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Abstract. The reconstruction of the missing information of optical remote
sensing images contaminated by unwanted cloud has attracted a great deal of
attention. However, in practice, cloud removal is a challenging problem. In this
paper, we propose to reconstruct the missing information by temporal domain
group sparse representation. With the help of temporal normalization, the
temporal complementation of multitemporal remote sensing images is
strengthened. The group sparse representation, which seeks similar patches from
the temporal domain, is then applied to recover the missing information. The
experiments demonstrated that the proposed method is both quantitatively and
qualitatively effective.
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1 Introduction

Since remote sensing observation is multi-scale, multispectral, multitemporal, and
low-cost, it has become one of the most frequently used and most powerful approaches
to understanding and investigating the earth. However, with regard to passive remote
sensing instruments, the information acquisition of the underlying surface is inevitably
occluded when they are subject to a cloudy atmosphere. For example, on average, at
any one time, approximately 35 % of the global land surface is obscured by clouds [1],
and in some individual countries, the cloud cover rate can be much higher. When
clouds are not the research focus, they are detrimental. In order to better investigate our
planet, research into cloud removal for remote sensing images is of great importance.

Cloud removal can be particularly difficult when there is a large area of cloud
cover. In such a situation, the spatial domain based methods (e.g., partial differential
equation based [2], maximum a posteriori based [3]), and the spectral domain based
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methods (e.g., quantitative image restoration [4], robust M-estimator multiregression
[5]) are often ineffective. As a result, the temporal domain based methods have become
more popular in the research community. Temporal replacement is the most simple and
basic type of temporal domain based method, and it can be classified into direct and
indirect replacement. In terms of direct replacement, the cloud-contaminated pixels are
replaced by their counterparts from another time, but the time interval must be suffi-
ciently short that the temporal difference can be ignored. The representative methods
include image mosaicing [6], the maximum value composite (MAC) technique [7], and
optimal pixel selection [1]. In contrast, when the temporal difference is great, indirect
replacement is required. Unlike direct replacement, a transformation is needed to
reduce the temporal difference. Temporal fitting [8], for example, belongs to this kind
of approach. In brief, temporal replacement is simple and widely used; however, it
ignores the local changes with time.

Temporal replacement is usually suitable for a short time series of remote sensing
images; in contrast, when the time series is long, more effective methods are required.
The most noteworthy are the temporal filter methods, in which the two most common
and classical methods (sliding window filter) are the best index slope extraction (BISE)
method [9] and the adaptive Savitzky-Golay (SG) filter [10]. In addition, the
function-based curve fitting methods are also effective, e.g., the asymmetric Gaussian
(AG) approach [11]. The third type of filter method is the frequency filter, such as the
famous harmonic analysis of time series (HANTS) method [12]. To some degree, a
long time series is a double-edged sword, from which the temporal filter methods both
benefit and are impaired.

In addition to the above methods, in consideration of the advantage over signal
representation, sparse representation based methods have been the subject of much
attention in the field of missing information reconstruction. The basic idea of sparse
representation is to represent the signal by a linear combination of a few elements from
a dictionary, in which the elements are called atoms. Lorenzi et al. [13] proposed to
reconstruct the cloud-contaminated region by two geo-registered images from different
periods, under a compressive sensing perspective, and the results were promising. Li
et al. [14] then proposed multitemporal dictionary learning to further utilize the tem-
poral complementation in a longer time series. Recently, Li et al. [15] made a com-
parison between spectral complementation and temporal complementation in the
framework of sparse representation, and the authors concluded that the results are
generally better when spectral complementation is available. In general, the afore-
mentioned sparse representation methods can obtain good results; however, as Zhang
et al. [16] noted, these methods just make use of the local sparsity while ignoring the
nonlocal similarity [17]. In order to make better use of the temporal sparsity and
nonlocal similarity, we propose temporal group sparse representation to reconstruct the
missing information of optical remote sensing images.

The rest of this paper is organized as follows. Section 2 introduces the proposed
group sparse representation algorithm, which is followed by the validated experiments
in Sect. 3. Section 4 concludes the paper.
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2 Algorithm

In this section, the proposed algorithm is introduced. It includes three main parts:
temporal normalization and permutation, temporal similar patch search, and temporal
group sparse representation.

2.1 Temporal Normalization and Permutation

Suppose that T multitemporal remote sensing images Itf gTt¼12 R
m�n are geo-registered.

For brevity, we first assume that each image It is two-dimensional. Specifically, I1 is
contaminated by clouds, and the corresponding area is denoted by X, and the rest of the
area (cloud-free) is denoted by X. For the other Itf gTt¼2, the area of each image is also
divided into X and X, as I1 is. Hereafter, I1 is called the target image (cloud-
contaminated) and Itf gTt¼2 are the reference images (cloud-free). As the shooting times
are different, differences exist between the target image and the reference images. To
reduce the differences, temporal normalization is adopted. We assume that the refer-
ence images are linearly correlated to the target image. The linear relationships can then
be obtained by their shared good region X. Finally, based on the derived linear rela-
tionships, the reference images are temporally normalized. Mathematically, the linear
relationships are modeled by:

I1 X
� � ¼ atIt X

� �þ bt; t ¼ 2; 3; � � � ; T ð1Þ

where It X
� �

denotes the pixels in region X of It, and at and bt are the normalized
parameters. With a least-squares solver, each pair of at and bt are easily obtained.
Subsequently, Itf gTt¼2 are normalized by:

Int X[X� � ¼ atIt X[X
� �þ bt; t ¼ 2; 3; . . .; T ð2Þ

where Int represents the normalized reference images.
To better utilize the temporal correlation between the target and reference images,

we resort to temporal permutation. As shown in Fig. 1, after temporal normalization,
the same rows from different images will be grouped together chronologically. This
approach is also beneficial to the temporal similar patch search, which is introduced in
Sect. 2.2. If the images themselves are multispectral, the normalization and permutation
is undertaken according to their corresponding spectral bands, as in the previous
process.

2.2 Temporal Similar Patch Search

The most notable characteristic of temporal group sparse representation is the grouping
of the similar patches. The similar patches represent the so-called nonlocal similarity.
In this section, we describe how to search for the similar patches. After the temporal
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permutation, the result is denoted by a column-stacked x 2 R
mnT . Let xk 2 R

B denote
the extracted patch from x with the size of

ffiffiffi
B

p � ffiffiffi
B

p
at position k, and k ¼ 1; 2; . . .;N,

where N is the total patch number. We let

xk ¼ Pk xð Þ ð3Þ

where Pk �ð Þ represents the operator which extracts the k-th patch, and we let it be a
vector. Correspondingly, P�

k �ð Þ means to put back the vector into its original patch
position in the image domain.

The similarity criteria between vectors include the Euclidean distance, the cosine
distance, the correlation coefficients (CCs), and so on. Based on our experiments, the
CC is better than most other similarity criteria. As a result, the similar patches are
determined according to the CC. The higher the CC, the more similar to the reference
patch the current patch is. Taking xi and xj as an example, their CCs are calculated by:

CCi;j ¼
P

B xi � lxi
� �

xj � lxj

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

B xi � lxi
� �2q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

B xj � lxj

� �2
r ð4Þ

where CCi;j denotes the CCs of xi and xj, and
P

B �ð Þ represents the sum of the B
elements. Here, we reiterate that x is also contaminated by clouds. If we directly select
similar patches, the wrong patches may be merged. In this situation, simple interpo-
lation of the corrupted pixels makes a difference. Since the cloud-contaminated region
is usually large, spatial domain interpolation using the corrupted image itself will
obtain a poor result. Therefore, we resort to temporal interpolation. No matter how
large the cloud region is, the nearest-neighbor interpolation is effective. This is also the
reason that we undertake the temporal permutation described in Sect. 2.1.

In order to reduce the computational complexity, we do not search for the similar
patches to xk in the whole of x. Instead, the similar patches to xk are searched for in the

Fig. 1. Temporal permutation.
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neighborhood of position k. When the CC is higher than the threshold CCthreshold , the
patches are considered as similar patches. After all the similar patches to xk are found,
xGk is obtained by concatenating every similar vector column by column.

2.3 Temporal Group Sparse Representation

According to Sect. 2.2, we know that each patch xk corresponds to a group xGk . The
group sparse representation means that each group xGk can be sparsely represented by
the linear combination of the atoms of dictionary DGk [16]. We let

xGk ¼ PGk xð Þ ð5Þ

Similarly, P�
Gk

�ð Þ is the inverse operation of PGk �ð Þ. As in [16], the group sparse
representation is expressed as:

x ¼ DG � aG ¼
XN
k¼1

P�
Gk

DGkaGkð Þ:
,XN

k¼1

P�
Gk

EDkakð Þ ð6Þ

where EDkak means the same size as DGkaGk with all ones, and �ð Þ:= �ð Þ represents the
element-wise division. In fact, this equation means the average of all the overlapped
patches according to their overlapped times. Given the group dictionary DGk , recon-
structing the missing information is to solve:

argmin
aG

M x� DG � aGð Þk k22þk aGk k0 ð7Þ

where M is a diagonal matrix with diagonal elements consisting of 0 and 1, with 0
representing the missing position, k is the regularized parameter, and �k k0 and �k k2
denote the ‘0 and ‘2 norms, respectively. Since (7) is NP-hard, it is substituted by the
convex version:

argmin
aG

M x� DG � aGð Þk k22þk aGk k1 ð8Þ

where �k k1 denotes the ‘1 norm. According to [16], Eq. (8) is equivalent to:

argmin
aGk

aGk � crGk

��� ���2
2
þs aGkk k0 ð9Þ

where crGk is the singular value of the residual matrix rGk , and s is the new regularized

parameter. This can be solved based on either the hard or soft threshold.
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3 Experiments

To validate the effectiveness of the proposed temporal domain group sparse repre-
sentation (TDGSR), we undertook both simulated and real data cloud removal
experiments based on Moderate Resolution Imaging Spectroradiometer (MODIS)
images. In the two experiments, the data were both the 250-m resolution reflectance
product of MODIS L1B, and the images were cropped to the size of 400 × 400 from the
geo-registered images. For brevity, only one reference image was used in each
experiment. For the simulated experiment, the image to be reconstructed was acquired
by Terra MODIS on November 2, 2013 (some pixels of which were artificially
removed), and the reference image was acquired by Aqua MODIS on November 4,
2013, in the same geographical area. For the real data experiment, the
cloud-contaminated image was acquired by Terra MODIS on December 27, 2008, and
the reference image was acquired by Terra MODIS on December 18, 2008. Addi-
tionally, the parameters were set as follows: patch size

ffiffiffi
B

p ¼ 4, CCthreshold ¼ 0:85, and
s is an adaptive parameter to the number of similar patches.

3.1 Simulated Experiment

In the simulated experiment, the artificially corrupted image was reconstructed by
direct replacement of the reference image, MT-KSVD [14], and the proposed TDGSR,
respectively. Figure 2 shows the reconstruction results of the different algorithms. From
the visual effect, the direct replacement [Fig. 2(c)] obtained the worst result, which

Fig. 2. Reconstruction results of the different methods. (a) Original image. (b) Corrupted image.
(c) Reconstruction result using direct replacement of the reference image. (d) Reconstruction
result using MT-KSVD. (e) Reconstruction result using the proposed TDGSR.
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shows obvious differences between the good region and the reconstructed region. Both
MT-KSVD and TDGSR obtained satisfactory results, as shown in Fig. 2(d) and (e),
respectively.

Since the difference is not obvious between the reconstruction results of MT-KSVD
and TDGSR, scatter plots between the original and the reconstructed images are shown
in Fig. 3. As before, direct replacement [Fig. 3(a)] was less effective than MT-KSVD
[Fig. 3(b)] and TDGSR [Fig. 3(c)]. Moreover, the scatter plots of MT-KSVD are
distributed a bit more discretely than those of TDGSR, which means that MT-KSVD
performed worse than TDGSR.

In addition, we show the quantitative assessment of the reconstruction results in
Table 1 by the metrics of mean absolute error (MAE), mean square error (MSE), mean
relative error (MRE), and CC. Because of the length limitation, we refer the readers to
our previous paper [14] for their calculation expressions. Table 1 demonstrates that
MT-KSVD and TDGSR effectively reconstructed the missing information, and
TDGSR performed better than MT-KSVD.

Fig. 3. Scatter plots between the original and the reconstructed images using the different
algorithms. (a) Direct replacement. (b) MT-KSVD. (c) TDGSR.

Table 1. Quantitative assessment of the reconstruction results.

Method MAE / 10−3 MSE / 10−5 MRE / % CC

Corrupted 66.947 895.612 52.213 0.6579
Replacement 18.594 116.812 13.973 0.9058
MT-KSVD 4.690 6.512 3.676 0.9851
TDGSR 4.381 6.112 3.468 0.9858
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3.2 Real Data Experiment

In order to verify the cloud removal effect for real remote sensing images, we also
conducted a real data experiment. As in the simulated experiment, obvious differences
exist between the good part and the reconstructed part of the cloudy area in the result of
direct replacement. Both MT-KSVD and TDGSR effectively reconstructed the missing
information obscured by clouds, and again performed better than direct replacement
(Fig. 4).

4 Conclusions

This paper has proposed a cloud removal algorithm for remote sensing images, using
group sparse representation in the temporal domain. The main idea is to make use of
the temporal sparsity and nonlocal similarity in the multitemporal images. Temporal
correlation is utilized in the reconstruction process of the missing information. In order
to make better sense of the temporal correlation, temporal normalization and permu-
tation are also adopted. Simulated and real data experiments both confirmed that the
proposed method is an effective approach.
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Fig. 4. Cloud removal results.
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