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Image Fusion using Joint Sparse Representations
and Coupled Dictionary Learning

Farshad G. Veshki, Nora Ouzir and Sergiy A. Vorobyov, Fellow, IEEE

Abstract—The image fusion problem consists in combining
complementary parts of multiple images captured, for example,
with different focal settings into one image of higher quality.
This requires the identification of the sharpest areas in sets of
input images. Recently, it was shown that coupled dictionary
learning can successfully capture the relationships between high-
and low-resolution patches in the context of single image super-
resolution. In this work, to identify the sharp image patches, we
propose an improved discriminative coupled dictionary learning
approach using joint sparse representations in blurred and
focused dictionaries. In addition, a pixel-wise processing of the
boundaries (i.e., patches containing blurred and focused pixels)
is proposed. The experimental results using two natural image
datasets, as well as a sequence of in vivo microscopy images, show
the competitiveness of the proposed method compared to state-
of-the-art algorithms in terms of accuracy and computational
time.

Index Terms—Image fusion, coupled dictionary learning, joint
sparse representations.

I. INTRODUCTION

IMage fusion is a post-processing technique that combines
the relevant information from multiple images captured

with different tools or parameters in a single image. Image
fusion techniques seek to preserve image quality without
resorting to often costly specialized optic sensors [1]–[3]. Due
to the potential for a considerable cost reduction, image fusion
has attracted increased attention in various fields, including
remote sensing or medical imaging [4]–[7].

State-of-the-art image fusion methods can be grouped into
two main categories: spatial and transform domain methods.
The first approach relies on measures such as spatial fre-
quency [8] and phase congruency [9] that allow the signifi-
cance level of pixels (or image patches) to be evaluated. A
fused image is then obtained by assigning the elements with
the highest significance levels to their corresponding locations
in the final image. In the second approach, the input images
are transformed, and fusion is performed over the transform
coefficients before generating the all-in-focus image by using
inverse transform. Typical transform domain approaches use
frequency-based transforms, such as wavelets [10].

One emerging image fusion approach utilizes sparse repre-
sentations in dictionaries learned from the data itself [11]–[14].
These methods exploit the fact that patches of natural images
can be compactly represented by a linear combination of only
few atoms of an over-complete dictionary. Sparsity is then
used either as a quality measure [11], or in order to learn the
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desired features from the labelled training data [12]. However,
these methods commonly employ a single (usually focused)
dictionary. The main drawback of the single dictionary ap-
proach is that it fails to take advantage of the features in the
degraded and noisy images. Specifically, the inability of prop-
erly describing degraded patches can noticeably reduce the
accuracy of the sparse representation. To bypass this issue, a
simultaneous learning of blurred and focused dictionaries was
proposed in [14]. However, this method does not exploit the
core advantage of coupled dictionary learning (CDL), which
is based on a common sparse representation that expresses the
correlation between blurred and focused features. Specifically,
separate sparse codes are used for each dictionary, which are
then averaged in order to perform fusion [14].

The CDL technique has led to state-of-the-art performance
in various image processing applications [15]–[18]. CDL is
designed to learn a pair of dictionaries for capturing the
relationships between two correlated input data. In particular,
the dictionaries are coupled, in the sense that they use common
sparsity coefficients to reconstruct the data. For example, cou-
pled dictionaries have been successfully used for describing
the connection between high- and low-resolution features in
image super-resolution [17]. Similarly, one can use CDL to
capture blurred and focused image features [14]. In the context
of multi-focus image fusion, CDL can be formulated as the
following minimization problem:

min
DF ,DB ,A

‖XFt −DFA‖2F + ‖XBt −DBA‖2F

s.t. ‖αi‖0 6 K, ‖[dFt]j‖2 = 1, ‖[dBt]j‖2 = 1,∀j, i
(1)

whereDF ∈ Rn×q andDB ∈ Rn×q represent the focused and
blurred dictionaries, respectively, with [dF]j , [dB]j referring
to their j-th columns (i.e., atoms). The focused and blurred
training data are denoted as XFt and XBt, respectively. The
i-th column of the common sparse representation matrix A
is denoted as αi. Finally, ‖ · ‖0 is the operator counting
the number of non-zero coefficients in a vector, K is the
maximum number of such coefficients, and ‖ · ‖F denotes the
Frobenius norm. In image fusion, CDL can be interpreted as an
approximation of the underlying blurring function in the form
of a linear transformation between any two tight column-wise
corresponding subspaces of DF and DB. Once the coupled
dictionaries are learned, the joint sparse representation of two
input image patches can be used for reconstruction or for
building a fusion rule, as will be explained later in this paper.

In this work, we introduce a novel CDL-based image fusion
method. The proposed approach consists of two main stages.
First, CDL is used to capture the relationships between blurred



and focused features by learning coupled dictionaries from la-
belled training data. In order to improve the discriminability of
the dictionaries, a CDL method using structured incoherency is
proposed. In a second stage, the reconstruction errors (obtained
after a sparse coding phase) of a pair of input patches are
used to identify the focused patch. In contrast to the method
of [14], we do not separate the sparse representations in each
dictionary, but rather promote the correlation between blurred
and focused images by enforcing joint sparsity. Furthermore,
we employ the reconstruction errors instead of the sparsity-
level as a discriminative rule. Finally, an all-in-focus image is
obtained by averaging the selected focused patches. The effect
of blocking artefacts is mitigated by applying a sliding window
approach. Since the patches located between blurred and
focused areas contain varying focus levels, we propose a pixel-
wise strategy for handling boundary regions. Experimental
results using two natural image datasets and a sequence of
in vivo microscopy images are presented in Section III. The
results show the proposed method to be more effective than
several existing fusion approaches.

II. IMAGE FUSION USING CDL

A. Problem formulation

We consider the fusion problem where, for simplicity but
without loss of generality, two images I1 ∈ RN×M and I2 ∈
RN×M with varying focus levels are fused into an all-in-focus
image Y ∈ RN×M . We propose to use a patch-wise approach
where np patches of size n are extracted from I1 and I2,
then concatenated into two matrices X1 ∈ Rn×np and X2 ∈
Rn×np , respectively. The corresponding single input patches
are denoted by x1 ∈ Rn or x2 ∈ Rn. After selecting the
focused patches xF from the pair (x1,x2) and concatenating
them into a matrix XF ∈ Rn×np , the final all-in-focus image
is obtained by weighted averaging as follows

Y = P∗(XF ), (2)

where P(·) : RN×N 7→ Rn×np is a linear operator that
extracts np overlapping patches of size n from an image, and
P∗(·) is its adjoint operation, which places each patch into its
location in the image and performs averaging depending on
the amount of overlap between patches, i.e., P∗[P(I)] = I .
The following subsections first provide some details on the
CDL approach used for learning the dictionaries DF and DB.
Then the sparse representation-based selection rule allowing
the patches xF to be selected is presented.

B. CDL with structured incoherency

Prior to fusion, two coupled dictionaries DF (focused) and
DB (blurred) are learned using labelled training data. The
dictionaries are obtained by solving (1), as explained in Sec-
tion I. In this work, we choose to solve (1) using the algorithm
proposed in [22]. More specifically, the method of [22] is
based on an iterative minimization approach, that alternates
between minimizations with respect to the dictionaries DF

and DB, and the sparse codes in A. The sparse coding
step is solved using the orthogonal matching pursuit (OMP)

[19], while the dictionary update is obtained by solving the
following minimization problem:

[dc]j = argmin
[dc]j

∥∥∥[Ec]j − [dc]j
[
αT

j

]
∫j

∥∥∥2
F
, c ∈ {F,B}, (3)

such that

[Ec]j ,

Xc −
∑
s6=j

[dc]sα
T
j


∫j

and ∫j={i|[αT
j ]i 6=0},

where αT
j is the jth row of A, ∫j is an indicator function that

selects the non-zero entries in αT
j , and the subscript c stands

for the labels F (for focused) or B (for blurred training data).
Since the dictionaries are used to classify the patches as either
belonging to class F or B (see Subsection II-C), it is desirable
that the dictionaries provide the best discriminative power.
In this work, a discriminative constraint based on structured
incoherency is added to (3). Note that this approach has been
successfully used in [21] for the discriminative dictionary
learning. The key idea is to add a constraint that enforces
each dictionary to be weak at representing other classes. The
incoherency term takes the form C(DF,DB) = ‖DT

FDB‖2F .
The dictionary update problem becomes

[dc]j = argmin
[dc]j

∥∥∥[Ec]j − [dc]j
[
αT

j

]
∫j

∥∥∥2
F
+ λ‖DT

h [dc]j‖22

c ∈ {F,B}, h = {F,B} − c,
(4)

where λ > 0 controls the trade-off between the reconstructive
and discriminative properties of the dictionaries DF and DB.
Note that in (4), the incoherency term is formulated atom-
wise. The corresponding atom update rule is then formulated
as follows:

[dc]j =
(
λDhD

T
h + ‖αT

j ‖22Id
)−1

[Ec]j [α
T
j ]

T
∫j
, c ∈ {F,B}

(5)
where Id denotes the identity matrix. For a more detailed
description of the remaining steps of the CDL algorithm, the
reader is referred to [22].

C. Fusion using sparse representation
A classical way of classifying input signals using sparse

representation is by evaluating their reconstruction errors [20].
The key idea is that each element should be assigned to the
class providing the smallest reconstruction error, i.e., the best
sparse representation. However, since multi-focus images are
highly correlated, standard dictionary learning methods lead
to a considerable overlap between the dictionaries DF and
DB, making classification impractical. The CDL framework
described in Subsection II-B allows to overcome this issue
by insuring that the learnt dictionaries are sufficiently inde-
pendent and discriminative. In particular, classification can be
performed using a concatenation of the coupled dictionaries[
DT

F D
T
B

]T
and

[
DT

B D
T
F

]T
. These matrices can be used as

means of describing the function between two patches x1 and
x2, i.e., blurring and deblurring, respectively. Note that since
identifying focused patches is a binary classification problem,

it is sufficient to use one dictionary D ,
[
DT

F D
T
B

]T
.



1) Selection rule: In this work, the focused patches xF are
selected using the reconstruction error-based approach. More
specifically, let e1 and e2 be the reconstruction errors associ-
ated with the blurring and deblurring functions, respectively.
This can be formulated as e1 = ‖

[
xT
1 x

T
2

]T −Dα‖22
e2 = ‖

[
xT
2 x

T
1

]T −Dα‖22, (6)

where α contains the associated sparse codes. The selection
rule is then based on the fact that a relatively smaller value of
e1 indicates that x1 has undergone blurring (resulting in x2).
For the purpose of processing the boundary region (explained
below), a pixel-wise sparse representation error is also defined
as follows: e′1 = (x1 −DFα)

2 + (x2 −DBα)
2

e′2 = (x1 −DBα)
2 + (x2 −DFα)

2,
(7)

The selection rule for the pair of patches x1 and x2 can then
be expressed as xF = x1, if e1 < e2

xF = x2, otherwise
(8)

Note that in (8) the equality condition is not taken into account
since e1 and e2 cannot be equal.

2) Fusion and processing of boundary regions: Once the
selection rule is applied to all the patches in the images, a
patch-wise decision mask Mp is straightforwardly obtained
(such that the patches in Mp contain values c ∈ {1, 2}). The
pixel-wise decision mask is reconstructed using

M = P∗(Mp), (9)

where M now contains values c′ ∈ [1, 2]. One could directly
use M to form the final image Y by assigning pixels accord-
ing to their labels at each location. However, this approach
can lead to errors around the boundaries between blurred and
focused regions, caused by the weighted averaging of patches
containing both blurred and focused pixels. In order to bypass
this issue, a pixel-wise labelling is proposed for these regions.
More specifically, the mask M is used to first detect the
boundary region, which contains all the pixels with labels in
the interval ]1, 2[. In the second step, the pixel-wise sparse
coding errors (7) are used to assign new labels to the pixels
within the boundary region.1 Finally, the all-in-focus image Y
is obtained by assigning pixels according to their labels in M
to each location (k, l), as follows:

Y kl=(2−Mkl)I1,kl + (Mkl−1)I2,kl (10)

The different steps of the proposed image fusion algorithm are
summarized in Algorithm 1.

III. EXPERIMENTS

In this section, the proposed method is compared with four
recent fusion methods including state-of-the-art. Specifically,

1Figure 2-c shows an example of a mask obtained using the proposed
approach.

Algorithm 1 Image Fusion using CDL

Input: Input images I1 and I2, and learnt coupled dictionary
D = [DT

F ,D
T
B]

T .
1: Patch extraction: X1 = P(I1) and X2 = P(I2);
2: Subtract the mean of each patch: x1 = x1 − mean(x1)

and x2 = x2 −mean(x2);
3: for each patch:
4: Find α using OMP;
5: Compute the errors e1 and e2 in (6);
6: Find xF by applying the selection rule (8);
7: end for
8: Reconstruct the decision mask using (9);
9: Process decision boundaries using the errors in (7);

10: Form the final all-in-focus image Y using the decision
mask.

Output: The all-in-focus image Y .

these methods include one transform domain approach us-
ing Laplacian pyramids (LP) [28], a spatial domain method
using phase congruency (PC) [9], a sparse representation-
based approach using convolutional dictionaries (CSR) [29],
and a method for microscopic medical image fusion using
mean-shift segmentation [32]. For the data without avail-
able ground-truth, the evaluation is based on the normalized
mutual information (NMI) [26], the objective image fusion
performance measure (QAB/F ) [25] and Tone mapped index
(TMQI) [27]. When ground-truth is available, we also use
the mean-squared-error (MSE). First, experiments are con-
ducted on two widely used multi-focus datasets referred to as
Lytro [23] and Grayscale [24]. Note that the Grayscale dataset
provides ground-truth all-in-focus images, which can be used
to compute the MSE. In a second experiment, a sequence of
real medical images is used to validate the proposed method.
Specifically, a sequence of 15 partially blurred and noisy mi-
croscopy images is used [31]. All experiments are performed
on a PC running an Intel(R) Xeon(R) 3.40GHz CPU.

The coupled dictionariesDF andDB are learnt using 40000
pairs of blurred and focused patches extracted from 4 images

(a) (b)

(c) (d)

Fig. 1: Examples of multi-focus images from the Lytro dataset
(a,b) and the microscopic medical image sequence (c,d).



of the Lytro dataset (the rest of the images are used for testing).
The dictionary learning parameters are set empirically with a
sparsity parameter K = 10, a redundancy of 4 and a patch size
of 16× 16. The resulting dictionaries are of size 256× 1024.
Finally, the maximum number of iterations of the CDL step
is set to 20.

A. Fusion results using Lytro and Grayscale images

The fusion results are quantitatively compared in terms
of average NMI, QAB/F , and MSE for the two considered
datasets. The results reported in Table. I show that the best
overall performance is provided by the proposed and PC meth-
ods for both datasets. More specifically, the PC and proposed
approaches lead to similar NMI and QAB/F values, while
the proposed method results in significantly lower MSE. One
can also see that the proposed method provides competitive
execution times.

Fig. 2 shows the resulting all-in-focus images obtained for
the input images in Fig. 1-(a,b) using the proposed and PC
methods. Note that the mask is first computed for the grayscale
version of the images before applying it to the RGB layers.
A visual inspection of the resulting all-in-focus images shows
that the proposed method allows the edges to be preserved. In
particular, the boundaries between blurred and focused regions
are sharper, as can be clearly observed in the magnified regions
in Fig. 2-d and Fig. 2-e.

Dataset QAB/F NMI TMQI MSE Execution
time (s)

LP
Gray 0.7434 1.0406 0.9347 6.0308 0.0056

Lytro 0.7524 1.0306 0.6628 – 0.0107

PC
Gray 0.7535 1.2216 0.9321 6.8984 0.5104

Lytro 0.7397 1.2089 0.6648 – 1.0557

CSR
Gray 0.7198 1.0296 0.9292 4.6927 54.8437

Lytro 0.7304 1.0340 0.6619 – 99.1661

Us
Gray 0.7512 1.1772 0.9331 3.3453 1.4180

Lytro 0.7561 1.1913 0.6628 – 2.5627

TABLE I: The average results of NMI, QAB/F , TMQI, MSE
and execution time for the Lytro and Grayscale datesets.

(a) (b) (c)

(d) (e)

Fig. 2: Fusion results by (a) PC and (b) the proposed method,
the corresponding magnified regions (d,e), and (c) the mask
obtained using the proposed method.

B. Fusion of in vivo Pap Smear images

Papanicolaou test (Pap smear) images are used for the
automated diagnosis of cervical cancer. However, these images
are characterized by the presence of different focus levels
due to the limited depth of field of the microscope. In
order to bypass this limitation, multiple images with different
focal settings are acquired and fused into one all-in-focus
image [30]. In this work, we use a sequence of 15 multi-focus
Pap smear images (of size 480 × 640 pixels). The sequence
is processed using a single-elimination approach. This means
that the fusion is conducted sequentially and pair-wise, i.e., the
fusion result from each pair of images is in turn fused with
the next input image. The quantitative evaluation of the results
obtained using the proposed method, PC, and the method
of [32] are summarized in Table. II. The resulting fused images
are displayed in Fig. 3.

The results reported in Table. II show that the proposed
method provides higher QAB/F and NMI values, correspond-
ing to more edge information and a higher fidelity of pixel
intensities. Fig. 3 confirms these findings, as one can see that
the proposed method provides sharper edges (green arrows)
and preserves details (red arrows) that are missing in the image
obtained by the method of [32].

QAB/F NMI TMQI

The method of [32] 0.6063 5.9135 0.7949

PC 0.6212 6.9133 0.7739

The proposed method 0.6257 7.1941 0.7755

TABLE II: Fusion performance for the Pap smear images.

(a) (b)

Fig. 3: Magnified region in the fused image obtained by (a)
the method of [32], and (b) the proposed method.

IV. CONCLUSION

This paper has introduced an image fusion algorithm using
coupled dictionary learning and joint sparse representation.
First, a coupled dictionary learning approach with an addi-
tional incoherency constraint has been used to learn blurred
and focused dictionaries. Secondly, the patch-wise sparse
representation errors have been used to construct a fusion
rule for input patches with unknown focus levels. In addition,
a pixel-wise processing of the boundary regions has been
proposed. Experiments have been conducted using two natural
image datasets and a sequence of in vivo microscopic images
(Pap smear). A comparison with state-of-the-art approaches
has shown the competitiveness of the proposed method in
terms of various image fusion metrics.
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