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Abstract. In this paper, we propose a new pan-sharpening method by coupled
unitary dictionary learning and clustered sparse representation. First, we ran-
domly sample image patch pairs from the training images exclude the smooth
patches, and divide these patch pairs into different groups by K-means clus-
tering. Then, we learn sub-dictionaries offline from corresponding group patch
pairs. Particularly, we use the principal component analysis (PCA) technique to
learn sub-dictionaries. For a given LR MS patch, we adaptively select one
sub-dictionary to reconstruct the HR MS patch online. Experiments show that
the proposed method produces images with higher spectral resolution while
maintaining the high-quality spatial resolution and gives better visual perception
compared with the conventional methods.

Keywords: Pan-sharpening � Sparse representation � Sub-dictionaries
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1 Introduction

Many optical Earth observation satellites, such as QuickBird, Worldview2, and IKO-
NOS, provide two types of images: high resolution panchromatic images (PAN) and
low resolution multispectral (MS) images. The multispectral image lacks high spatial
quality and the panchromatic image has low spectral quality. However, there are a
number of applications in remote sensing that require images of both high spatial and
high spectral resolutions, such as object detection, land-cover classification, map
updating [1]. The fusion of PAN and MS images is called “pan-sharpening”. It pro-
vides a solution to this by fusing a high spatial resolution MS image from the input
LR MS image and the HR PAN image.

1.1 Related Work

Over the years, a large collection of pan-sharpening methods has been proposed, which
usually consider physics of the remote sensing process and make some assumptions on
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the original PAN and MS images. These fusion methods can be classified into three
categories. First, projection-substitution methods assume that the PAN is equivalent to
the structural component of the MS images when projected the MS images into a new
space, for example, Intensity-Hue-Saturation Technique (IHS) [2] and its modifications
such as the adaptive IHS (AIHS) [3], Principal Components Analysis (PCA) [4],
Brovey transform [5]. Second, spatial details injection methods assume that the missing
spatial information in the MS images can be obtained from the high frequencies of the
PAN, such as wavelet-based fusion [6]. Third, the inverse-problem-based methods are
used to restore the original high-resolution MS images from its degraded versions, i.e.,
the HR PAN and LR MS images.

Recently, Li and Zhu et al. proposed a novel pan-sharpening method using a
compressed sensing technique and sparse representation [7, 8]. A critical issue in
sparse representation modeling is the determination of dictionary. Li and Zhu gen-
erated the dictionary by randomly sampling or extracting all raw patches from the
training image directly. In addition, analytically designed dictionaries, such as DCT,
wavelet, curvelet, and contourlets, share the advantages of fast implementation.
However, they lack the adaptivity to image local structures. There has been much
effort in learning dictionaries from example image patches, such as K-SVD [9],
leading to state-of-the-art results. These dictionary learning methods aim at learning a
universal and over-complete dictionary to represent various image structures. How-
ever, the image contents can vary significantly across images. Sparse decomposition
over a highly redundant dictionary is potentially unstable and tends to generate visual
artifacts [10, 11]. One may argue that a well-learned over-complete dictionary can
sparsely code all of the possible image structures; nonetheless, for each given image
patch, such a “universal” dictionary is neither optimal nor efficient because many
atoms in the dictionary are irrelevant to the given local patch. These irrelevant atoms
will not only reduce the computational efficiency in sparse coding but also reduce the
representation accuracy.

1.2 Our Contributions

In this paper, we propose an adaptive sparse domain selection scheme for sparse
representation. A set of compact sub-dictionaries is learned from the PAN image
patches, which are clustered into many clusters. Since each cluster consists of many
patches with similar patterns, a compact sub-dictionary can be learned for each
cluster. In particular, we use the PCA to learn each sub-dictionary for simplicity. For a
LR MS image patch to be coded, the best sub-dictionary that is most relevant to the
given patch is selected. Thus, the given patch can be better represented by the
adaptively selected sub-dictionary. Therefore, the whole image can be more accu-
rately reconstructed than using a universal dictionary, which will be validated by our
experiments.

The rest of this paper is organized into four sections. Section 2 presents the pro-
posed method. Numerical experiments and discussions are presented in Sect. 3. Con-
clusions are given in Sect. 4.
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2 Proposed Work

Pan-sharpening requires a low-resolution multispectral (LR MS) image Y with N
channels and a high-resolution panchromatic(HR PAN) image Xh and aims at
increasing the spatial resolution of Y while keeping its spectral information, i.e.,
generating an HR MS image X utilizing both Y and Xh as inputs. While the SparseFI
algorithm in Ref. [8] has achieved a very good pan-sharpening result compared with
other conventional methods, there is still much room to improve this algorithm,
especially in the dictionary training stage. In order to exploit the group similarity
among image patch pairs, we propose coupled dictionary learning and clustered sparse
representation method to improve the quality of the recovered HR MS image. The
proposed method consists of three main steps: (1) coupled unitary sub-dictionaries
learning; (2) sparse coefficients estimation; and (3) HR multispectral image recon-
struction (see Fig. 1).

2.1 Coupled Unitary Sub-dictionaries Learning

The HR PAN image Xh is low-pass filtered and downsampled by a factor such that it
has a final point spread function similar to a sampling grid identical to the multispectral
channels, and then scaled-up by a bicubic interpolation operator that fills in the missing
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Fig. 1. Flow chart of the proposed method.
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pixels to generate LR PAN image denoted by Xl. Thus, Xh and Xl have the same size
so that can avoid the complexity caused by different size.

In order to learn a series of sub-dictionaries to code the various local image
structures, we need to first construct a dataset of HR and LR image patches for training.
The training HR image patches ph are extracted from the difference image
Eh ¼ Xh � Xl, since we desire to focus the training on characterizing the relation
between the LR patches and the edges and texture content within the corresponding HR
ones [12]. In many literatures, people have suggested extracting different features for
the LR image patch in order to boost the prediction accuracy. Freeman et al. [13] used a
high-pass filter to extract the edge information from the LR input patches as the feature.
Sun et al. [14] used a set of Gaussian derivative filters to extract the contours in the LR
patches. Yang et al. [15] used the first-order and second-order gradients of the patches
as the representation. In this paper, we also use the first-order and second-order
derivatives as the feature for the LR patch due to its simplicity and effectiveness. It
allows us to focus on the edges and structures of image patches without taking into
account the pixel intensities. It helps to increase the accuracy of clustering. Here, the
four 1-D filters used to extract the derivatives are:

f1 ¼ ½�1; 0; 1�; f2 ¼ f T1
f3 ¼ ½1; 0;�2; 0; 1�; f4 ¼ f T3

ð1Þ

where the superscript “T” means transpose.
We apply the four filters to the LR PAN image Xl. Then we can get four gradient

maps at each location and concatenate them to be the feature vector. The corresponding
LR image patches pl are extracted from the same locations in the filtered LR images.
Therefore, the feature representation for each low-resolution image patch also encodes
its neighboring information, which is beneficial for promoting compatibility among
adjacent patches in the final fusion HR MS image.

In addition, we exclude the smooth patches from ph and pl and guarantee that only
the meaningful patches with a certain amount of edge structures are involved in dic-
tionary learning. We view the patch is smooth once its intensity variance is smaller than
a predefined threshold D.

Thus, local patches are extracted to form the data set p ¼ fph; plg. For coupled
dictionary learning, we concatenate the HR patches ph and LR patches pl into one
single vector via normalizing both feature vectors independently in order to balance
their contributions. Clustered sparse representation partitions the dataset p into K
clusters P1;P2; . . .;PK

� �
and denotes by lk the centroid of cluster pk ¼ pkh; p

k
l

� �
with

K-means algorithm for simplicity. Then we can learn a sub-dictionary pair Dk ¼
fDk

h;D
k
l g from each pk . Here, we use the feature of LR patches pl regardless of HR

patches ph for clustering, since the LR patches are more reliable than the HR patches.
In order to compute the sparse coefficients conveniently in stage two, we apply PCA to
learn the sub-dictionary pair fDk

h;D
k
l g from each image patch pair fpkh; pkl g. PCA is a

classical signal de-correlation and dimensionality reduction technique that is widely
used in pattern recognition and statistical signal processing. In many literatures, PCA
has been successfully used in spatially adaptive image denoising and super-resolution.
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The purpose of PCA is to find an orthogonal transformation matrix minimizing the
error of reconstruction. So, the learning model of each sub-dictionary can be mathe-
matically written as follows:

D̂
k
h ¼ argmin

Dk
h

pkh � pkhD
k
hD

kT
h

�� ��2
F s:t: DkT

h Dk
h ¼ I

D̂
k
l ¼ argmin

Dk
l

pkl � pklD
k
lD

kT
l

�� ��2
F s:t: DkT

l Dk
l ¼ I

8>>><
>>>:

; k ¼ 1; . . .;K ð2Þ

where pkh denotes the k-th cluster of HR patches ph; p
k
l denotes the k-th cluster of LR

patches pl. Equation (2) can be rewritten as follows:

D̂
k ¼ argmin

Dk
pk � pkDkDkT

�� ��2
F s:t: DkTDk ¼ I

Where D̂
k ¼ D̂

k
h

D̂
k
l

2
4

3
5; pk ¼ Pk

h

Pk
l

" #
; k ¼ 1; . . .;K: ð3Þ

Denote by Xk the co-variance matrix of sub-dataset pk. By applying PCA to Xk , an
orthogonal transformation matrix can be obtained. We set the matrix as the

sub-dictionary D̂
k
.

2.2 Sparse Coefficients Estimation

For a given LR MS image Y corresponding to the HR PAN image Xh with N channels,
Y are tiled into partially overlapping patches yi, where φi stands for the i-th channel and

i ¼ 1; . . .;N. As mentioned above, we have learned sub-dictionary pairs fD̂k
h; D̂

k
l g and

obtained the centroid lk of each cluster. With regard to the observed LR MS image, we
also extract the features Y using four 1-D filters in Eq. (1). Then, we select the
corresponding sub-dictionary based on the minimum distance between ŷi and the
centroid lk by the following formula:

ki ¼ argmin ŷi � lkk k2 ð4Þ

By using Eq. (4), we can find the most similar patches ŷki in the ki-th cluster, which
has sparse representation over the ki-th sub-dictionary.

This step attempts to represent each LR MS patch ŷki as a linear combination of the

atoms of the dictionary D̂
k
l with a coefficient vector denoted by ak . We argue that it is

very likely that the “best” solution is the one employing the least number of the atoms.
Therefore, for each LR MS patch ŷki , a sparse coefficient vector a

k is estimated by the
following formula:
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âk ¼ argmin
ak

ŷki � D̂
k
l a

k
��� ���2

2
; s:t: ak

�� ��
0 � L ð5Þ

where L denotes the sparsity threshold. Equation (5) can be rewritten as follows:

âk ¼ argmin
ak

ŷki � D̂
k
l a

k
��� ���2

2
þk ak

�� ��
0 ð6Þ

where k is the standard Lagrangian multiplier, balancing the sparsity of the solution and

the fidelity of the approximation to ŷki . Due to the orthogonality of D̂
k
l and the L0

regularization of ak, Eq. (4) can be solved by hard thresholding:

ak ¼ Hk D̂
kT
l ŷkl

� �
ð7Þ

where Hk is the threshold operator, i.e., HkðHÞ ¼ H; Hj j[ k

0; Hj j � k

(
.

2.3 HR MS Image Reconstruction

Due to the fact that the sub-dictionaries are built up from the PAN image observing the
same area and acquired at the same time as the multispectral channels, the LR MS
image patches and their corresponding HR patches to be reconstructed are expected to
have a sparse representation in this coupled unitary HR/LR dictionary pair. Further-
more, it is reasonable to assume that there exists a hidden mapping where the different
resolutions images can be converted to each other. To keep the assumption simple,
many literatures [7, 8, 15] supposed that the representation coefficients of the image
pair should be equal. In this paper, we also assume that each of the HR image patches
share the same sparse coefficients as the corresponding LR image patch in the dic-
tionary pair, i.e., the coefficients of the corresponding ki-th cluster HR MS image

patches xki in D̂
k
h are identical to the coefficients of ŷki in D̂

k
l . In the end, the final

sharpened multispectral image patches x̂ki are reconstructed by

x̂ki ¼ Dk
ha

k ð8Þ

The tiling and summation of all patches in all individual channels finally give the
desired pan-sharpened image X̂.

3 Experiments Results

3.1 Experiments on Worldview-2 Data Set

In this section, we evaluate our proposed method on Worldview-2 sensing image and
both the sizes of PAN and up-sampled LR MS images are 512� 512. The MS images
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have four bands, i.e., RGB and near infrared (NIR). In the sub-dictionaries learning
stage, we randomly sample 100000 image patch pairs fph; plg with the same size of
7� 7. In addition, we set the threshold D ¼ 10 to exclude the smooth patches and set
the Lagrangian multiplier k ¼ 0:15. As a clustering-based method, an important issue
is the selection of the number of classes. A too large or a too small number of the
classes will make the learned sub-dictionaries less reliable. Based on the above con-
siderations, we propose the following simple method to find a good number of classes:
we first partition the training dataset into 200 clusters, and merge those classes that
contain very few image patches (i.e., less than 300 patches) to their nearest neighboring
classes. The original dual images are first downsampled to a lower resolution with
bicubic interpolation (the downsampling factor is 1/2) and then fused back to the
original resolution. Therefore, the HR MS image is available and the quality of the
pan-sharpened images can be measured using full-reference image quality metrics.

We compare the performance with other existing fusion methods, namely, the
adaptive IHS (AIHS) [3], the PCA method [4], Wavelet-based image fusion method
[6], and SparseFI method [8]. Figures 2(a) and (b) show a Worldview-2 LR MS image
(visualized using the color composite of red, green, and blue bands) and a PAN image,
respectively. Figure 2(h) shows the reference HR MS image. Figures 2(c) and (g) show
the pan-sharpened HR MS images obtained by five different methods.

Obviously, Fig. 2(c) produces halo artifacts around edges compared with the ref-
erence HR MS image. Figure 2(d) has poor visual perception due to its serious spatial
distortions and spectral distortions. It can be seen that Fig. 2(e) generates good contrast,
but it has an obvious chromatic aberration compared with the reference MS image,

(a)                                  (b)                                  (c)                                  (d) 

(e)                                  (f)                                   (g)                                  (h) 

Fig. 2. Worldview-2 images and experimental results by different methods. (a) Resampled LR
MS image. (b) PAN image. (c) AIHS method. (d) PCA method. (e) Wavelet-based method.
(f) SparseFI method. (g) Proposed method. (h) Reference MS image.
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which reflects poor performance in preserving the spectral information. Figure 2(f)
preserves the spectral properties better than the above methods, but it shows poor
spatial results in details. By contrast, the proposed method in Fig. 2(g) can produce a
pan-sharpened image looking very similar to the reference HR MS image. It can not
only preserve the spectral information, but also show much finer details than all the
methods.

In this paper, five widely used qualitative assessments, i.e., correlation coefficient
(CC), root-mean squared error (RMSE), spectral angle mapper (SAM), error relative
dimensionless global error in synthesis (ERGAS) and universal image quality indexes
(Q4) are adopted. The objective qualitative assessments of fused images in Fig. 2 are
shown in Table 1, in which the best results for each criterion are labeled in bold. It can
be seen that the proposed method shows the best pan-sharpening performance in terms
of all image quality indexes.

3.2 Experiments on Quickbird Data Set

To further verify the effectiveness of the proposed method, we move on to conduct the
experiments on Quickbird data set. The scene captures over North Island, New Zea-
land, in Aug. 2012. This dataset consists of a 512� 512 PAN image and the corre-
sponding LR MS image with the size of 128� 128. The MS image has four bands, i.e.,
RGB and near infrared (NIR). In this experiment, the size of PAN image, the number of
image patch pairs, and other parameters are the same as those on Worldview-2 data set.

Figure 3(a) shows a resampled color LR MS image. Figure 3(b) gives the corre-
sponding HR PAN image. The reference HR MS image is shown in Fig. 3(h). As
shown in the Fig. 3(c)-(g), they are reconstructed by AIHS method, PCA method, WT
method, sparseFI method and the proposed method, respectively. Figures 3(c) and (d)
produce serious spatial distortions. Figure 3(e) preserves good spatial information, but
suffers from significant spectral distortions. Figure 3(f) gains better performance on a
tradeoff between the spatial and spectral information than Fig. 3(c) and (d), but it has
great difference in spatial details compared with Fig. 3(h). On the whole, the proposed
method shown in Fig. 3(g) outperforms other pan-sharpening methods, as well as the
conclusions in Fig. 2.

The objective qualitative assessments of fused images in Fig. 3 are shown in
Table 2, in which the best results for each criterion are labeled in bold. Similar to the
Table 1, the proposed method performs best in all quality indexes. Therefore, the

Table 1. Comparison of the proposed method with other methods on Worldview-2 data set

Method AIHS PCA Wavelet SparseFI Proposed

CC 0.9291 0.8904 0.9184 0.9369 0.9469
ERGAS 4.9479 7.7581 5.1201 4.7095 4.0633
RMSE 0.0643 0.1027 0.0674 0.0613 0.0519
SAM 5.3603 8.6601 7.6128 4.4015 4.2470
Q4 0.7907 0.6221 0.7134 0.8236 0.8498
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proposed method produces the best fused results and performs the robustness for both
the Worldview-2 and Quickbird data sets.

4 Conclusion

In this paper, we propose a new pan-sharpening method by coupled dictionary learning
and clustered sparse representation for remote sensing image fusion problem.
Sub-dictionaries learning overcome the drawback with those atoms which irrelevant to
the given local patch in a universal dictionary. We use K-means algorithm and PCA
technique to acquire the clusters and each corresponding sub-dictionary. After coupled
unitary sub-dictionaries training, the proposed method will be able to reconstruct the
HR MS image from the observed LR MS image, since we assume that each of the HR
image patches share the same sparse coefficients as the corresponding LR image patch
in the coupled HR/LR dictionary pair. Experimental results have demonstrated the

(a)  (b)  (c) (d)

(e) (f)  (g) (h)

Fig. 3. Quickbird images and experimental results by different methods. (a) Resampled LR MS
image. (b) PAN image. (c) AIHS method. (d) PCA method. (e) Wavelet-based method.
(f) SparseFI method. (g) Proposed method. (h) Reference MS image.

Table 2. Comparison of the proposed method with other methods on Quickbird data set

Method AIHS PCA Wavelet SparseFI Proposed

CC 0.9056 0.8510 0.8825 0.9065 0.9112
ERGAS 5.0827 6.4203 5.3053 4.6749 3.6944
RMSE 0.0412 0.0553 0.0387 0.0365 0.0286
SAM 5.9755 7.6028 8.1403 4.4015 4.0232
Q4 0.6808 0.6496 0.5790 0.6861 0.7061
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proposed method can achieve better performance outperforms state-of-the-art methods
in terms of visual perception and numerical measures.
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