same size with HR images. For test images, we utilize two
pairs of HR infrared and visible images (as shown in the first row
of Fig. 4), two pairs of HR medical images (as shown in the second
row of Fig. 4), and two pairs of HR multi-focus images(as shown in
the last row of Fig. 4). All the source images have been registered,
and can be obtained fromhttp://www.med.harvard.edu/AANLIB/
home.html andhttp://www.imagefusion.org/. The low-resolution
versions of these source images are shown in Fig. 5. All the fusion
experiments in the present paper are finished in MATLAB 2016b on
an i7-7500U 2.9 GHz machine with 16 GB RAM.

4.1.2. Baseline methods

To verify the superiority of our method, we compare it with sev-
eral state-of-the-art image fusion and super-resolution methods.
First, Li's method presented in Ref. [31] is taken as one of the com-
peting methods since it can achieve image fusion and super-
resolution simultaneously. However, as such kind of methods are
quite limited, we perform super-resolution on the fusion results


http://www.med.harvard.edu/AANLIB/home.html
http://www.med.harvard.edu/AANLIB/home.html
http://www.imagefusion.org/

H. Li, M. Yang and Z.

Yu

Neurocomputing 422 (2021) 62-84

Fig. 4. The HR source images. From top to bottom: infrared and visible image pairs with size of 240 x 320, medical image pairs with size of 256 x 256, multi-focus image

pairs with sizes of 240 x 320 and 256 x 256.

Fig. 5. The LR source images. (a) Infrared and visible image pairs with size of 120 x 160; (b) medical image pairs with size of 128 x 128; (c) multi-focus image pairs with sizes

of 120 x 160 and 128 x 128.

generated by some excellent algorithms like Zhu's method [7],
CNN-based method [24,12], GF-based method [65], CT-based
method [9], and NSCT-based method [5]; and the low-resolution
fusion images of these methods are shown in Fig. 6. In this paper,
we compare the super-resolution results of these methods with
those obtained by ours. For super-resolution, SLWSR [53] and the
sparse representation based super-resolution (SRSR) [41] are used
to construct the high-resolution results for Fig. 5. In order to incor-
porate the advantages of them in improving the visual effect of
fusion results into the results of our fusion and super-resolution
method, the fused results of the above four algorithms (see
Fig. 6) are used as ideal low-resolution image to refine our fusion
and super-resolution results.

4.1.3. Objective evaluation metrics

In this paper, four objective evaluation metrics are used to
assess the perceptual quality of fusion and super-resolution
results. These metrics are spatial frequency (SF) based metric Qg
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[66,67], the quality-aware clustering method Q¢ [68], the com-
monly used entropy (Qgnr), and image gradient (Qgp). Qg uses
the ratio of SF error to measure the perceptual quality of the fused
result. Specifically, if the value of Qg; is below zero, it indicates that
the information of the source image is lost during fusion, whereas
if the value of Qg; is greater than zero, and meanwhile no any arti-
ficial information and noise are introduced, it indicates that the
details of the source image get enhanced. For the above metrics,
the higher the objective evaluation score, the better the fusion
quality.

4.2. Fusion and super-resolution of infrared and visible images

In the first experiment, we utilize two pairs of low-
resolution infrared and visible images shown in Fig. 5 as the
test images. As can be seen from these images, the warm
objects, such as pedestrians, vehicles, and lights, are clearly vis-
ible against cool backgrounds in infrared images. While, only
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Fig. 6. Results of low-resolution image fusion with some representative methods. The images from left to right: the fusion results of CNN, CT, GF and NSCT respectively. the
sizes of fusion results for all types of images are 120 x 160,120 x 160, 128 x 128,120 x 160, and 128 x 128, respectively.

the visible details of background, such as trees, lighted bill- at the same time. The fused results of different methods are
boards, and fences, are clearly visible notable. The main purpose shown in Figs. 7 and 8, in which “Ours-Nec” is our method
of our method is to integrate the complementary information of but without advantage embedding and information compensa-
source images into the fused results, and improve its resolution tion operations.

Fig. 7. Fusion and high-resolution results of the first infrared and visible image pair (each result with size of 240 x 320). (a) to (p) respectively represent: the fused and
reconstructed images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT
(SRSR), Li's, Zhu’s(SLWSR), Zhu's(SRSR).
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Fig. 8. Fusion and high-resolution results of the second infrared and visible image pair (each result with size of 240 x 320). (a) to (p) respectively represent: the fused and
reconstructed images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT

(SRSR), Li’s, Zhu's(SLWSR), Zhu’s(SRSR).

Table 1

Quantitative assessment of different fusion methods for fusion and super-resolution of the first infrared and visible image pair.
Methods Qsr Qoaac Qenr Qop
Ours-Nec 0.0087 0.6952 6.9373 6.9904
Ours-CNN 0.0570 0.6922 6.7965 7.5185
CNN(SLWSR) -0.2629 0.6162 6.6782 5.0108
CNN(SRSR) -0.1444 0.6713 6.6940 5.7411
Ours-CT 0.0843 0.6919 6.8147 7.4449
CT(SLWSR) -0.1998 0.5449 6.7291 5.1674
CT(SRSR) -0.0972 0.6232 6.7371 5.7219
Our-GF 0.0070 0.6997 6.7275 7.0908
GF(SLWSR) -0.3288 0.5990 6.5563 4.4820
GF(SRSR) -0.2329 0.6685 6.5718 5.0307
Our-NCST 0.0385 0.6956 6.9097 7.3484
NSCT(SLWSR) -0.2777 0.5934 6.8280 4.8805
NSCT(SRSR) -0.1714 0.6615 6.8432 5.4925
Li's -0.1939 0.6636 6.5135 5.3025
Zhu's(SLWSR) -0.3237 0.6276 6.3008 4.2576
Zhu's(SRSR) -0.3463 0.7051 5.9441 4.0452

The optimal values are shown in bold.
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Table 2

Quantitative assessment of different fusion methods for fusion and super-resolution of the second infrared and visible image pair.
Methods Qsr Qaac Qenr Qoo
Ours-Nec —0.0559 0.7379 7.0537 5.5135
Ours-CNN 0.0547 0.7127 7.0444 6.1798
CNN(SLWSR) -0.2869 0.6541 7.0603 4.1224
CNN(SRSR) -0.1592 0.6918 7.0775 4.9370
Ours-CT 0.1107 0.7061 6.7522 6.0184
CT(SLWSR) -0.1538 0.5734 6.7061 4.3425
CT(SRSR) -0.0602 0.6440 6.7211 47768
Our-GF —0.0367 0.7287 6.6246 5.4533
GF(SLWSR) -0.3785 0.6319 6.5658 3.3471
GF(SRSR) -0.2916 0.6959 6.5835 3.8423
Our-NCST 0.0169 0.7180 6.9164 5.8202
NSCT(SLWSR) -0.3091 0.6252 6.9050 3.8632
NSCT(SRSR) -0.2120 0.6800 6.9194 4.4260
Li’s -0.3961 0.7113 6.3704 3.3851
Zhu’s(SLWSR) -0.4140 0.6593 6.3253 3.1393
Zhu’s(SRSR) -0.4283 0.7288 6.0929 3.1458

The optimal values are shown in bold.

As we can be seen from the marked enlarged regions and the
objective assessments in Table 1, the fused results of Ours-Nec out-
perform those of other methods in terms of visual perception and
objective evaluation. But through careful observation we can find
that Our-Nec has great performance in overall and local contrast
enhancement, while the boundaries of details are not so clear
(see Fig. 8(a)). These visual deficiencies have been improved in
the results of Ours-CNN, Ours-CT, Ours-GF, and Ours-NSCT. It indi-
cates that these methods can integrate the advantages of CNN, CT,
GF, NSCT based methods into Ours-CNN, Ours-CT, Ours-GF, and
Ours-NSCT methods. Thus, the edge details can be better preserved
in our methods, if the methods based on CNN, CT, GF and NSCT
have strong ability in preserving image edge details. In addition,
by comparing the fusion results of our methods with those of com-
petitive ones, it can also be found that the results obtained by the
proposed method are superior to those obtained by direct super-
resolution reconstruction on Fig. 6 in terms of visual effect and
detail preservation, because the proposed method can integrate
the advantages of other methods. Thus, conclusion can be drawn
that the algorithm designed in this paper is very effective and
reasonable.

4.3. Fusion and super-resolution of medical image

In the second experiment, two pairs of low-resolution medical
images shown in Fig. 5(b) are fused. It can be known from these
source images that the image information of the same part
obtained by different devices is complementary. The goal of med-
ical image fusion and super-resolution is to extract complementary
information from low-resolution source images and inject it into
the fused image, and meanwhile improve the resolution of the
fused results. Moreover, the low-resolution source images shown
in Fig. 5(b) are also fused and reconstructed by other competitive
methods, and the factor of fusion and super-resolution results is
twice that of their source images (see Fig. 4). (Table 2).

Figs. 9 and 10 show the fused and reconstructed results of dif-
ferent methods. As can be seen from Figs. 9(a), (f) and (p) and
Figs. 10(a), (f) and (p), the proposed Our-Nec method is superior
to Li's method and those step-by-step operation methods, includ-
ing CNN (SLWSR), CNN (SRSR), CT (SLWSR), CT (SRSR), GF (SLWSR),
GF (SRSR), NSCT (SLWSR), NSCT(SRSR), Zhu’s (SLWSR) and Zhu's
(SRSR) methods. Moreover, from the objective evaluation values
listed in Tables 3 and 4, and the quality of visual perception of
Figs. 9(b)-(m) and Figs. 10(b)-(m), it can be found that the results

of our methods have the best visual quality with no obvious arti-
facts, that’s because our framework can adjust the level of image
visualization according to the input reference fused image, and
also can preserve and enhance the edge details in a more efficient
way due to the injection of compensation information. This proves
that the developed joint framework outperforms the operation that
image fusion and image super-resolution are performed
separately.

4.4. Fusion and super-resolution of multi-focus image

In the third experiment, two set of multi-focus image pairs
shown in the third row in Fig. 5(c) are utilized as the test samples.
The low-resolution test images are created by downsampling two
scale factors from their high-resolution images shown in the third
row in Fig. 4. Both images in each high-resolution multi-focus
image pair are captured by the same sensor modality but with dif-
ferent focus regions. Multi-focus image fusion is one of the most
popular methods for obtaining an image with all objects focused.
The fusion and super-resolution joint framework proposed in this
paper is also suitable for fusion and super-resolution of
multi-focus images. The fused results of different fusion methods
are presented in Figs. 11 and 12.

By comparing the visual qualities of Fig. 11(a) and Figs. 11(f)-
(p), Fig. 12(a) and Figs. 12(f)-(p), it can be known that our method
Our-Nec outperforms other competitive methods in improving the
contrast of the fused result as well as the visualization of fusion
results. The only drawback of Our-Nec method is that some arti-
facts appear on the boundary of the object (see the enlarged region
in Fig. 11(a)). But, in Figs. 11(b)-(e), this defect has been remedied
because the images (see the last four figures in the third line of
Fig. (6)) convoluted with Fig. 11(a) does not show such a defect.
During the convolution, these defects are remedied, which makes
the boundary of the object clearer. At the same time, the results
after convolution and information compensation show better
visual quality compared with others. The objective evaluation
results in Tables 5 and 6 further verify the superiority of the pro-
posed method over other methods.

4.5. Algorithm analysis

4.5.1. Discussions of parameter selection
There are five parameters, i.e. 4;(i = 1,2,...,5) in discriminative
dictionary learning model (5), one parameter, namely, Ao, in
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Fig. 9. Fusion and super-resolution results of the first medical image pair (each result with size of 256 x 256). (a) to (p) respectively represent the fused and reconstructed
images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT(SRSR), Li’s, Zhu's

(SLWSR), Zhu's(SRSR).

compensation dictionary learning model (6) and the number of
iterations K in Algorithm 1 that need to be tuned. First, we find
that the dictionary learning algorithm converges when K reaches
10. The parameters /; and 1, are introduced to adjust the effects
of ||DysZys — Dy HZ |2 and |xAZy, —HZ,,,||i. A large number of
experimental results show that /; and 4, would not affect the
learned results that much when 1; €[0.001,10] and
/2 €[0.0001,1]. So we set 4; =1 and /, = 0.001. /s is introduced
to adjust the effect |[H||2. To investigate the effects of 15,4 and
J3, we fix 41 =1 and /4, = 0.001.

The first and second rows in Fig. 13 show the sparse dictionary
pairs under different parameter settings, while the second row
shows the low-rank dictionary pair. High-resolution dictionaries
are displayed on the right side of each pair, while low-resolution

74

dictionaries are displayed on the left side. Figs. 13(a)-(c) show
the effect of s when 1i,/,,43 and /4 are fixed at 1,0.001,1.5,
and 0.01. As we can see from these results, is = 0.00001 is a good
choice for producing a pleasing dictionary pair D, s and D;. Figs. 13
(d)-(f) illustrate the visual effect of the learned low-rank dic-
tionary pair Dy, and D;; when /i,4,24 and s are fixed at
1,0.001,0.01, and 0.00001 and /3 varies. It can be found from
these results that the satisfactory visualization results can be
obtained when /3 > 1, so we set /3 to 1.5. Subsequently, we inves-
tigate the influence of 14 on Algorithm 1. Figs. 13(g)-(i) show the
learned Dy and D;; under different values of 4. It is noted that
Algorithm 1 can produces pleasing results when 14 varies within
a reasonable range, and the best learned results are obtained when
4 =0.01.
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(d)

Fig. 10. Fusion and high-resolution results of the first medical image pair (each result with size of 256 x 256). (a) t

o (p) respectively represent the fused and reconstructed

images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT(SRSR), Li’s, Zhu's

(SLWSR), Zhu's(SRSR).

The Algorithm 2 involves four parameters, i.e., f;(i = 1,2,3,4).
We use the same strategy as Algorithm 1 to determine the optimal
values of these parameters. During this process, we employ the
first medical image pair shown in Fig. 5(b) as the test samples to
investigate the effects of p;(i = 1,2, 3,4). To analyze the effects of
B,, we assign the other three parameters $,,8; and B, to
0.001,0.001, and 1.5, respectively, and search for the optimal value
of B, within [0.001, 1]. As shown in Figs. 14(a)-(d), when g, varies
within [0.001, 1], the visual perception quality will not be affect
significantly, so the value of g, is assigned to 0.75 throughout this
paper. In addition, the optimal value of B, is searched for within
{0.001,0.01,0,02}. Figs. 14(c), (e) and (f) show that as B, increases,
the visual perception quality declines gradually. Accordingly, it is
set to 0.001 in this paper. Subsequently, to determine the value
of B;, we fix p;,p, and B, at 0.001, 0.75, and 1.5 respectively.
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Figs. 14(g)-(i) show the fused results when p; equals 0.0001,
0.01, and 0.1 respectively. The results show that there is no signif-
icant change in visual quality when p; changes from 0.0001 to 0.1,
so we set it to 0.001 in this paper. Figs. 14(j)—(1) illustrate the fused
results when B, searches for the optimal value from a small set
{1,2.5,3},;, 8, and B, are fixed at 0.001, 0.75, and 0.001 respec-
tively. It can be known from these results that Algorithm 2 is sen-
sitive to 4; and as g, increases, the details of the image become
clear, but in the event that its value is too large, the brightness of
the image will be over enhanced, which is not conducive to the
perception of human eye. Accordingly, 8, is assigned to 2.5 in this
paper.

In addition, the effect of the patch size and the dictionary size
on fused results are also be examined to achieve good reconstruc-
tion quality. As confirmed in [6,35], image patch with a size of
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Table 3 Table 4

Quantitative assessment of different fusion methods for fusion and super-resolution Quantitative assessment of different fusion methods for fusion and super-resolution

of the first medical image pair. of the second medical image pair.
Methods Qsk Qoac Qent Qep Methods Qsr, Qaac Qent Qep
Ours-Nec 0.0629 0.5477 5.1484 9.6018 Ours-Nec 0.1324 0.6864 6.8639 8.4374
Ours-CNN 0.0165 0.7027 6.2841 9.6487 Ours-CNN 0.2509 0.7109 6.9635 9.4897
CNN(SLWSR) -0.2796 0.5147 5.2968 6.4145 CNN(SLWSR) -0.1335 0.6475 7.0456 6.4346
CNN(SRSR) -0.1608 0.5268 5.3332 7.4132 CNN(SRSR) -0.0356 0.6895 7.0543 7.0652
Ours-CT 0.1009 0.7095 6.1764 10.1930 Ours-CT 0.3573 0.7157 6.7368 9.8230
CT(SLWSR) -0.1764 0.4747 5.1443 7.1852 CT(SLWSR) 0.0365 0.5705 6.5997 7.0896
CT(SRSR) -0.0371 0.4779 5.1673 8.2395 CT(SRSR) 0.1507 0.6232 6.6039 7.6955
Our-GF 0.0170 0.7141 6.5481 9.7152 Our-GF 0.1602 0.7127 6.9670 9.0385
GF(SLWSR) -0.2886 0.5568 6.0563 6.3772 GF(SLWSR) -0.2921 0.6224 6.8149 5.3368
GF(SRSR) -0.1659 0.5870 6.0565 7.4200 GF(SRSR) -0.2230 0.6761 6.8327 5.7739
Our-NCST 0.0384 0.7048 6.2709 9.8728 Our-NCST 0.2270 0.7090 6.9848 9.2928
NSCT(SLWSR) -0.2565 0.4971 5.2745 6.7046 NSCT(SLWSR) -0.1720 0.6400 6.9313 6.1936
NSCT(SRSR) -0.1314 0.5149 53114 7.7636 NSCT(SRSR) -0.0955 0.6842 6.9413 6.6450
Li’s -0.3078 0.5324 5.1790 6.1539 Li's -0.0133 0.6900 6.7599 7.2269
Zhu’s(SLWSR) -0.3705 0.4934 5.0227 5.4162 Zhu’s(SLWSR) -0.2613 0.6613 6.3081 5.3814
Zhu's(SRSR) -0.3522 0.5515 5.4483 5.7657 Zhu’s(SRSR) -0.1783 0.6973 6.3197 5.9027

The optimal values are shown in bold. The optimal values are shown in bold.

>

Fig. 11. Fusion and high-resolution results of the first multi-focus image pair (each result with size of 240 x 320). (a) to (p) respectively represent the fused and reconstructed
images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT(SRSR), Li’s, Zhu's
(SLWSR), Zhu's(SRSR).
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Fig. 12. Fusion and high-resolution results of the second multi-focus image pair (each result with size of 256 x 256). (a) to (p) respectively represent the fused and
reconstructed images by Ours-Nec, Ours-CNN, Ours-CT, Ours-GF, Ours-NSCT, CNN(SLWSR), CNN(SRSR), CT(SLWSR), CT(SRSR), GF(SLWSR), GF(SRSR), NSCT(SLWSR), NSCT

(SRSR), Li’s, Zhu's(SLWSR), Zhu’s(SRSR).

8 x 8 is very effective for image fusion. Furthermore, Figs. 15(a)-
(d) shows the reconstructed results under different sizes of dic-
tionary, in which case the numbers of atoms in these dictionaries
are 128, 256, 512, and 1024, respectively. By comparison, it is
found that there are no significant visual differences in these
reconstructions. However, Fig. 15(e) shows that the value of PSNR
increases along with the dictionary size, so does the time con-
sumption of representation and reconstruction. Therefore, the
number of atoms is set to 256 to achieve a trade-off between the
reconstruction quality and time consumption.

4.5.2. Effects of key steps

The proposed image fusion and super-resolution joint frame-
work involves three main steps, i.e., joint implementation of image
fusion and super-resolution, advantage embedding and compensa-

77

tion of detail information. In this section, we first show the advan-
tages of the joint image fusion and super-resolution framework
over step-by-step processing. To this end, three different sets of
source images as shown in Fig. 5 are selected as the test images,
and the fused results are illustrated in Fig. 16, where “Ours-Nec
+Cp” means the compensation component C, of detail information
is added to the results of “Ours-Nec”; “Ours-Necw CNN” means
that the fused results of “Ours-Nec” convolutes with the results
of CNN, while “Ours-Nec® CNN+Cy” means Cg is added to the fused
results of “Ours-Nec® CNN”. Although the details of the images in
Fig. 16(c) are clearer than those of others, the details of these
results are over sharpened by “Ours-Nec+Cy”, which is not con-
ducive to the observation of human eye. The details are sharpened
in “Ours-Nec+Cy”, but from visual perception, it can be found that
the results of“Ours-Necw CNN+Cy” are superior to those of other
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Table 5
Quantitative assessment of different fusion methods for fusion and super-resolution
of the first multi-focus image pair.
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Table 6
Quantitative assessment of different fusion methods for fusion and super-resolution
of the second multi-focus image pair.

Methods Qse Qoac Qent Qep Methods Qsk Qaac Qent Qep

Ours-Nec —0.0423 0.7003 7.4989 9.1477 Ours-Nec —-0.0503 0.6833 7.3334 7.6775
Ours-CNN —0.0612 0.7006 7.4281 9.1752 Ours-CNN —0.0447 0.6578 7.4512 7.8960
CNN(SLWSR) -0.3761 0.5985 7.2100 5.4329 CNN(SLWSR) -0.3553 0.5698 7.3690 4.9446
CNN(SRSR) -0.2326 0.6424 7.2554 6.7510 CNN(SRSR) -0.2255 0.6258 7.3501 5.8996
Ours-CT 0.1102 0.6954 7.5426 10.4068 Ours-CT -0.0134 0.6474 7.4632 8.0572
CT(SLWSR) -0.1726 0.5743 7.4470 6.9966 CT(SLWSR) -0.2583 0.5274 7.4210 5.1107
CT(SRSR) -0.0002 0.6463 7.4844 8.4359 CT(SRSR) -0.1899 0.5732 7.4089 6.1601
Our-GF —0.0586 0.7048 7.4302 9.1965 Our-GF —0.0420 0.6567 7.4514 7.9490
GF(SLWSR) -0.3735 0.5973 7.2144 5.4495 GF(SLWSR) -0.2978 0.5534 7.3754 48614
GF(SRSR) -0.2291 0.6420 7.2611 6.7791 GF(SRSR) -0.2233 0.6112 7.3935 5.9655
Ours-NCST —0.0460 0.7021 7.4438 9.3122 Ours-NCST —-0.0196 0.6601 7.4736 8.1211
NSCT(SLWSR) -0.3596 0.5981 7.2542 5.5637 NSCT(SLWSR) -0.2702 0.5580 7.4130 5.0473
NSCT(SRSR) -0.2112 0.6527 7.2958 6.9396 NSCT(SRSR) -0.1965 0.6159 7.4071 6.1901
Li's -0.3241 0.6226 7.2467 5.8701 Li's -0.3353 0.5812 7.3895 5.1484
Zhu's(SLWSR) -0.4237 0.6116 7.2470 5.3555 Zhu’s(SLWSR) -0.2831 0.5635 7.3811 4.9497
Zhu's(SRSR) -0.3713 0.6026 7.2377 5.4637 Zhu’s(SRSR) -0.3397 0.6024 7.1953 5.0554

The optimal values are shown in bold.

methods. More importantly, some artifacts in the enlarged region
in Fig. 16(a) are effectively suppressed in the final results of
“Ours-Nec® CNN+Cy".

In order to verify the effectiveness and superiority of the pro-
posed joint image fusion and super-resolution framework over
step-by-step method, the joint framework is divided into two inde-
pendent approaches, i.e., fusion and super-resolution. Through
step-by-step operations, the fusion and super-resolution of low-
resolution image can be achieved. The fused and reconstructed

The optimal values are shown in bold.

results of the joint and step-by-step implementation are shown
in Fig. 17, where “Fus-Sur” indicates that the low-resolution image
is fused by the strategy proposed in this paper, and then the super-
resolution image is reconstructed by our reconstruction method,
while “SuR-Fus” indicates that the low-resolution source images
are first reconstructed for super-resolution by employing the
method developed in this paper, and then the reconstructed results
are fused by the simple fusion method proposed in this paper. By
comparing the visual effects of Figure.17, it is clear that the joint

Fig. 13. The effects of different parameters on learned dictionaries. (a) Produced at 2; =1, =0.001,/3 = 1.5,/4 = 0.01, and /s = 0.00001 (b) Produced

J1=1,J, =0.001,43 = 1.5,44 = 0.01, and s =0.1 (c) Produced at
J1=1,7, =0.001,/3 =0.001,74, =0.01, and Js=0.00001 (e) Produced
J1 =1,/ =0.001,/3 =3;/, =001, and /s =0.00001 (g) Produced at

at

at

J1=1;J,=0.001,43 =1.5,14 =0.01, and s =15 (d)  Produced at
J1=1,J,=0.001,/3 =1,/4 =001, and 4s=0.00001 (f) Produced at
J1=1,J,=0.001,/3 =1.5,/4 =0.001, and /s =0.00001 (h) Produced at

/1 =1,7,=0.001,/3 = 1.5, 24 = 0.01, and 45 = 0.00001 (i) Produced at Z; = 1; 2, = 0.001, 43 = 1.5, 24 = 0.1, and /5 = 0.00001.
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Fig. 14. The effect of different parameters on fused results. (a) Produced at ; = 0.001, 8, = 0.001, 8; = 0.001, and B, = 1.5 (b) Produced at ; = 0.001, 8, = 0.01, 83 = 0.001,

and g,=15

(c) Produced at g, =0.001,p, =0.75,8; =0.001, and B, =1.5 (d) Produced at p, =0.001,5,=1,8;=0.001, and B, =1.5

(e) Produced at

B, =0.01, 8, =0.75, 3 = 0.001, and B, = 1.5 (f) Produced at g, = 0.02, 8, = 0.75, 83 = 0.001, and B, = 1.5 (g) Produced at 3, = 0.001, 8, = 0.75, 3 = 0.0001, and B, = 1.5
(h) Produced at g; = 0.001, 8, = 0.75, f; = 0.01, and B, = 1.5 (i) Produced at g, = 0.001, 8, = 0.75, 5 = 0.1, and B, = 1.5 (j) Produced at g, = 0.001, 8, = 0.75, 83 = 0.001,
and g, = 1.0 (k) Produced at g, = 0.001, 8, = 0.75, ;3 = 0.001, and g, = 2.5 (I) Produced at ; = 0.001, 8, = 0.75, ; = 0.001, and B, = 3.

Fig. 15. Effects of dictionary size on the reconstruction of the butterfly image. From left to right: (a) dictionary size 64 x 128, (b) dictionary size 64 x 256, (c) dictionary size
64 x 512, (d) dictionary size 64 x 1024, (e) PSNR and time consumption of these images.

processing strategy outperforms the step-by-step method in pre-
serving the edge details of the source images and improving the
visual perception quality of final results. That’s because the step-
by-step operation needs a dictionary to represent the source image
and the fused image (or super-resolution image), whereas the joint
implementation only needs to represent the source images, and
multiple image representation operations are more likely to lead
to the loss of image information. In addition, as can be seen from
the enlarged area of Fig. 17, step-by-step operation can easily
introduce artifacts. If these artifacts are introduced in the first step,
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they may be further magnified in the latter operation. The quanti-
tative comparison of the results of Fig. 17 is shown in Fig. 18, and it
can be seen that most of the metrics assign larger values to the
results of “Ours-Nec”, which further verifies the superiority of joint
operation.

4.6. Convergence analysis

Our model in Eq. (5) is convex for Dy due to other variables are
fixed, thus it convergence can be ensured. The model in Eq. (4) is
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Fig. 16. Effectiveness of different components: (a) Fused results of “Ours-Nec”, (b) fused results of “Ours-Nec® CNN”", (c) results of “Ours-Nec+Cy”, (d) results of “Ours-Nec®
CNN+GC,".

Fig. 17. Superiority of joint image fusion and super-resolution framework over step-by-step method. The fusion results obtained by “Ours-Nec”, “SuR-Fus”, and “Fus-SuR” are
presented from left to right.
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Fig. 18. Quantitative comparison of the results of Fig. 17. (a) Quantitative comparison of the first row in Fig. 17, (b) quantitative comparison of the second row in Fig. 17, (c)

quantitative comparison of the third row in Fig. 17.
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Fig. 19. Convergence analysis of Algorithm 1. (a) Convergence curve of D,; (b) Convergence curve of Dy, (¢) Convergence curve of Dy, (d) Convergence curve of D, (e)

Convergence curve of H.

non-convex jointly with matrix variables Dy, Dy, Dy, D;s and H.
However, when we update one variable and keep the rest fixed,
the model is convex, and we adopt the standard alternate iterative
learning procedure to obtain the optimal solution of each variable.
Fig. 19 shows the convergence curves of Algorithm 1 on the train-
ing data of dictionary. From these results we can see that Algo-
rithm 1 converges to a stable value for each variable when the
iterations reaches 10. Thus in Algorithm 1 we set K to 10.

4.7. Super-resolution with triple factor

Finally, the performance of our method in reconstructing the
super-resolution fused image with magnification factor 3 is tested.
As discussed above, in addition to our methods, reconstruction
methods based on SRSR have better performances than the
“Bicubic”-based methods. Thus, in this section only “CNN (SRSR)”,
“CT (SRSR)”, “GF (SRSR)”, and “NSCT (SRSR)” are selected as the
competitive methods. The fused and reconstructed results of dif-
ferent methods are shown in Fig. 20, and the corresponding low-
resolution source images are given in Fig. 5. From the local
enlarged region of the fusion results of infrared visible images, it
can be known that the proposed method is superior to other meth-
ods in improving the contrast and sharpening the boundary of edge
structure. For medical images, the results obtained by our method
and others have similar visual quality. However, the objective eval-
uation results illustrated in Fig. 21 indicate that our method is
superior to other algorithms in quality. Similar to fusion of infrared
visible images, our method performs better in preserving image
edge detail and contrast in fusing multi-focus images; Further-
more, the quantitative evaluation shown in Fig. 21 also demon-
strates that our method outperforms the others. That’s mainly
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because we develop a more efficient image decomposition, as well
as information compensation method, which play a positive role in
preserving the image edge detail and contrast.

5. Conclusion

In this paper, a novel semi-coupled discriminative dictionary
learning and advantage embedding approach is developed for
enhanced visualization of joint image fusion and super-
resolution. In our method, the input source images are separated
into low-rank sparse components. To achieve the image fusion
and super-resolution simultaneously, we first establish the poten-
tial relationship between low-resolution images and high-
resolution images through the relation transformation dictionary,
and then two pairs of low-rank sparse dictionaries and a conver-
sion dictionary are jointly learned. To improve the visualization
of the fused and super-resolution reconstructed result, the struc-
ture information compensation dictionary is used to compensate
for the lost details. Furthermore, to integrate the advantages of
excellent image fusion methods, such as CNN-based method, CT-
based method, GF-based method, and NSCT-based method, into
the fusion and super-resolution results, we propose a
deconvolution-based advantage embedding scheme to refine the
fusion and reconstruction results to make it more suitable for
human eye perception. Experimental results demonstrate the
effectiveness of the proposed method. However, our method fails
to achieve image fusion and deblurring simultaneously. Thus, fur-
ther studies will be carried out on the joint implementation of
image fusion and deblurring based on the latest progress of deep
learning.
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Fig. 20. Results with magnification fact 3. From left to right and top to bottom: reconstruction results generated by “Our-CNN”, “Our-CT", “Our-GF”, “Our-NSCT”, “CNN
(SRSR)”, “CT(SRSR)”, “GF(SRSR)”, and “NSCT(SRSR)".
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Fig. 21. Quantitative comparison of the results of Fig. 20. (a) quantitative comparison of the first row of Fig. 20 (b) quantitative comparison of the second row of Fig. 20, (c)

quantitative comparison of the third row of Fig. 20.
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