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Abstract— Convolutional dictionary learning has become
increasingly popular in signal and image processing for its ability
to overcome the limitations of traditional patch-based dictionary
learning. Although most studies on convolutional dictionary
learning mainly focus on the unimodal case, real-world image
processing tasks usually involve images from multiple modalities,
e.g., visible and near-infrared (NIR) images. Thus, it is necessary
to explore convolutional dictionary learning across different
modalities. In this paper, we propose a novel multi-modal convo-
lutional dictionary learning algorithm, which efficiently correlates
different image modalities and fully considers neighborhood
information at the image level. In this model, each modality
is represented by two convolutional dictionaries, in which one
dictionary is for common feature representation and the other
is for unique feature representation. The model is constrained
by the requirement that the convolutional sparse representa-
tions (CSRs) for the common features should be the same across
different modalities, considering that these images are captured
from the same scene. We propose a new training method based
on the alternating direction method of multipliers (ADMM) to
alternatively learn the common and unique dictionaries in the dis-
crete Fourier transform (DFT) domain. We show that our model
converges in less than 20 iterations between the convolutional
dictionary updating and the CSRs calculation. The effectiveness
of the proposed dictionary learning algorithm is demonstrated
on various multimodal image processing tasks, achieves better
performance than both dictionary learning methods and deep
learning based methods with limited training data.

Index Terms— Multi-modal dictionary learning, convolutional
sparse coding, image denoising.

I. INTRODUCTION

RECENTLY, multimodal image processing has attracted
increasing interest from the signal and image processing

communities. In many practical scenarios, one scene can
be represented by many images from different modalities.
For example, in virtual reality applications, RGB-D camera
is typically used to simultaneously capture the color image
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and depth image [1]. In remote sensing, many hyperspectral
images with different wavelengths correspond to the same
Earth observation [2]. For object detection in a low-light
scenario, it is normal to have a pair of visible and near-
infrared (NIR) images. These images from multiple modal-
ities represent the same scene but often offer complementary
information; thus, they are often complementary to each other.
However, due to the limitations of the acquisition devices,
some of these multimodal images suffer severe distortions,
e.g., noise contamination, low resolution, blurred edges, and
missing regions. Therefore, an efficient multimodal represen-
tation model is needed to guide the restoration of the damaged
modality.

Sparse representation (SR) and dictionary learning have
long been used to represent signals and images [3]–[8]. With
SR and dictionary learning, one signal is expected to be
represented as a linear combination of a small number of atoms
in an overcomplete dictionary. To represent multimodal data,
Kwon et al. [9] proposed learning an independent dictionary
for each modality and assumed that all dictionaries share
the same sparse representations to link different modalities.
Assuming that x and y denote the image patches from two
different modalities and that their corresponding dictionaries
are Dx and Dy , [9] modeled the relationship between the two
modalities as follows,�

x
y

�
=

�
Dx

Dy

�
θ . (1)

Here, θ is the sparse representation, which is the same for the
two modalities. Since x and y are stacked together, Dx and Dy

can be regarded as a large dictionary which can be learned as
a whole. However, the above model represents each modality
by one dictionary, which actually only considers the common
parts between different modalities, but ignores the unique
parts. To overcome this drawback, Zhang et al. [10] proposed
representing each modality by two dictionaries, as follows:

�
x
y

�
=

�
Dc Du 0
Dc 0 Du

�⎡
⎣ θc

θux

θuy

⎤
⎦, (2)

in which x and y are represented by a common dictionary
Dc and a unique dictionary Du . For the common dictionary
Dc, the sparse representation θ c is the same for both x and y.
For the unique dictionary Du , the sparse representations θux

and θuy are different for x and y. Compared to [9], the model
in [10] is more reasonable since the unique features between
two modalities are represented more accurately. However,
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Zhang et al. [10] only decoupled the unique sparse represen-
tations, i.e., θux and θuy are different, while the dictionaries are
still the same for x and y. Different from [10], Song et al. [11]
proposed using different common and unique dictionaries for
the two modalities, as follows:

�
x
y

�
=

�
Dcx Dux 0
Dcy 0 Duy

�⎡
⎣ θc

θux

θuy

⎤
⎦. (3)

In Eq. (3), to represent x and y, not only the sparse represen-
tations but also the dictionaries are different. This makes the
model of [11] more accurate than that of [9] and [10].

However, the learned dictionaries of the aforementioned
models are redundant, i.e., the dictionary atom has many
shifted copies. In addition, the whole image needs to be
divided into overlapped patches to process each patch indepen-
dently. The final result is obtained by assembling all patches
together and averaging the overlapped pixels among adjacent
patches. The overlap-averaging mechanism has several disad-
vantages. First, it ignores an important constraint in solving the
patch estimation problem, i.e., pixels in the overlapped area of
adjacent patches should be exactly the same. Second, the patch
dividing and aggregation make the image processing with
low efficiency. As an alternative representation, convolutional
sparse coding (CSC) overcomes the above drawbacks, which
decomposes the whole image into several sparse feature maps
by convolutional filters. The CSC model is spatially invariant,
e.g., a learned filter of a specific edge orientation can represent
all edges of the same orientation in the image. In addition,
it avoids dividing the image into overlapped patches and can
naturally utilize the consistency prior.

Recently, Marivani et al. [12] proposed using convolutional
sparse representation to model different image modalities at
the image level. They assume that different modalities have
their own convolutional dictionary which shares the same con-
volutional sparse representations. Inspired by Song et al. [11],
Deng et al. [13] proposed to represent each image modality
by two convolutional dictionaries, in which one dictionary is
for common feature representation and the other is for unique
feature representation. However, neither [12] nor [13] aims to
solve the dictionary learning problem for multi-modal images.
Instead, they both turn the multimodal dictionary model into
a neural network by a deep unfolding strategy. Thus, they are
essentially deep learning-based methods, which usually require
a large amount of training data to achieve good performance.
Without sufficient training data, the performance of these
methods can be significantly degraded, as demonstrated in the
experimental results in Section V. To bridge the gap, we pro-
pose in this paper a novel approach to solve the multi-modal
convolutional dictionary learning problem through traditional
optimization, and successfully apply it in various multi-modal
image processing tasks.

The main contributions of this paper are as follows.

• We propose a new dictionary training algorithm to solve
the multimodal convolutional dictionary learning prob-
lem set in [13]. Different from [13], which solves
the problem by neural networks, we solve it through
traditional optimization, and it is demonstrated to perform

better than [13] with limited training data. The train-
ing process is performed in the discrete Fourier trans-
form (DFT) domain and is composed of two stages: con-
volutional dictionary updating and convolutional sparse
coefficient (CSR) calculation.

• We develop several multi-modal image restoration and
fusion algorithms based on the proposed multi-modal
dictionary learning, which are demonstrated to achieve
superior results than the traditional dictionary learning
based methods both quantitatively and qualitatively.

The remainder of this paper is organized as follows.
In Section II, we review related work on both traditional
and multimodal dictionary learning. The proposed method is
introduced in Section III. The multi-modal image processing
applications are introduced in Section IV. Finally, Section V
discusses the experimental results, and Section VI concludes
this paper.

II. RELATED WORKS

In this section, we first review works on traditional sparse
representation methods, and then move to the convolutional
sparse representation. Finally, we review the works on multi-
modal image representaion methods, including both traditional
and convolutional multimodal sparse models.

A. Traditional Sparse Representation

Considering a signal x ∈ RN and an overcomplete dictio-
nary D ∈ RN×M (N � M), the sparse representation (SR)
model aims to approximate x using a small number of atoms
in dictionary D, i.e., x � Dα. Here, the vector α contains
all the coefficients to represent the signal x. Since dictionary
D is redundant, vector α is not always unique. The SR
model usually assumes that α should have the fewest nonzero
elements, which can be mathematically achieved by solving
the following optimization problem:

min
α

�α�0, �x − Dα�2 ≤ �. (4)

Here, � · �0 is the �0 norm, which indicates the number
of nonzero elements in vector α. The above optimization is
NP-hard for unstructured dictionaries. For this reason, classical
solutions are based on convex relaxation, e.g., basis pur-
suit [14], or on greedy methods such as orthogonal matching
pursuit (OMP) [15]. In the SR model, the dictionary D plays
an important role. Many methods have been proposed to learn
the dictionary to represent a certain set of training signals. The
representative algorithms include K-SVD [16], MOD [17], and
online dictionary learning [18]. The SR model has been widely
used to solve inverse problems, such as image denoising,
image super-resolution, and image inpainting, etc.

B. Convolutional Sparse Representation

Instead of sparsely representing a vector by the linear
combination of dictionary atoms as in Eq. (4), an alternative
SR model, namely convolutional sparse representation (CSR),
models an entire image as a sum over a set of convolutions
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Fig. 1. Illustration of the training process of the proposed multimodal convolutional dictionary learning (MCDL) algorithm, which is mainly composed of
the convolutional sparse representation (CSR) calculation and dictionary updating stages. The final output is a set of four convolutional dictionaries, with each
modality having one unique and one common convolutional dictionary.

of coefficient maps with their corresponding dictionary fil-
ters [19]. The number of coefficient maps is the same as the
number of dictionary filters, and the size of each coefficient
map is the same as that of the image. Similar to the SR model,
the CSR model also assumes that the coefficient map should
be sparse, and it can be calculated via the following:

argmin
{αm }

1

2
�x −

M�
m=1

dm ∗ αm�2 + λ
�

m

�αm�1. (5)

Here, {dm} is a set of M dictionary filters, and {αm} is a
set of convolutional sparse representations. The size of αm is
the same as the size of x. To solve the optimization problem
in (5), Bristow et al. [20] proposed a method based on the
alternating direction method of multipliers (ADMM) [21],
which operates in the DFT domain to speed up the calcu-
lation process. Later, Wohlberg et al. [19] further improved
over [20] by applying Sherman-Morrison formula to solve
the large liner system for computational advantage. Later,
to reduce the computational complexity, Wang [22] proposed
an online convolutional sparse coding algorithm. The CSR
model has been successfully applied in many image processing
tasks [23]–[29], such as the single image super-resolution
task [23], image fusion [24], image decomposition [25], [28]
and medical image processing [27], [29]. In [23], compared
to the traditional SR model, the image super-resolution per-
formance was improved by 0.26 dB in PSNR by using the
CSR model for 2× upscaling. In [24], it is also demonstrated
that CSR-based image fusion performs better than traditional
SR-based image fusion.

C. Multimodal Image Representation

Multimodal dictionary learning has widely been used for
many multimodal image processing tasks, such as multi-
modal image super-resolution [9], [11], image transformation
[30], and image separation [31], etc. For image transfor-
mation, Wang et al. [30] proposed a semi-coupled dictionary
learning (SCDL) algorithm, which correlates two modalities

by assuming that the sparse representation of the source
modality can be mapped to that of the target modality
through a linear transform. For the multimodal retrieval task,
Zhuang et al. [32] proposed a supervised coupled dictionary
learning algorithm called Sli M2, which assumes that the
sparse representations of different modalities can be mapped to
each other, i.e., bidirectional mappings exist between any two
modalities. For person re-identification, Jing et al. [33] pro-
posed a semi-coupled low-rank discriminant dictionary learn-
ing algorithm, which is similar to SCDL [30] but adds a new
discriminant constraint on the sparse representations to ensure
the re-identification accuracy. For image classification tasks,
Bahrampour et al. [34] proposed a multimodal task-driven
dictionary learning algorithm under the group sparsity prior
to enforcing collaborations among multiple modalities. For
image separation, Deligiannis et al. [31] proposed a coupled
dictionary learning algorithm, which assumes that part of the
mixed modality shares the same sparse representations with
the two separated modalities, and part of the mixed modality
has its own sparse representation.

However, all the methods mentioned above learn dic-
tionaries at the patch level, which makes it difficult to
identify the global dependencies across modalities at the
image level. Compared to the patch-based dictionary model,
the convolutional dictionary model is able to capture the
global dependencies across different modalities well [23],
[35]. Specifically, for the task of multimodal image super-
resolution, Marivani et al. [12] proposed a multimodal con-
volutional sparse representation model in which each image
modality has its own convolutional dictionary, and different
modalities are required to have the same convolutional sparse
codes. Different from [12], where each modality has only one
dictionary, Deng et al. [13] proposed a multimodal dictionary
model in which each modality has two convolutional dictio-
naries for more accurate decoupling and representation.

In addition to multimodal image representation, there is
another closely related research area namely multichannel
image representation. Specifically, Wohlberg [36] proposed
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the first convolutional dictionary learning algorithm for mul-
tichannel signals. There are two models proposed in [36] to
relate multichannel signals, i.e., single channel and multichan-
nel dictionary model. In single channel dictioanry model, each
channel is represented by the same single-channel dictionary
but with different sparse coefficient. In contrast, in multichan-
nel dictionary model, all channels share the same represen-
tation, but with different dictionaries. Later, Hu et al. [37]
proposed to model the RGB+NIR image reconstruction as a
multichannel convolutional sparse coding problem, and used
ADMM algorihtm to solve this problem. For video super-
resolution, Barajas-Solano et al. [38] proposed to model the
spectral video sequence by multichannel convolutional sparse
coding, and achieved state-of-the-art spectral video super-
resolution performance. La Tour et al. [39] first attempted to
model electromagnetic brain signals by multivariate convolu-
tional sparse coding, which is able to learn both the prototyp-
ical temporal waveforms and the associated spatial patterns.

III. MULTI-MODAL CONVOLUTIONAL DICTIONARY

LEARNING

A. Motivation and Problem Statement

In multi-modal image processing, images from different
modalities are often captured from the same scene. Thus,
they are expected to share some common features, e.g., edges
and shapes. However, since they are usually captured using
different sensors, they also contain unique features, which
are different across modalities. Take the RGB and depth
images for example, the discontinuities in the depth image
are clearly related to the edges in the RGB image. However,
RGB images contain texture information, which does not exist
in depth images. To this end, following [13], we represent
each modality with two set of filters, i.e., common and unique
filters.

Suppose that x and y are two image modalities, we rep-
resent each of them using two sets of convolutional filters,
as follows:

x =
K�

k=1

dk ∗ ck +
M�

m=1

em ∗ um ,

y =
K�

k=1

hk ∗ ck +
N�

n=1

gn ∗ vn, (6)

where {dk}K
k=1 and {hk}K

k=1 are the common filters of x and
y, respectively, {em}M

m=1 and {gn}N
n=1 are the unique filters of

x and y, respectively. Here, K , M and N are the number of
different filters. In addition, ck is the common convolutional
sparse representation (CSR) shared by the common filters
{dk}K

k=1 and {hk}K
k=1, um and vn are the unique CSRs of

the unique filters {em}M
m=1 and {gn}N

n=1, respectively. Note
that the x and y are usually not directly decomposed into
CSRs. The normal way is filtering them by a lowpass filter and
decomposing the high-pass component into CSRs [19], [24].
The low-pass and high-pass components are decomposed by
solving the following optimization problem:

argmin
xl

�x − xl�2
F + γ (

		 f h ∗ xl
		2

F + 		 f v ∗ xl
		2

F ), (7)

where xl is the low-pass component, and (x − xl) is the
high-pass component. The f h = [−1, 1] and f v = [−1, 1]T

are the horizontal and vertical gradient operators, respectively,
and γ is the regularization parameter which is set to 5.
This is a Tikhonov regularization problem, which can be
solved by the fast Fourier transform. In this paper, we used
the SPORCO library [40] to solve this problem. The x and
y are independently low-pass filtered to obtain the high-
pass components. This can be regarded as a pre-processing
step. In the following, we perform joint representation of the
highpass components.

The optimization formulation of our multi-modal convolu-
tional dictionary learning is established as follows:

argmin

{dk, em , hk, gn,

c j
k , u j

m, v
j
n

}

1

2

�
j

					x j −(
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

+ 1

2

�
j

					y j −(
�

k

hk ∗c j
k +

�
n

gn ∗v
j
n)

					
2

2

+ γc

�
j

�
k

			c j
k

			
1
+ γu

�
j

�
m

			u j
m

			
1

+ γv

�
j

�
n

			v
j
n

			
1
,

s.t ., �dk�2
2 =1, �em�2

2 =1, �hk�2
2 =1,

		gn

		2
2 =1.

(8)

Here, {x j }J
j=1 and { y j }J

j=1 are the training samples, c j
k is

the k-th common CSR of x j and y j , u j
m is the m-th unique

CSR of x j , and v
j
n is the n-th unique CSR of y j . The first

two items guarantee that the CSRs can well reconstruct the
source images, and the remained items are used to constrain
the sparsity of the CSRs.

Next, we focus on learning these dictionary filters and
CSRs. We solve Eq. (8) in two steps as shown in Fig. 1.
In the first step, we fix all the dictionary filters to update the
CSRs, and in the second step, we fix all the CSRs to update
the dictionary filters.

B. Updating the CSRs

By fixing all the convolutional dictionary filters, we have
the following problem to solve:

argmin
{c j

k , u j
m, v

j
n }

1

2

�
j

					x j − (
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

+ 1

2

�
j

					y j − (
�

k

hk ∗ c j
k +

�
n

gn ∗ v
j
n)

					
2

2

+ γc

�
j

�
k

			c j
k

			
1
+ γu

�
j

�
m

			u j
m

			
1

+ γv

�
j

�
n

			v
j
n

			
1
, (9)
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Here, we have three variables to optimize, and our solution
is to update each variable in an alternating way. First, the
common CSR c j

k and unique CSR u j
m are fixed to update the

other unique CSR v
j
n . Then, c j

k and v
j
n are fixed to update u j

m .
Finally, the unique CSRs u j

m and v
j
n are fixed to update the

common CSR c j
k .

Step 1: With c j
k and u j

m fixed, we can update v
j
n via the

following:

argmin
{v j

n}

1

2

�
j

					y j − (
�

k

hk ∗ c j
k +

�
n

gn ∗ v
j
n)

					
2

2

+ γv

�
j

�
n

			v
j
n

			
1

(10)

Since c j
k is fixed, we can denote y�

j = y j − 

k hk ∗ c j

k , and
then Eq. (10) can be simplified as follows:

argmin
{v j

n }

1

2

�
j

					y�
j −

�
n

(gn ∗ v
j
n)

					
2

2

+ γv

�
j

�
n

			v
j
n

			
1

(11)

This is a standard convolutional sparse coding problem, which
can be solved by ADMM in DFT domain. We use the software
SPORCO [41] to solve this problem.

Step 2: With c j
k and v

j
n fixed, we can update u j

m via solving
the following optimization problem:

argmin
{u j

m }

1

2

�
j

					x j − (
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

+ γu

�
j

�
m

(
			u j

m

			
1
) (12)

By denoting x�
j = x j −


k dk ∗ c j
k , we can turn Eq. (12) into

argmin
{u j

m }

1

2

�
j

					x�
j −

�
m

(em ∗ u j
m)

					
2

2

+ γu

�
j

�
m

			u j
m

			
1

(13)

Similar to Eq. (10), Eq. (13) is also a standard convolutional
sparse coding problem.

Step 3: With u j
m and v

j
n fixed, the updating of c j

k is
more challenging. Specifically, we have the following coupled
optimization problem:

argmin
{c j

k
}

1

2

�
j

					x j − (
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

+ 1

2

�
j

					 y j − (
�

k

hk ∗ c j
k +

�
n

gn ∗ v
j
n)

					
2

2

+ γc

�
j

�
k

			c j
k

			
1
, (14)

Since u j
m and v

j
n are fixed, we can denote x��

j = x j −

m em ∗

u j
m and y��

j = y j −

n gn ∗v

j
n , and Eq. (14) can be simplified

as follows:

argmin
{c j

k }

1

2

�
j

					x��
j −

�
k

dk ∗ c j
k

					
2

2

+ 1

2

�
j

					y��
j −

�
k

hk ∗ c j
k

					
2

2

+ γc

�
j

�
k

			c j
k

			
1
.

(15)

By defining linear operators Dk and Hk such that Dk c j
k =

dk ∗ c j
k and Hk c j

k = hk ∗ c j
k , we can change Eq. (15) as

follows:

argmin
{c j

k }

1

2

�
j

					x��
j −

�
k

Dk c j
k

					
2

2

+ 1

2

�
j

					y��
j −

�
k

Hk c j
k

					
2

2

+ γc

�
j

�
k

			c j
k

			
1
. (16)

Here, Dk is a Toeplitz matrix constructed by dk , as follows:

Dk =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

dk(1) 0 0 · · ·
... dk(1) 0 · · ·

dk(n)
... dk(1) · · ·

0 dk(n)
... · · ·

0 0 dk(n) · · ·
...

...
...

...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(17)

Here, dk(1) is the i -th element in dk . We then define

c j =

 c j

0

c j
1
...

�
and C = (c0 c1 · · ·), (18)

X = (x��
0 x��

1 · · ·) and Y = (y��
0 y��

1 · · ·), (19)

and

D = (D0 D1 · · ·) and H = (H0 H1 · · ·). (20)

Then, we can rewrite Eq. (16) as follows:

argmin
C

1

2
�X − DC�2

F + 1

2
�Y − HC�2

F + γc �C�1 (21)

ADMM Algorithm: To solve Eq. (21), we introduce an
auxiliary variable S and have the following optimization
problem,1

argmin
C

1

2
�X − DC�2

F + 1

2
�Y − HC�2

F + λ �S�1 ,

s.t ., S = C (22)

With the dual variable U , the alternating direction method of
multipliers (ADMM) algorithm [21] can solve (22) by splitting

1As demonstrated in [20] and [36], compared to the spatial domain
methods, such as FISTA, the ADMM algorithm performed in the DFT
domain gives more efficient solutions to the CSR problem with substantially
computational advantage. Thus, we also adopt the ADMM framework to solve
Eq. (21).
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it into the following three sub-problems:
C(t+1) = argmin

C
�X − DC�2

F + �Y − HC�2
F

+ ρ

2

			C − S(t) + U (t)
			2

F
, (23)

S(t+1) = argmin
S

ρ

2

			C(t+1) − S + U (t)
			2

F
+ γc �S�1 ,

(24)

U (t+1) = U (t) + C(t+1) − S(t+1). (25)

In sub-problem (23), to make the notations simple,
we denote P = S(t) − U (t), and we then have the following
problem:

C(t+1) = argmin
C

�X − DC�2
F + �Y − HC�2

F

+ ρ

2
�C − P�2

F (26)

By taking derivative of (26) with respect to C , we can have
the following linear system:

(DH D + H H H + ρ I)C = DH X + H H Y + ρ P . (27)

To solve Eq. (27) efficiently, following [42], we transform it
into the DFT domain to obtain:

( D̂
H

D̂ + Ĥ
H

Ĥ + ρ I)Ĉ = D̂
H

X̂ + Ĥ
H

Ŷ + ρ P̂ . (28)

Here, the variable with hat indicates its DFT transform. This
can be solved using iterated Sherman-Morrison algorithm [43].

The sub-problem (24) can be easily solved by soft-
thresolding, which has the following solution:

St+1 = S γc
ρ
(C(t+1) + U(t)), (29)

where S γc
ρ

is the soft-thresolding operator, which is defined as
follows,

S γc
ρ
(z) = sign(z) 	 max(0, |z| − γc

ρ
) (30)

In ADMM, the subproblems (23), (24) and (25) are alter-
natively solved until meeting the maximum iteration number
I tera .

C. Updating Dictionary Filters

By fixing all the common and unique CSRs learned in the
last section, we can update the dictionary filters through the
following optimization:

argmin
{dk, em, hk, gn }

1

2

�
j

					x j − (
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

+ 1

2

�
j

					y j −(
�

k

hk ∗c j
k +

�
n

gn ∗v
j
n)

					
2

2

s.t ., �dk�2
2 =1, �em�2

2 =1, �hk�2
2 =1,

		gn

		2
2 =1.

(31)

Since dk and em only exist in the first term, hk and gn only
exist in the second term, the updating of dk and em can be

independent from that of hk and gn . Take the updating of dk

and em for example, we have the following problem:

argmin
{dk ,em }

1

2

�
j

					x j − (
�

k

dk ∗ c j
k +

�
m

em ∗ u j
m)

					
2

2

s.t ., �dk�2
2 = 1, �em�2

2 = 1. (32)

To solve this problem, there are two possible solutions. One
solution is to alternatively update the unique filters em and
the common filters dk . The other solution is to append the
dictionary filters dk and em as a single dictionary, and use a
standard CSC solver to obtain the dictionary filters. In this
paper, we adopted the first solution to solve this problem,
and regard the second solution as an interesting future work.
Specifically, we first fix the unique filters em to update the
common filters dk , and then fix the common filters dk to
update the unique filters em .

Step 1: When em is fixed, we can re-write (32) as:

argmin
{dk}

1

2

�
j

					(x j −
�

m

em ∗ u j
m) −

�
k

dk ∗ c j
k

					
2

2

s.t ., �dk�2
2 = 1. (33)

When regarding (x j − 

m em ∗ u j

m) as a whole, this is a
typical convolutional dictionary learning problem, and we can
use the convolutional constrained method of optimal directions
(CCMOD) [19] to solve it.

Step 2: When dk is fixed, we can update em through solving
the following problem:

argmin
{em }

1

2

�
j

					(x j −
�

k

dk ∗ c j
k ) −

�
m

em ∗ u j
m

					
2

2

s.t ., �em�2
2 = 1. (34)

This is also a typical convolutional dictionary learning prob-
lem, which can be solved with the CCMOD algorithm [19].
The updating of dk and em is performed in turn with a
pre-defined maximum iteration number I teri . In this paper,
we set the I teri = 10. The same method can be used to
update the dictionary filters hk and gn , i.e., we first fix hk to
update gn , and then fix gn to update hk .

IV. APPLICATIONS

A. Cross-Field Image Denoising

For the task of cross-field image denoising, our aim is
to eliminate the noise in one modality with the guidance of
another modality. Suppose that x is the noisy modality and that
y is the guidance modality, the data model can be formulated
as follows:

x =
�

k

dk ∗ ck +
�

m

em ∗ um + �,

y =
�

k

hk ∗ ck +
�

n

gn ∗ vn, (35)

where � is the noise we need to remove from image x. Given
the known dictionary filters, we can model the cross-field
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Algorithm 1 The Proposed MCDL Training Algorithm

denoising problem as follows,

argmin
{ck, um, vn }

1

2

					x − (
�

k

dk ∗ ck +
�

m

em ∗ um)

					
2

2

+ 1

2

					 y − (
�

k

hk ∗ ck +
�

n

gn ∗ vn)

					
2

2

+ λc

�
k

�ck�1+λu

�
m

�um�1+λv

�
n

�vn�1 .

(36)

where λc, λu and λv are used to constrain the sparsity level
of ck , um and vn , respectively. As we described before, the
common CSR ck is expected to capture the common features
between two modalities, and obviously noise is not a feature
shared between the noisy image x and clean image y. Thus,
it is expected that most of the noise will appear in the unique
CSR um of x, and the um should be more sparse to remove
more noise. This can be achieved by assigning a larger value
to λu and smaller value to λc and λv . After solving Eq. (36)
to have ck and um , we obtain the denoised image as follows,

x̃ =
�

k

dk ∗ ck +
�

m

em ∗ um . (37)

B. Multi-Modal Image Fusion

Multi-modal image fusion aims to fuse two images from
different modalities, e.g., a pair of visible and near-infrared
images. To apply the proposed multi-modal convolutional
dictionary learning algorithm in image fusion, we assume
that x and y are two source images to be fused and model
their relationship as in Eq. (6). The fusion procedure is as

follows. Given the common and unique dictionaries, we first
calculate the common and unique CSRs by solving the same
optimization problem as the cross-field image denoising task
in Eq. (36). Different from the cross-field image denoising, the
λc, λu and λv in this case have the same value. Then, after
we obtain the common CSR ck , unique CSRs um and vn , the
fused image f can be calculated by the following formulation:

f = w1

�
k

dk ∗ ck + w2

�
k

hk ∗ ck

� �� �
common part shared by x and y

+
�

m

em ∗ um

� �� �
unique part of x

+
�

n

gn ∗ vn

� �� �
unique part of y

. (38)

Here, the fused image f is composed of three parts,
including the common part shared by x and y, the unique
part of x, and the unique part of y. Here, the common part is
calculated by a weighted sum of the common parts of x and y,
i.e., w1



k dk∗ck+w2



k hk∗ck . Note that the sum of w1 and

w2 is required to be 1, i.e, w1 + w2 = 1. As demonstrated in
the experimental results, when both w1 and w2 are equal to
0.5, we can obtain the best fusion performance.

C. Cross-Field Image Deblurring

For this task, there actually exist three modalities, i.e., given
the RGB image and blurred MS image, we aim to restore the
original MS image. Their relationship is modeled as follows,
where x, y and z denote the blurred MS image, RGB image,
and restored MS image, respectively.

x =
K�

k=1

dk ∗ ck +
M�

m=1

em ∗ um ,

y =
K�

k=1

hk ∗ ck +
N�

n=1

gn ∗ vn,

z =
K�

k=1

lk ∗ ck +
M�

m=1

pm ∗ um, (39)

In the training process, we first train the dictionaries and
CSRs for x and y as described in the original manuscript.
Then, with ck and um obtained, we can calculate dictionary
filters lk and pm using convolutional constrained method of
optimal directions (CCMOD) method.

V. EXPERIMENTS

In this section, we first introduce the implementation details
to train the multi-modal dictionaries, and then perform several
multi-modal image restoration and fusion tasks to show the
effectiveness of the proposed MCDL algorithm. Please note
that the experiments here are only intended to prove the
concept of using such multi-modal dictionaries in multi-modal
image processing tasks. Further work is required to fully
deploy the proposed algorithm in large-scale image-processing
applications.
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Fig. 2. Examples of the multi-modal testing images used in this paper. Here, the multi-spectral images are with 640 nm wavelength band.

Fig. 3. (a) and (b) plot the curves of the training and testing losses with the increase of iteration number. (c) and (d) plot the real computing time in the
training and testing processes in cross-filed image denoising. The testing image is of size 512 × 512.

A. Dictionary Learning Setup

1) Training Dataset: We train the multi-modal dictio-
naries using two different multi-modal datasets, including
RGB/multi-spectral (MS) image pairs and visible/near-infrared
(NIR) image pairs. The RGB/MS training images are from

the Columbia multi-spectral database,2 and RGB/NIR training
images are from the EPFL RGB-NIR Scene database.3 In this
paper, we only use 10 pairs of multi-modal images for training.

2http://www.cs.columbia.edu/CAVE/databases/multispectral/
3http://ivrl.epfl.ch/supplementary_material/cvpr11/
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Fig. 4. Visualization of the common and unique convolutional dictionary atoms learned by the proposed MCDL algorithm for RGB/Multi-spectral scenario.

TABLE I

COMPUTING TIME OF DIFFERENT COMPONENTS FOR EACH INNER ITERA-
TION IN TRAINING AND TESTING PROCESSES

2) Testing Dataset: For cross-field image denoising and
deblurring, we randomly select 7 pairs of RGB and
multi-spectral images from Columbia multi-spectral database
for testing. Note that the testing images are different from
the training images. For image fusion, we randomly select
12 pairs of visible and NIR images from the TNO Image
Fusion Dataset4 for testing. Fig. 2 shows some examples of
the testing images.

3) Training Parameters: In the training process, considering
the computational complexity, the size of training patch is 64×
64, and the total number of training patches is 3,000. Note that
this does not violate the claim that the convolutional sparse
coding is operated on the whole image. In the testing phase,
the input to our model can be image of any size, which does
not need to be split into patches. The number of dictionary
filters in each dictionary is 32, and the filter size is 8×8. The
γc, γu and γv are set to 0.1. The number of maximum internal
iterations I teri and I ters is set to 10, and the number of

4https://figshare.com/articles/dataset/TNO_Image_Fusion_Dataset/1008029

maximum external iteration I tere is set to 50 for iteratively
updating dictionaries and sparse coefficients. In the ADMM
algorithm, we set the maximum iteration number I tera as 5.
For the RGB images with 3 channels, we first turn them into
YCbCr format and use only the Y channel for training.

B. Analysis of Dictionary Learning Performance

1) Convergence Speed: The convergence speed is an impor-
tant element to evaluate the efficiency of dictionary learning.
Fig. 3 (a) and (c) show the convergence speed of our MCDL
algorithm during the training process, in terms of iteration
number and the real computing time, respectively. The com-
puting time is recorded by implementing the experiments
on a 64-bit Windows PC with Intel Core i7-4770 processor
@3.40 GHz. It can be seen that the training loss decreases
rapidly with the number of iterations, and nearly converges
within 20 iterations. However, each iteration requires a large
amount of training time, i.e., usually several hours, and the
whole training process is very time-consuming. As presented
in Table I, the dictionary updating process accounts for most
computing time, while the CSR calculation only needs several
seconds. Fig. 3 (b) and (d) show the loss curves when testing
the cross-field image denoising task in terms of iteration
number and computing time. We can see that the testing loss
decreases rapidly and converges in less than 30 iterations.
In addition, it has relatively fast computing time, i.e., each
iteration only needs several seconds. In the testing process,
we only need to calculate the CSRs, and the fast convergence
speed verifies the effectiveness of our CSR calculation algo-
rithm. For the other multi-modal datasets, we observe quite
similar convergence performance.
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TABLE II

CROSS-FIELD DENOISING PERFORMANCE IN TERMS OF PSNR (DB), WITH THE BEST RESULTS IN BOLD AND THE SECOND BEST RESULTS UNDERLINED

TABLE III

CROSS-FIELD DENOISING PERFORMANCE IN TERMS OF SSIM, WITH THE BEST RESULTS IN BOLD AND THE SECOND BEST RESULTS UNDERLINED

2) Visualization of Learned Dictionary Filters: Fig. 4 shows
the common and unique filters learned using our MCDL algo-
rithm for RGB/multi-spectral images with two different atom
sizes, e.g., 4×4 and 8×8. As we can see, the common filters
of these two modalities look similar to each other in the same
location, while the unique filters are significantly different.
This is consistent with our assumption that the common filters
aim to capture the common feature among modalities, while
the unique filters are to preserve the complementary features.

C. Application to Cross-Field Image Denoising

1) Additive Gaussian Noise: In this experiment, additive
white Gaussian noise is added to the multi-spectral image

with three different noise levels, i.e., σ 2 = 4, 8, 12. There
is no noise in the RGB image, and it is used to guide the
denoising of the multi-spectral image. The peak signal-to-noise
ratio (PSNR) and SSIM [44] values are calculated between
the noisy and denoised multi-spectral images to evaluated the
denoising performance of our method. The larger value of
PSNR and SSIM indicates better denoising performance.

2) Comparison Methods: We compare our method
with the other two dictionary-based image denoising
methods, including K-SVD denoising method [3] and
coupled dictionary learning (CDL) based image denoising
method [46], a bayesian learning based denoising
method PGBL [48], BM3D [45], a mutual guided image
filtering (MuGIF) method [47], and two deep learning
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TABLE IV

RESULTS ON VISIBLE AND INFRARED IMAGE FUSION FOR DIFFERENT METHODS IN TERMS OF QM I , QT E AND SSIM

Fig. 5. The change of cross-field image denoising performance across different images for different noise levels, in terms of PSNR and SSIM.

based methods Deng et al. [13] and Li et al. [49]. For
BM3D, the noise level is estimated by the method of
Chen et al. [50]. For fair comparison, the deep learning
based methods are re-trained using the same training
dataset as ours, i.e., ten pairs of RGB/multispectral
images.

3) Comparison Results: Tables II and III present the
RGB guided multi-spectral image denoising results using our
MCDL method for different noise levels, in terms of PSNR
and SSIM, respectively. Here, for fair comparison, the number
of dictionary atoms in both our and CDL methods are set
to the same value as 32. As we can see from these two
tables, our multi-modal dictionary learning algorithm achieves
better denoising performance, compared to other two dictio-
nary learning methods K-SVD and CDL. In addition, our

method also outperforms the deep learning based methods
Deng et al. [13] and Li et al. [49], when they are trained
using the same small training dataset as ours. Normally, with
sufficient training data, these deep learning based methods
can perform significantly better than the dictionary learning
based methods. However, in the case when the training data is
limited, the dictionary learning based methods are preferred.
This indicates the effectiveness of our MCDL algorithm. Fig. 5
visualizes the change of PSNR and SSIM across different
images, and we can see that our line is normally above
the other comparison methods, indicating that our approach
achieves better cross-field denoising performance. Fig. 6 visu-
alizes the denoised multi-spectral images using our method,
and we can see that our method is able to eliminate most of
the noise.
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TABLE V

THE RGB GUIDED MS IMAGE DEBLURRING RESULTS OF OUR METHOD WITH DIFFERENT BLUR KERNELS IN PSNR (DB)

Fig. 6. Visualization of RGB guided multi-spectral image denoising results
of our method. The first column is the noisy images and the second column
shows the denoising results of our method. The first image is with noise level
σ 2 = 8, while the second and third images are with σ2 = 12.

TABLE VI

EFFECT OF SPARSITY CONSTRAINT ON CROSS-FIELD IMAGE DENOISING

PERFORMANCE WITH σ 2 = 12

TABLE VII

EFFECT OF ATOM SIZE ON CROSS-FIELD IMAGE DENOISING PERFOR-
MANCE WITH σ 2 = 12

D. Application to Multi-Modal Image Fusion

We compare our method with other dictionary learning
based image fusion methods, including MST [51], ADF [52],
CSMCA [53], and two deep learning based methods DID-
Fuse [54] and U2Fusion [55]. For the two deep learning based
methods, for fair comparison, we re-trained their networks
using the same training data as ours. To evaluate the fusion
performance, we adopt three widely used image fusion met-
rics, specifically QM I [56], QT E [57] and SSIM [44]. Here,
QM I measures the mutual information between the fused

image and the two source images, and QT E uses the Tsallis
entropy to measure the degree of dependence between the
fused and source images. The SSIM measures the structural
similarity between the fused image and the source images. The
larger value of the above three metrics indicates better fusion
performance.

Table IV presents the fusion results of our method and
the comparison methods in terms of QM I , QT E and SSIM.
As we can see from this table, our method outperforms the
other methods with larger value of QM I and SSIM. The
QT E value of our method is slightly lower than ADF [52],
but higher than other methods. The deep learning based
methods DIDFuse [54] and U2Fusion [55] do not perform
well with limited training data. The possible reason is that
the optimization of the network parameters requires a large
amount of training data, and the small training dataset makes
the network fail to learn the optimal fusion strategy. This
demonstrates the advantage of our MCDL algorithm over the
deep learning based methods in the limited training data case.

Fig. 7 visualizes the fused images by different methods.
As we can see from this figure, our method is able to generate
the fused image with sharper edges, while the comparison
methods have obvious halo effects around boundaries. In addi-
tion, Fig. 8 vividly shows the common and unique parts
reconstructed by our method for a pair of visible and NIR
images. It can be seen from Fig. 8 that their common parts are
quite similar while their unique parts contain different features.
For example, in the unique part of visible image, there is a
tree which does not exist in the NIR image. In contrast, in the
unique part of NIR image, there is a soldier standing besides
the car which does not exist in the visible image. This indicates
that our method is able to well reconstruct the common and
unique parts from the images from different modalities, which
helps improve the fusion performance.

E. Application to Cross-Field Image Deblurring

In this experiment, the Gaussian blur is added to the
multi-spectral image with three different kernel sizes, i.e.,
3×3, 5×5 and 7×7. The larger kernel size indicates the more
severe blurring artifacts. There is no blur in the RGB image,
and it is used to guide the deblurring of the multi-spectral
image. The PSNR values are calculated between the blurred
and restored multi-spectral images to evaluated the deblurring
performance of our method.

Table V presents the RGB guided MS image deblurring
results using our method for different Gaussian blurring kernel
sizes. As we can see, our method is able to restore the MS
image with different blurring kernel sizes. Fig. 9 shows the
deblurring results by our method for 5 × 5 blurring kernel.
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Fig. 7. Visual comparisons of visible and near-infrared image fusion results of different methods. (a) and (b) are the source images, (c) is MST [51] method,
(d) is CSMCA [53] method, and (e) is our method.

Fig. 8. Visualization of the common and unique parts reconstructed by our method in visible/NIR image fusion task.

TABLE VIII

THE FUSION PERFORMANCE WITH DIFFERENT WEIGHTS OF w1 AND w2 (OUR METHOD REQUIRES w1 + w2 = 1), WITH THE BEST RESULTS IN BOLD

As we can see from this figure, the restored image has clear
edges, which demonstrates the effectiveness of our method.

F. Ablation Study

1) Effects of Sparsity Constraint: As we mentioned in
Section IV, since most of the noise is in the unique part,
a higher sparsity level should be given to the unique sparse
representation um . In Eq. (36), the sparsity level of um is

determined by λu , and the larger value of λu indicates the
higher sparsity level. Table VI shows the effect of λu on the
cross-field image denoising performance, with λc and λv fixed
as 0.10. The testing dataset is the same as that in Section V-C.
As we can see from this table, when λc, λu and λv are all
set to 0.10, the PSNR value is 37.54 dB. With λu increased
to 0.15, the PSNR value is increased to 37.96 dB. This is
because more noise is removed with larger λu . However, when
λu is further increased to 0.20 and 0.25, the PSNR value is
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Fig. 9. Visualization of RGB guided multi-spectral image deblurring results
of our method. The first column is the RGB images, the second column shows
the blurred multi-spectral images, and the third column shows the restored
images by our method.

decreased. The possible reason is that some image details are
lost due to the higher sparsity constraint. This further indicates
the effectiveness of our method in separating the common and
unique features.

2) Effects of Atom Size: Table VII shows the denoising
results with the dictionary atom as 4 × 4, 8 × 8 and 12 × 12,
respectively. Here, the testing dataset is the same as that in
Section V-C. As we can see from this table, the atom with
size 8×8 leads to the best denoising performance with higher
PSNR and SSIM values. Either smaller or larger atom size
degrades the performance. The possible reason is that the small
atom is not able to represent the global structural feature, while
the large atom may lose some local details.

3) Effects of Weights in Image Fusion: Table VIII compares
the fusion performance with different settings of w1 and w2 in
Eq. (38). As can be seen from this table, when the weights of
w1 and w2 are both set to 0.5, we can obtain the best fusion
performance. We also compare with the weighted average of
the two source images, which achieves its best performance
when the two images are equally weighted (w1 = w2 = 0.5).
As we can see from Table VIII, our method performs better
than the best result of the weighted average of two source
images. The possible reason is that the unique parts of the
two source images are averaged, which decreases the fusion
performance.

G. Missing Modality Discussion

In the testing phase, to make it consistent with the train-
ing phase, we normally need two modalities to achieve the
multi-modal image restoration task. In the case when only one
modality is available in the testing time, the task is actually

turned from multi-modal image restoration to uni-modal image
restoration. Take the RGB guided MS image deblurring as
example, without the guidance of RGB image in the testing
phase, our task becomes restoring the original MS image from
a single blurred MS image. In other words, we only have the
equations for x and z in Eq. (39), and they share both the
same common and unique CSRs. Without y, there is actually
no need to distinguish between the common and unique CSRs
between x and z. Thus, we can combine the common and
unique filters together to form a large dictionary for both x and
z. In the testing phase, to restore z from x, we can calculate
the CSRs with the large dictionary for x, and then use it to
restore z.

VI. CONCLUSION AND FUTURE WORK

In this paper, we introduced a multi-modal convolutional
dictionary learning algorithm and, to the best of our knowl-
edge, this is the first coupled convolutional dictionary learning
algorithm towards multi-modal images. To verify the effec-
tiveness of the proposed method, we apply it to various
multi-modal image restoration and fusion tasks, including
RGB guided multi-spectral image denoising/debluring, visible
and NIR image fusion tasks. The numerical results demon-
strate the effectiveness of the proposed method. As the first
attempt on multi-modal convolutional dictionary learning, our
work performs well but still has room for improvement, which
will be our future work. First, the proposed common and
unique CSR updating algorithm has nested iterations. One
possible research direction is to find a more efficient algorithm
to update the CSRs through ADMM Consensus framework,
so that the nested iterations can be avoided. Second, in this
paper, we only apply the MCDL algorithm in low level
image processing tasks, like image denoising and fusion. One
interesting future work is explore its application in high level
tasks, e.g., image classification and image retrieval.
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