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a b s t r a c t
Dictionary learning, which is based on sparse coding, has been frequently applied to many tasks related
to remote sensing processes. Recently, many new non-analytic dictionary-learning algorithms have been
proposed. Some are based on online learning. In online learning, data can be sequentially incorporated
into the computation process. Therefore, these algorithms can train dictionaries using large-scale remote
sensing images. However, their accuracy is decreased for two reasons. On one hand, it is a strategy of
updating all atoms at once; on the other, the direction of optimization, such as the gradient, is not well
estimated because of the complexity of the data and the model. In this paper, we propose a method of
improved online dictionary learning based on Particle Swarm Optimization (PSO). In our iterations, we
reasonably selected special atoms within the dictionary and then introduced the PSO into the atomupdating stage of the dictionary-learning model. Furthermore, to guide the direction of the optimization,
the prior reference data were introduced into the PSO model. As a result, the movement dimension of the
particles is reasonably limited and the accuracy and effectiveness of the dictionary are promoted, but
without heavy computational burdens. Experiments conﬁrm that our proposed algorithm improves the
performance of the algorithm for large-scale remote sensing images, and our method also has a better
effect on noise suppression.
Ó 2014 Elsevier B.V. All rights reserved.

1. Introduction
Recently, sparse representation has become a very popular
topic in the area of remote sensing image processing. In many tasks
related to remote sensing images, such as image segmentation,
fusion, classiﬁcation, reconstruction, and change detection, sparse
representation is frequently employed to improve the performance
of the algorithms. Modeling data as sparse combinations of atoms,
which are the elements of a dictionary, can manifest the important
intrinsic characteristics of remote sensing images.
There is a long research history on how to sparsely represent a
signal or data by a set of bases. We also call this set of bases a dictionary. There are two different classes of dictionary: analytic and
non-analytic. Many of the earlier studies on sparse representation
focused on analytic dictionaries. Different bases, such as Fourier
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transformations, wavelets [1], curvelet [2], bandelet [3], directionlet [4], and grouplet [5], were proposed in different periods. The
development of analytic dictionaries went through several stages,
such as multi-resolution, localization, anisotropy, and adaptation.
Another large class of dictionary is non-analytical. Unlike decompositions based on a predeﬁned analytic base (such as a wavelet)
and its variants, we can also learn a hyper complete dictionary
without analytic form, which has neither ﬁxed forms of atoms
nor requires base vectors to be orthogonal. The basic assumption
behind the learning approach is that the structure of complex incoherent characters can be more accurately extracted directly from
the data than by using a mathematical description.
A non-analytic dictionary learning problem apparently can be
modeled as a constraint-optimization problem. The optimization
of both the dictionary and coefﬁcients is non-convex, but alternative optimization is convex. Therefore, many algorithms consist of
two stages: atom updating and sparse coding. The main differences
between most methods, such as the method of optimal directions
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(MOD) [6], generalized PCA (GPCA) [7], and K-SVD [8], are their
atom-updating stages. Obviously, we hope that dictionary learning
is as efﬁcient as possible. The direct optimization method (DOM)
[9] denoted the algorithm as a one-step block-coordinate proximal
gradient descent. It is more efﬁcient than alternating optimization
algorithms. On the other hand, the effectiveness of sparse representation is also important. The Fenchel duality method [10]
solved this problem in a dual space and promoted the effectiveness
of the dictionary. Another idea is to use a ﬁrst-order series expansion instead of the dictionary-coefﬁcient matrix product [11].
Doing so improves performance while adding only a small additional computational load. Apart from constraint optimization,
we can also model the dictionary problem as a stochastic process.
Non-parametric Bayesian dictionary learning (NBDL) [12] employs
a truncated beta-Bernoulli process to infer an appropriate dictionary, and obtains signiﬁcant improvements in image recovery
[12]. Furthermore, multi-scale dictionary learning can also be presented as a fully Bayesian model [13].
Non-analytic dictionary learning is very efﬁcient in data representation; however, it also introduces many new problems. First,
the relationship between the over-complete atoms attracts much
research attention. The atoms in the dictionary could be incoherent
[14], multi-model [15,16], multi-dictionary [17,18], multi-scale
[19,20], or hierarchical [21,22]. Second, the dictionary problem is
also a supervised versus unsupervised issue. In the early research,
most of the dictionary learning methods were unsupervised.
Recently, with its wide applications to many different areas, using
discriminative information [23–26] in the dictionary learning process has become popular. Supervised dictionary learning [27]
makes the atoms more sophisticated and more ﬂexible. Furthermore, the conception of task-driven dictionary learning was proposed [28].
For large groups of data, it is very hard to take all the data into
the computation model at once. Therefore, in addition to the batchbased methods mentioned above, a group of online learning methods, such as recursive least squares dictionary learning (RLS) [29],
online dictionary learning (ODL) [30], and the non-parametric
Bayesian method (NBDL) [12], were developed in recent years.
However, these online learning tools also led to some new problems and concerns, such as how to introduce the data into the
training process in a smooth and orderly manner, how to perform
dimension reduction [31], and how to optimize the structure of the
dictionarys atoms. More importantly, experiments show that the
accuracy of sparse representation of the dictionary produced by
online learning is decreased because of the complexity of the large
data sets of remote sensing images. The reason for this is that the
strategy of updating atoms in ODL, RLS, or NBDL is unreasonable
when handling large data. When taking both dictionaries, D, and
coefﬁcients, a, as variables, it is difﬁcult to optimize them at the
same time because of the non-convex character of the object function. Alternative optimization of atoms and coefﬁcients decreases
the accuracy of dictionary learning, especially when the data set
is very large. It is easy to stop at a local extreme value under the
inﬂuence of the continuous computation manner, noise, and complexity of the data. However, for large remote sensing data sets,
there are often many other priors than the sparsity that we can utilize in the dictionary-learning process.
First, for a certain area, the remote sensing images for a terrestrial object at different times always show some similarities because
the changing of land covers is usually slow. Second, for the same
scene, the remote sensing images from different sensors often share
similar textures to some extent. Therefore, when the location is
given, we can usually use the history or multi-source data to guide
the direction of the optimization in the atom-updating stage of dictionary learning. For example, in the atom-updating stage of the

ODL method, the gradient direction can be easily guided by reference data or an existing reference dictionary.
In this paper, to effectively and sparsely represent the large
remote sensing image set, we use reference data as priors and
introduce PSO [32] into the atom-updating stage of the ODL algorithm. In the iteration, special atoms in the current dictionary are
selected as the particles in the PSO model. In order to reduce the
dimensions of the particles, every selected atom is represented
by the linear combination of a reference image and the remaining
atoms. To make the optimization more efﬁcient, in PSO, the ﬂying
directions are limited to the few dimensions that are estimated by
considering the relationship between the different subspaces of the
atoms. Furthermore, for the redundant and cluster characters of
the textures of the large remote sensing data set, the features of
the reference data constrain and guide the ranges and directions
of random particle movement in PSO. As a result, the ﬂying of
the particles in PSO is semi-random. This proposed semi-random
PSO promotes the accuracy of the atom updating, and does not
result in heavy computational burdens because of the guidance
of the reference data. In the following sections, we ﬁrst summarize
the ODL algorithm and then propose our method based on the new
atom-updating scheme.
2. Online dictionary learning based on gradient descent
The non-analytic sparse representation uses a hyper-complete
dictionary matrix D 2 Rmn , which includes n atoms for columns
to represent a signal x 2 Rm as a sparse linear combination of these
atoms. The representation of sample data x can be written as the
approximate x  Da, which satisﬁes jjx  Dajjp 6 e. Here, the typip
cal norm for sparse representation is l norms, and usually is true
in the case of p ¼ 2. Dictionary learning is an optimization problem
written as:

1
arg min kX  Dak22 þ kjjajj1 :
2
D;a

ð1Þ

For convenience, X 2 Rmq ðm  qÞ is the training data set and
xi 2 Rm is the ith column of training data matrix X. The dictionary
is denoted by D ¼ fd1 ;    ; dj ;    ; and dn g, and dj stands for the jth
column of D. k is a regularization parameter. a is the coefﬁcient of
sparse representation. The Frobenius norm of a matrix X in Rmp
P Pq
2 1=2
here can be denoted by jjXjjF , ð m
. The object
i¼1
j¼1 X½i; j Þ
function to be minimized in Eq. (1) is not jointly convex in a and
D, but it becomes convex in one variable, keeping the other ﬁxed.
Thus, the ODL algorithm can be divided into two steps that alternately solve the optimization problem in an iterative loop. One is
keeping D ﬁxed and ﬁnding a, which is called the sparse coding
stage. The other is keeping a ﬁxed and ﬁnding D, which is called
the atom-updating stage.
In the ﬁrst stage, the ODL uses LARS [33] or orthogonal matching pursuit (OMP) [34] to ﬁnd a:

1
2

at ¼ arg min jjxt  Dt1 ajj22 þ kjjajj1 ;
a

ð2Þ

where the subscript t means the tth iteration of the ODL procedure.
In the second step, the original objective function is:

D ¼ arg min
D2C

t
1X
1
jjxi  Dai jj22 þ kjjai jj1 :
t i¼1 2

ð3Þ

As we know, the optimization variable in the object function is
the dictionary D; in the meantime, we use the matrix form of X
instead of the vector a. The Eq. (3) can thus be rewritten as:

1
Dt ¼ arg min jjX  Dajj2F :
2
D2C

ð4Þ
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To some extent, the Frobenius norm of a matrix can be replaced
by the trace of another matrix, and we can obtain the following
equation:

1
Dt ¼ arg min Tr½ðX  DaÞðX  DaÞT :
2
D2C

ð5Þ

After using the knowledge of the trace to operate Eq. (5), the
object function is simpliﬁed as:

1
Tr½ðDaÞðDaÞT  2XðDaÞT 
2t
D2C
1
¼ arg min Tr½DT DaaT  2DT X aT :
2t
D2C

Dt ¼ arg min

ð6Þ

3. Introducing PSO into the atom-updating stage

Two intermediate variables, A and B, are introduced in ODL.
They carry information on the sparse coefﬁcients of the previous
samples. The forms of intermediate variables come from the stochastic gradient algorithm [35]. A and B update themselves as:

At

At1 þ at aTt :

ð7Þ

Bt

T
t:

ð8Þ

Bt1 þ xt a

With the deﬁnition of A and B, the objective function is ultimately written as:

1
D ¼ arg min ðTrðDT DAt Þ  TrðDT Bt ÞÞ:
t
D2C

r ¼



1 T
D DA
2

S={X1, X2


 DT B

@D
!
T
1 @ðDT DÞ
@ðDT DÞ
@ðDT Þ
Aþ
B
¼
A þ
2
@D
@D
@D

Our goal is to improve the performance of ODL in terms of the
accuracy of reconstructed remote sensing images. Brieﬂy, the algorithm we presented applies the PSO algorithm to optimize the
most important atom selected by the scheme we designed in the
dictionary-updating step. The selected atom is linearly represented
by the other atoms in the dictionary, and the particle in PSO is the
coefﬁcient of the linear representation but not the selected atom.

ð9Þ

While updating atoms in ODL based on the stochastic gradient
decent, calculating the gradient r of Eq. (9) signiﬁes a partial
derivative with respect to matrix D:

@

This is expected to move the swarm toward the best solutions. The
PSO algorithm, without complex evolution operations, which
works well in terms of calculation speed and accuracy, was developed very quickly in recent years. Compared with the gradient
algorithm, PSO may be closer to the inﬁnite exhaustive method.
The strategy of constructing a dictionary requires ODL to update
all atoms in an iterative loop, but we can optimize only one atom
or part of an atom if necessary. Therefore, we propose our method
based on PSO. The proposed algorithm focuses on improving the
performance of ODL by using PSO [32] in the optimization portion
of atoms in a dictionary.

ð10Þ

t}

Select a data subset from S

Get the initial dictionary and
Using ODL

¼ B  DA
After getting the gradient, the authors give the updating equation to update the atoms one by one, based on the stochastic gradient descent algorithm:

uj

1
ðbj  Daj Þ þ dj :
Ajj

ð11Þ

Therefore, the atom dj is:

dj

1
uj :
maxðkuj k2 ; 1Þ

Using the error matrix to
select candidate atoms

Using the candidate atom
as particles and get its
initial linear representation

no

ð12Þ

We ﬁnd that current atoms updating stage for small data set is
not enough for large data set. For large data set, the atoms updating
stage is more easily apt to plunge into local minimum. Therefore, in
this paper, PSO is introduced into the atoms updating stage of the
dictionary learning process. When we take atom as the particle in
PSO, it is relative easy to implement in discrete computation. Furthermore, using PSO, the atoms updating stage can search the
atoms in a larger scope.
To some extent, the PSO algorithm is similar to the stochastic
gradient descent algorithm. The PSO, which simulates the aggregation and migration of birds, was ﬁrst presented by Drs. Kennedy
and Eberhart in 1995.
PSO optimizes a problem by having a population of candidate
solutions, here dubbed particles, and moving these particles
around in the search space according to simple mathematical formulae over the particle’s position and velocity. Each particle’s
movement is inﬂuenced by its local best-known position, but is
also guided toward the best-known positions in the search space,
which are updated as better positions are found by other particles.

Bring the particle into PSO
equation and updating the
velocity and the position
no
PSO is converged?

yes

no data in S?
yes
End
Fig. 1. The ﬂowchart of the proposed method.
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Therefore, the dimension of the particle will not be too high. Every
time, a part of data are introduced into the learning process for
each iteration. The ﬂowchart of the proposed algorithm is shown
in Fig. 1 in this section.
Our algorithm makes four main advances:
(1) The scheme for selecting special atoms.
We make some changes to the norm part of Eq. (1).

k2F

kX  Da

2 
2

!




K
X
X




¼ X 
dj aj  ¼  X 
dj aj  dk ak 




j¼1
j–k
F

F

We deﬁne Ek as:

Ek ¼ X 

X
dj aj

ð13Þ

j–k

Here, aj is the jth row in the sparse coefﬁcient matrix a. Ek
stands for the error of all samples when the kth atom is
removed [36]. The special atom dk here is deﬁned as the atom
that makes the biggest contribution to the estimate of a sample X. dk is deﬁned as:

dk ¼

arg maxjjEk jj2F :
d

(2) The scheme for selecting particles.
The ﬂying behavior of particles is random to a certain
degree. If we directly choose an atom to be the particle,
the atomic pattern may not still be organized in terms of
texture features and it may appear to be noisy. Because of

the theorem of linear algebra, in a hyper complete dictionary
matrix, D 2 Rmq ðm  qÞ, we can easily ﬁnd m atoms as a
vector group to represent other atoms linearly. We might
as well make some derivations. Assume that r d is the rank
of matrix D. The rank rr of row vector group D satisﬁes
r r 6 m, and r c , which is the rank of column vector group D,
satisﬁes rc 6 n. We know the theorem that, in a matrix
D; rr ¼ r c ¼ rd . It is not difﬁcult to know rc 6 m in the case
of m  q. The number of maximum linearly independent
vector groups of columns must be less than or equal to m,
so we have a conclusion that we can ﬁnd not more than m
column vectors as maximum linearly independent groups
to represent the other columns. It is reasonable for us to
use the coefﬁcients, which are the linear representations of
the atoms selected to be particles. Here we consider the
worst case scenario: that the number of vectors in a maximum independent group is equal to m. In fact, the number
is usually less than m. In a sense, it is reducing the dimensions of the particles in a PSO problem as follows:

dk ¼ y1 v 1 þ y2 v 2 þ    þ ym v m ;

ð14Þ

where V ¼ fv 1 ; . . . ; v m g stands for the vector group and yi is
the
linear
representation
coefﬁcient.
The
set
Y ¼ fy1 ; . . . ; ym g is the particle in our method.
(3) The matching Initial velocities scheme.
Because the textures of large-scale remote sensing images
are complicated, the values of the coefﬁcients we obtain
from the strategy of selecting a particle range from 104 to

Fig. 2. Compare the reconstruction results of Landsat-8 images.
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Fig. 3. Compare the reconstruction results of HJ-1-A images.

104 . We thus designed a matching scheme of initial velocities, which can be dynamically adjusted according to the
value of the coefﬁcients. If the particles ﬂy randomly in the
search space, the time required to ﬁnd an optimal solution
will greatly increase. The scheme aims to guide the ﬂying
particles in more reasonable dimensions.
(4) Stability for the whole algorithm.
As we know, in high-dimension situations, PSO is not very
effective at achieving optimal solutions. Our experiments
show that, without any stability measurements, sometimes
PSO is not stable enough to optimize the atoms. On the other
hand, we also need a mechanism to carry past information,
which includes changes to sparse coefﬁcients due to PSO.
Here, after optimizing by PSO, we use the intermediate variables A and B, but make only a small change. The formulas of
A and B that were used in our method are positioned as:

At

At1 þ bat aTt

ð15Þ

ðyi1 ; yi2 ; . . . ; yim ÞT . Individual extremum P i ¼ ðpi1 ; pi2 ; . . . ; pim ÞT is the
previous best position of the ith particle. When the global extremum
Pg ¼ ðpg1 ; pg2 ; . . . ; pgm ÞT represents the previous best position of the
swarm. Flying velocity can be presented as V i ¼ ðv i1 ; v i2 ; . . . ; v im ÞT .
The velocity update is conducted as follows:

V kþ1
¼ xV ki þ c1 r 1 ðPki  Y ki Þ þ c2 r 2 ðPkg  Y ki Þ
i

and

Bt

vector group so that we can represent the atomic group. After the
atomic group is represented by the vector group, we then get the
linear representation coefﬁcients. These coefﬁcients ﬂy in the
search space as a particle swarm at velocities that are dynamically
adjusted according to each particles own ﬂying experience and the
groups ﬂying experience.
Assume that in a m dimension objective search space (m is also
the number of vectors in a maximum linearly independent group)
the particle swarm is Y ¼ ðY 1 ; Y 2 ; . . . ; Y n Þ, which is made up by n particles, and Y i is the coefﬁcient set of linear representation. Y i , which
also stands for the position of the ith particle, can be presented as

Bt1 þ bxt aTt ;

ð16Þ

where b is an important coefﬁcient whose value often ranges
from 0.05 to 0.1. In ODL, it accelerates the convergence speed
[30], and in our algorithm, it plays a role in improving the
stability of our method.
The selected atom, dk , and the other atoms are randomly chosen
from the initial atomic group. We need some other atoms to be the

ð17Þ

where k represents the iteration number and x is the inertia weight
[37]. r1 and r 2 are random numbers that range from 0 to 1. c1 and c2
are called acceleration factors, whose values range from 0 to 4.
Here, we let c1 equal c2 . The equation for updating particle positions
is given below:

Y ikþ1 ¼ Y ki þ V kþ1
i

ð18Þ
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Table 1
The comparison of the performances of different method by different images with
additive noise. r is the standard deviation of the noise.

Algorithm 1. Online dictionary learning based on PSO
Require:
A group of samples fX 1 ; X 2 ; . . . ; X t g,
1: for n ¼ 1 to t do
2:
Get X n from a set of samples and use ODL to get the
dictionary Dn and the sparse coefﬁcient matrix an ;
3:
Make use of the atom-selecting scheme to choose the
special atom dkn , which is to be optimized by PSO.

dkn ¼
4:

arg maxjjEkn jj2F
d

Method

Image1

Image2

Image3

Image4

0.2

ODL
PSODL
ODL
PSODL
ODL
PSODL
ODL
PSODL

25.0645
25.1474
24.4947
24.6190
23.9255
24.0488
23.5808
23.6989

26.7851
26.8611
25.8528
25.9428
25.3754
25.4853
24.6571
24.7729

25.6123
25.7102
25.0626
25.1823
24.1570
24.2707
21.2242
21.5771

24.7673
24.9304
24.2324
24.4531
23.6514
23.9463
23.1855
23.4699

0.3
0.4
0.5

ð19Þ

Use Eq. (14) to make the initial representation of dkn
and get the linear representation coefﬁcients as the initial
particle swarm. Using the initial atomic group as the input
variable din , calculate the initial value of the objective
function of PSO. Obtain the initial individual extremum and
the initial global extremum.


2
X


f n ¼ ðX n 
djn ajn Þ  din akn 
jn –kn

r

F

ð20Þ

5:

Apply Eqs. (17) and (18) to update the velocity and the
position of the particle. Multiply the new swarm by the
vector group to gain the new atomic group. Calculate the
value of Eq. (20) with the new atomic group. and update the
individual extremum and the global extremum.
6:
Repeat step 5 until convergence of the PSO algorithm
occurs. Get the new atom.
7:
Construct the dictionary Dn . Then, with the OMP
algorithm, get the new an . Using (15) and (16), update
intermediate variables A and B. The new dictionary is the
initial D for the ODL when the next sample, X nþ1 , arrives.
8: end for

Table 2
The comparison of PSNR with sparsity of 5%.
Unit:dB

Image1

Image2

Image3

Image4

ODL
PSODL

26.5514
26.5714

30.9478
30.9895

30.2476
30.2667

26.3403
26.4140

Table 3
The comparison of PSNR with the sparsity of 10%.
Unit:dB

Image1

Image2

Image3

Image4

ODL
PSODL

24.0673
24.0770

27.4614
27.5017

27.8027
27.8407

23.4125
23.4602

Table 4
The comparison of sparsity with the controlled PSNR value of 24 dB.

ODL
PSODL

Image1 (%)

Image2 (%)

Image3 (%)

Image4 (%)

2.9
2.89

0.99
0.99

1.28
1.29

2.34
2.35

Table 5
The comparison of sparsity with the controlled PSNR value of 20 dB.

After several iterative loops, the best position of the swarm is
the new coefﬁcients of the selected atom, and we now have a
new dictionary. Based on the new D, we get the new a. Then we
update the variables A and B using (15) and (16) shown in
Algorithm 1.

4. Experiments and Results
The performance of the proposed algorithm is tested with the
real large remote sensing image data set. The remote sensing
images are selected from two satellite image sets. They are from
Landsat-8 and HJ-1-A. For convenience, partial images at a size of
512  512 are shown in ﬁgures. The proposed algorithm (PSODL)
is comprehensively compared with the ODL algorithm. In experiments, the performances of two different algorithms are measured
qualitatively and quantitatively. For qualitative comparisons, the
images reconstructed by two different algorithms are compared
visually for accuracy of reconstruction. For quantitative comparisons, the reconstructed performs are measured in terms of the
peak signal-to-noise ratio (PSNR).
In the ﬁrst experiment, the original images all include the additive noise, and we use four remote sensing images, which are
named ImageX (here, X means a number, such as 1, 2, 3, 4, etc.)
to test the performance of two algorithms. The additive noise satisﬁes the normal distribution, with a mean of 0 and standard deviation of 0.1. A normal distribution for additive noise is the most
common pattern for real satellite images. With the same control

ODL
PSODL

Image1 (%)

Image2 (%)

Image3 (%)

Image4 (%)

0.34
0.34

0.27
0.26

0.21
0.21

0.49
0.51

Table 6
The sensitivity of PNSR with respect to the change of iteration parameter k on Image4.
k

5

8

10

12

14

15

PSNR

26.3764

26.3784

26.3848

26.4020

26.4064

26.4140

k

17

30

40

50

60

PSNR

26.4254

26.4308

26.4268

26.4242

26.4264

parameters, we qualitatively and quantitatively measure the
reconstruction performance of the two algorithms. Here we set
the number of atoms at 100 and the size of each atom is 8  8.
Fig. 2 shows the reconstruction of the original Image1 with additive noise by ODL and PSODL. Image1 was selected from Landsat8. Fig. 2(a) shows the original Image1. Fig. 2(b) is the original
Image1 with additive noise. Fig. 2(c) is the reconstruction image
by ODL and Fig. 2(d) is the result of PSODL. Fig. 3 shows the result
of the remote sensing images from HJ-1-A. We can observe that
there are more edges and details that are reconstructed by the proposed PSODL. From Figs. 2 and 3, we can see that the proposed
algorithm is better than ODL at maintaining the edge texture
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and modeling the atom-updating stage using PSO, the proposed
algorithm improves the performance of ODL algorithms in terms
of the accuracy of large-scale remote sensing images. We did some
experiments with two satellite image sets to test the proposed
algorithm. The results demonstrate that, with the same sparsity,
the precision of the representation by our proposed algorithm is
higher than that of ODL. On the condition of the same precision
control, the sparsity of results achieved by the proposed algorithm
is almost the same as the sparsity of those achieved by ODL. Furthermore, our algorithm also has a better effect on noise suppression. In the future work, we plan to add some priors from
geographical information or image texture to improve a faster
convergence.
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