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Abstract. The sparse representation of hyperspectral images can reduce the
amount of data and facilitate image classification and interpretation processing.An
immune clone particle swarm optimization algorithm (ICPSO) to achieve sparse
representation of hyperspectral images is proposed in this paper. The main idea
of the algorithm is to use the evolutionary process of particle swarm to simu-
late the atomic matching process of the orthogonal chasing algorithm to improve
the diversity and efficiency of atom selection. Further, according to the clonal
selection theory of biological immunology, immune cloning, cloning mutation
and cloning selection operators are used to expand the local search range, fully
maintain the diversity of the population, improve the convergence speed and avoid
the premature convergence. Sparse representation experiments are carried out on
hyperspectral images using proposed ICPSO to verify the performance of the
algorithm. Compared with the orthogonal matching pursuit algorithm, the pro-
posed algorithm can improve the reconstruction accuracy as well as the computing
efficiency.

Keywords: Hyperspectral image · Immune clone · Particle swarm algorithm ·
Reconstruction · Sparse representation

1 Introduction

Containing abundant spatial geometric information and spectral feature information,
hyperspectral images (HSIs) [1] are suitable for terrain reconnaissance [2], target detec-
tion and recognition [3, 4], classification [5, 6]. The development of hyperspectral imag-
ing spectrometer [7–9] and the research of hyperspectral image interpretation [10–12]
have become the focus of attention. The expanding application fields require hyperspec-
tral images to provide more detailed target information. The higher the spatial and spec-
tral resolution is, the higher the challenge to the system’s data storage and transmission
capabilities.

Effective sparse representation could capture the main features of the signal, which
leads to achieve a small amount of data for signal description. The basic idea of sparse
representation is that, from the basic functions set of the signal projection, only a small
number of the basic functions could be extracted to represent the original signalwith little
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distortion [13, 14]. Sparse representation model requires that in the signal expansion,
the coefficients of most of the basic functions are zero, and only a few basic functions
have large non-zero coefficients. Its applications include image classification [15], signal
de-noising [16], object detection [17], and face recognition [18]. Applying the signal
sparse decomposition theory to hyperspectral images to obtain sparse representations,
can greatly reduce the amount of data and achieve further classification and interpretation
of hyperspectral images.

A typical way to obtain such signal sparse representation is the orthogonal matching
pursuit (OMP) algorithm [19, 20]. OMP, an iterative greedy algorithm, chooses the best
atom from the dictionary to match the signal, thereby achieving high reconstruction
accuracy. Hyperspectral image features are complex, and redundant dictionaries can
be used to obtain good sparse representations, but the computation time of OMP is
unbearable under the existing computing conditions. Instead, the evolutionary algorithms
[21, 22] could be used to achieve the sparse representation.

This paper proposes an immune clone particle swarm algorithm to achieve sparse
representation of hyperspectral images to overcome the problem of low calculation effi-
ciency of OMP algorithm. Themain idea is: utilize particle swarm optimization (Particle
Swarm Optimization, PSO) to simulate the atomic matching process of OMP, which can
improve the search process of the optimal atom; further, introduce the immune clone
algorithm to increase the diversity of the population and increase the convergence rate,
and ultimately improve the efficiency of sparse representation. Four classic hyperspectral
images are used to test the effectiveness of the proposed algorithm.

The remainder of this paper is organized as follows. In Sect. 2, the sparse decom-
position process using OMP and the basic PSO algorithm are described. And then in
Sect. 3, the principle of the proposed Immune Clone Particle SwarmAlgorithm (ICPSO)
are presented, included four aspects, namely initial Particle production, Immune cloning
operator, cloning mutation operator, cloning selection operator, particle updating oper-
ator. Moreover, the implementation process of proposed algorithm is also introduced in
this section. Next in Sect. 4, experimental results are shown and analyzed. Finally, in
Sect. 5, some concluding remarks are made.

2 Principles of OMP and PSO

2.1 Sparse Representation

The signal sparse representation model based on redundant dictionary is expressed as:

min‖θ‖0 s.t. x = Φθ (1)

Where, x ∈ RN is the original signal, Φ ∈ RN×M is the redundant dictionary, and
θ ∈ RM is the sparse coefficient vector. Each column inΦ is called as an atom. In sparse
representation, there are two issues needed to be solved: 1) construct the redundant
dictionaryΦ, and 2) solve the optimal function in Eq. (1) to obtain the sparse coefficient
vector θ . In the proposed algorithm, Gabor dictionary [23, 24] is used to be the sparse
basis for hyperspectral images, and its generating function is expressed as,

gγ (n) = 1√
s
e−π( n−u

s )
2

cos(υn + ϕ) (2)
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Where, n = 0, 1, ...,N , γ = (s, u, υ, ϕ) is the time-frequency parameter vector. The
variation range is: 1 ≤ s ≤ N , 1 ≤ u ≤ N , 0 ≤ υ ≤ 2π , 0 ≤ ϕ ≤ 2π . After
the discretization of the time-frequency parameters, the number of atoms in the Gabor
dictionary isM = 52

(
N log2 N + N − 1

)
.

2.2 OMP Algorithm

Solving signal sparse representation under a redundant dictionary is a NP-hard problem.
There does not exist known polynomial time algorithm to solve this optimization prob-
lem, a sub-optimal approximation method is needed. The basic idea of OMP for sparse
representation is to find the optimal atoms that can linearly represent the original signal
in the redundant dictionary through continuous iteration. When the residual between the
original signal and the represented signal is continuously reduced, an approximate linear
representation of the original signal can be obtained.

Specifically, through continuous iteration, OMP selects some optimal atoms from
the dictionary Φ, these atoms make up the set of the true signal. The implementation
process of OMP is summarized as follows:

Step 1: Initializition: iterative number k = 1, residual r0 = x, index collection of optimal
atoms �0 = [].
Step 2: Select the index of optimal atom: The selected atom needs to meet the principle
of maximum relevance, therefore, we need to traversal all the atoms in dictionary Φ,
compute the relevance and sort them,

λk = argmax
l

|〈rk−1,Φ l〉| (3)

Where, Φ l is l-th column of Φ.
Step 3: Update index collection: Add the optimal atom index to the collection, �k =
�k−1 ∪ λk .
Step 4: Update residual: Use the searched best atoms to linearly represent the signal and
calculate the residual,

rk = x − ΦΛk

(
ΦT

Λk
ΦΛk

)−1
ΦT

Λk
x (4)

Where, ΦΛk represents the sub-matrix constructed by the atoms indexed by �k .
Step 5: Determine whether the maximum iteration number K is satisfied, if not then
k = k + 1, repeat Step 2–Step 4, else stop iteration.

In other words, the maximum iteration number in OMP is the number of optimal
atoms to represent the original signal. The original signal x could be represented using
the K optimal atoms indexed by �K . The sparse coefficient vector is,

θ̂ =
(
ΦT

ΛK
ΦΛK

)−1
ΦT

ΛK
x (5)

Where, ΦΛK represents the sub-matrix consisting of column vectors in Φ indexed by
�K .
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Use these optimal atoms to linearly represent the signal and the reconstructed signal
is expressed as:

x̂ = ΦΛK θ̂ (6)

2.3 Particle Swarm Optimization

The particle swarm optimization algorithm treats the potential solution of the opti-
mization problem as a particle in the search space without mass [25, 26]. The
particle has a certain flying speed and position. Assume that the dimensional of
search space is L, the population A = (

A1,A2, ...,Ai, ...,AQ
)
contains Q parti-

cles, where the i th particle represents its position in the search space and is rep-
resented as a vector Ai = (ai1, ai2, ..., ail, ..., aiL), i = 1, 2, ...,Q, l = 1, 2, ...,L.
The velocity of the i th particle is V i = (vi1, vi2, ..., vil, ..., viL), the individual
extremum is Pbesti = (Pi1,Pi2, ...,Pil, ...,PiL) and the population extremum is Gbest =
(G1,G2, ...,Gl, ...,GL).

Particles update their speed and position by tracking individual extremes and group
extremes,

vtil = wvt−1
il + c1r1

(
Pt−1
il − at−1

il

)
+ c2r2

(
Gt−1
l − at−1

il

)
(7)

atil = at−1
il + vtil (8)

Where, t is the current evolution generation, w is the inertia weights, c1 and c2 are
non-negative constants, r1 and r2 are random numbers distributed in the interval [0, 1].

Particle swarm algorithm can use individual experience information and population
experience information to adjust its state. The advantage of the algorithm is the fast
convergence, but the disadvantage is that the particles easily fall into local extremes
and cannot be rid of them, which limits the search range of the particles and reduces
the search efficiency. Clonal selection [27, 28] is an important theory of biological
immune system theory. Compared with the evolutionary algorithm, the clone selection
algorithm can increase the speed of convergence whereas expanding the local search
range, and maintain the diversity of the population through cloning, mutation, selection,
etc., thereby improving the performance of the particle swarm algorithm. For the reason
that, combining immune clone with particle swarm algorithm, an immune clone particle
swarm optimization (ICPSO) algorithm for sparse representation is proposed in this
paper.

3 Proposed ICPSO Algorithm for Sparse Representation

In this section, the details about the proposed ICPSO are presented. First of all, the opti-
mization problem and initial particle production in the proposed ICPSO are described.
And then, the four operators in the proposed algorithm, including the immune cloning
operator, cloning mutation operator, cloning selection operator and particle updating
operator are designed. Finally, the implementation process is summarized.
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3.1 Optimization Problem and Initial Particle Production

The main framework of the proposed algorithm is based on the OMP algorithm, that is,
the sparse representation is completed in an iterative way. In its iteration, the proposed
ICPSO use the particle evolution to find one optimal atom, then updates the optimal
atom set, updates the residuals, and finally uses the found optimal atoms to sparsely
approximate the original signal.

The core idea of ICPSO is using particle evolution to simulate the atom matching
process of OMP. Particularly, ICPSO does not need generate dictionary in advance,
whereas particles expressed by position, velocity and fitness value are used to represent
the atoms. According to the generation principle of Gabor atoms, the search space
dimension of our optimization problem is L = 4. The initial population is denoted

as A =
(
a1, a2, ..., aQ

)
, where Q is the population size. The initial position of the

i th particle is ai = (
ai1, ai2, ai3, ai4

)
, and each component is corresponding to the

time-frequency parameter vector in Gabor dictionary.
The principle of maximum correlation is used to find the optimal atoms; therefore,

the fitness value for i th particle can be described as,

f (ai) = ∣∣〈rk−1, gai
〉∣∣ (9)

gai (n) = 1√
ai1

e
−π

(
n−ai2
ai1

)2

cos(ai3n + ai4) (10)

Where, gai is the corresponding atom generated by particle ai.
The optimization problem of the algorithm ICPSO can be summarized as,

max{f (a): a ∈ (s, u, υ, ϕ)} (11)

If the initial population is randomly generated, the individual cannot be representa-
tive, which is not conducive to searching for the global best. We expect that the initial
individuals can be dispersed as evenly as possible over the entire feasible solution space,
so that the algorithm can search uniformly over the entire feasible solution space. Here
we use chaotic logic mapping to generate a set of particles as the initial population

A0 =
(
a01, a

0
2, ..., a

0
Q

)
. Set the optimal position of the i th particle as Pbesti = a0i , and

the extreme value of the initial population to Gbest = max
a0i

f
(
a0i

)
, i = 1, 2, ...,Q. The

initial velocity of the particles is v0i = (
v0i1, v

0
i2, v

0
i3, v

0
i4

)
. The positions and velocities are

updated by the following four operators.

3.2 ICPSO Operators

Immune Cloning Operator. For the current populationA(t − 1) , we perform immune
cloning operations on it, that is,

ϑ(A(t − 1)) = (
ϑ(a1);ϑ(a2); ...;ϑ

(
aQ

))
(12)
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Where, ϑ(ai) is the clone of ai. The clone number is defined as,

Ci = C
f (ai)

∑Q
i=1 f (ai)

, i = 1, 2, ...,Q (13)

Where, C is the clone constant.
After Immune cloning operator, the population turns to,

A
′
(t − 1) =

(
A;A′

1;A
′
2; . . . ;A′

Q

)
(14)

Where, A
′
i = (

ai1; ai2; ...; aiCi−1
)
, aiq = ai, q = 1, 2, ...,Ci − 1.

Cloning Mutation Operator. In order to promote the exchange of useful information
between individuals and improve the uniformity of the individual solution of the off-
spring, a cloning mutation operator is used to generate representative offspring individ-
uals. During this process, in order to retain the original information of the population,
the mutation operator is only applied to clone population ϑ(ai). Specify mutation prob-
ability Pm, for each component of the particle, generates a random number pm between
0 and 1. If pm < Pm, then the corresponding component would be re-selected as one
number from its variant range, otherwise the component would not change. Mutated
individuals are indicated by di and the population is denoted as D(t − 1).

Cloning Selection Operator. The clone selection operator selects excellent individu-
als from the progeny of the cloned mutations of the particles, thereby forming a new
population. Calculate the fitness of the current population, and calculate the fitness of
all the offspring that have been cloned and mutated.

If there exists the outstanding mutation particle which satisfies the following two
conditions,

b = max
{
f
(
aiq

)∣∣q = 1, 2, ...,Ci − 1
}

(15)

f (ai) < f (b) ai ∈ A(t − 1) (16)

Then particle b is chosen to replace the parent particle ai to update the population.

Particle Updating Operator. Define the speed and position update operators are,

vi(t) = wvi(t − 1) + c1r1
(
Pbesti(t − 1) − ai(t − 1)

) + c2r2
(
Gbest(t − 1) − ai(t − 1)

)

(17)

ai(t) = ai(t − 1) + vi(t) (18)

The inertia weight w adopts a linear differential decreasing strategy [29], expressed
as,

w(t) = wmax − (wmax − wmin)

T 2 t (19)

Where, T is the maximum evolution algebra. In the early stage of algorithm evolution,
the decreasing trend of w is slow, and the global search ability is strong, which is benefit
for finding good particles. In the later stage of algorithm evolution, the decreasing trend
ofw is accelerated, which can improve the convergence speed of the algorithm. After the
above operators, the tth populationwould be evolved to the t+1th generation population.
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3.3 Implementation Process of ICPSO

Combining the clonal selection theory of the immune system with the particle swarm
optimization algorithm of advanced evolution theory, an immune clone particle swarm
optimization algorithm is proposed to solve the sparse representation problem. The block
diagram of the proposed algorithm is depicted in Fig. 1, and the implementation process
is summarized as follows.

Fig. 1. Block diagram of proposed algorithm.
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Step 1: Algorithm initialization, iterative number k = 1, residual r0 = x, optimal atom
collection �0 = [].
Step 2: Initial particle production: Initialize the particle population to A0, calculate the
fitness of the particles. Determine Pbesti andGbest , and set the evolution algebra to t = 1.
Step 3: Utilizing immune cloning operator to obtain a cloned population A

′
(t − 1) using

(12)–(14).
Step 4: Utilizing cloning mutation operator to obtain the mutated population D(t − 1).
Step 5: Utilizing cloning selection operator to obtain A(t − 1) using (15)–(16).
Step 6: According to particle updating operator, update speed and position of particles
to obtain A(t), calculate the new fitness function, and updating Pbesti and Gbest .
Step 7: Check whether the maximum evolution algebra T is reached. If not then let
t = t + 1 and repeat Step 3–Step 6, else output Gbest.
Step 8: Update atom collection with Gbest, Λk = Λk−1 ∪ Gbest.
Step 9: Update residuals using (4), here ΦΛk represents the dictionary consisting of
atoms in �k .
Step 10: Check whether the maximum iteration number K is satisfied, if then stop
iteration. Else let k = k + 1, repeat Step 2–Step 9.

Sparsely represent the original signal using the optimal atom obtained by ICPSO
and the reconstructed signal could be expressed using (5) and (6).

4 Experimental Results and Analysis

In order to evaluate the performance of the proposed algorithm, some experimental
results and analysis on four hyperspectral images are carried out in this section. At the
beginning, utilize OMP algorithm for sparse representation to determine the number
of optimal atoms. Next, the parameters, including the population size and maximum
evolution algebra, number of optimal atoms, for proposed algorithm ICPSO are dis-
cussed. And then, the comparison between the proposed algorithm ICPSO and standard
OMP algorithm is shown, using peak signal-to-noise ratio (PSNR), structural similarity
(SSIM) [30] and runtime to assess the performance. The hardware and software envi-
ronments for these experiments are: AMD quad-core CPU, 3.80 GHz, 16G memory and
Matlab2012b.

4.1 Hyperspectral Datasets and Evaluation Metrics

Four hyperspectral images were selected to evaluate the performance of the proposed
sparse representation algorithm. The first two datasets are Cuprite1 and Cuprite2 col-
lected by AVIRIS with a total of 224 bands. The number of available bands is 188,
excluded the abnormal bands and all zero bands. The third dataset is Indian Pines col-
lected by AVIRIS with a total of 220 bands. After removing the water absorption band,
the number of available bands is 200. The fourth dataset is Pavia University collected
by ROSIS with a total of 115 bands. Removing the noisy bands, the number of available
bands is 103.

Based on the above analysis, the computational complexity of OMP algorithm has
high relevancewith the atoms in redundant dictionary, and the number of atoms is greatly
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increasing with the length of signal. Taking into account the computation efficiency, the
hyperspectral images are processing block by block. Given consideration to accuracy
and efficiency, the block size is set as 16 in the following experiments. Without loss
of generality, the Indian Pines is spatially cropped to 128 * 128 and the other datasets
are cropped to 256 * 256. The hyperspectral image is represented by a two-dimensional
matrix X ∈ RNp×Nλ , where, X = [x1, x2, ..., xb, ..., xNλ ], xb is the vectorized represen-
tation of the b th band image, Np is the pixels of a single band image, and Nλ represents
the band number. The original image of the 50th band is shown in Fig. 2.

Two metrics are adopted to evaluate the reconstruction accuracy of the proposed
algorithm, PSNR and SSIM between the reconstructed image and the original image.
The PSNR measured in dB is defined as,

PSNR
(
x, x̂

) = 20 log10
max(x)

√
MSE

(
x, x̂

) (20)

Where, x and x̂ are the original and reconstructed image, max(x) is the peak value of x,
MSE

(
x, x̂

)
is the mean squared error,

MSE
(
x, x̂

) = 1

N

∥
∥x − x̂

∥
∥2
2 (21)

The SSIM between x and x̂ is defined as,

SSIM
(
x, x̂

) = (2μ1μ2 + C1)(2σ12 + C2)(
μ2
1 + μ2

2 + C1
)(

σ 2
1 + σ 2

2 + C2
) (22)

Where, μ1 and μ2 are the mean values of x and x̂, σ1 and σ2 are the standard deviation
values of x and x̂, σ12 represents the correlation coefficient between x and x̂, C1 and
C2 are constants related to the dynamic range of the pixel values. The details for these
parameters can refer to [30].

4.2 Parameter Selection for OMP

Analysis from the implementation process of OMP, one atom is increased into the opti-
mal atom collection every iteration; that is, the number of iterations is the number of
optimal atoms. The accuracy of the reconstructed signal is decided by the optimal atoms.
There is no doubt that the number of optimal atoms K would have significant effect on
performance of OMP. In this part, experiments on the 50th band images using OMPwith
different K are presented. The atom number is varied from 1 to 100 at the interval of
one. The reconstructed images are represented by the optimal K atoms. The PSNR and
relative change between two iterations are shown in Fig. 3.

It is not surprising that, with the increase of the atomnumber, the reconstructed PSNR
is increasing as well. We noticed that the PSNR is not keeping increasing with the atom
number. When the atom number increases to 50, PSNRwould tend to be smooth and has
little oscillation. The relative change between two adjacent iterations, shown in Fig. 3(b),
drops quickly when the iteration starts. With the iteration progresses, the relative change
descends slowly and almost tends to be stable after 50 iterations. Therefore, we can draw
such a conclusion that the number of optimal atoms of OMP algorithm could be set as
K = 50 with good reconstruction performance.
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Fig. 2. Original 50th images of four datasets. (a) Cuprite1; (b) Cuprite2; (c) Indian Pines; (d)
Pavia University.

4.3 Parameter Selection for ICPSO

In the implementation process of proposed ICPSO algorithm, the maximum evolution
algebra T , the population sizeQ and the optimal atom numberK would have significance
on the performance. In this part, experiments on the 50th band images using ICPSO
with different parameters are presented. The maximum evolution algebra T and the
population size Q are varied from 5 to 50 at the interval of 5. The optimal atom number
K is varied from 10 to 100 at the interval of 10. In addition, the clone constant C and
mutation probability Pm are set as C = 15 and Pm = 0.2. The reconstructed images are
represented by the optimal K atoms. Considering the randomness of ICPSO algorithm,
the simulation would run 10 times under the same parameter to obtain the average value.
The PSNR changes with different parameters for Cuprite1 and Indian Pines are shown
in Fig. 4 and Fig. 5, respectively.

When the optimal atom number K is fixed at 100, the PSNR changes with maximum
evolution algebra T and population size Q is shown in Fig. 4(a). Seen from the figure,
when themaximumevolution algebraT increases, the variationofPSNR is not obviously,
whereas the variation of PSNR with increasing of population size Q is more significant.
When the population size reaches 30, the PSNR tends stable. Through this comparison,
we can say that population size has more importance on the PSNR than that of maximum
evolution algebra.

When the population size Q is fixed at 30, the PSNR changes with the maximum
evolution algebra T and optimal atom number K is shown in Fig. 4(b). With the increase
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Fig. 3. The PSNR and relative change with different atom number for four band images using
OMP. (a) PSNR; (b) Relative change.

of optimal atom number, the reconstructed PSNR would gradually be improved. How-
ever, the maximum evolution algebra has little effect on the PSNR. The result can further
confirm the truth that the maximum evolution algebra has little effect of on reconstructed
PSNR.

To further analyze the impact of maximum evolution algebra on PSNR, the results
of maximum evolution algebra varied from 1 to 5 is given in Fig. 4(c). The optimal
atom number is 100 and the PSNR is changed with population size. Seen from these
curves, the effect of evolution algebra on PSNR is really very weak. Particularly, when
the population size is greater than 30, several curves are cross together. This could further
verify that we can set the parameter T to the lowest level without loss of reconstruction
performance.

The analysis of Fig. 5 is similarwith that of Fig. 4, therefore,we candrawa conclusion
that the optimal atom number has the largest influence on the reconstructed PSNR,
followed by population size, and the maximum evolution algebra has the smallest. We
can also find that when population size is greater than 30, the PSNR has little increase.



604 L. Wang et al.

Even if maximum evolution algebra is as low as 1, the proposed ICPSO could achieve
good performance when population size is greater than 30. The other two hyperspectral
images have the similar results and are able to reach the same conclusion. Based on these
experimental results, we set the maximum evolution algebra T = 1 and Q = 30 in the
proposed ICPSO algorithm.

After the population size and maximum evolution algebra are determined, exper-
iments are carried out on four hyperspectral images to determine the optimal atoms
number in proposed ICPSO. Results on the 50th band images using proposed ICPSO
with different optimal atom numberK are presented. The optimal atom number is varied
from 10 to 100 at the interval of 10. The reconstructed images are represented by the
optimal K atoms. The SSIM and relative change between two iterations are shown in
Fig. 6. With the increase of the atom number, the reconstructed SSIM is increasing as
well, whereas the relative change decreases. Due to the uncertainty of evolution algo-
rithm, the SSIM and relative change are not a smooth process. However, with the help
of the three immune cloning operators, the proposed ICPSO still converges quickly and
finally tends stable. Thence, the optimal atom number in ICPSO is set as K = 100 in
the following experiments.

4.4 Comparison Between OMP and ICPSO

In this subsection, the comparison between standard OMP algorithm and the proposed
ICPSO algorithm is presented. The four hyperspectral datasets are sparse represented
using the optimal atoms searched by OMP and ICPSO, respectively. The reconstructed
PSNR, SSIM and computation time are used to evaluate the performance. The optimal
atom number in OMP is K = 50. The parameters in ICPSO are Q = 30, T = 1 and
K = 100.

The PSNR, SSIM and runtime (the three parameters are averaged on all bands) are
shown in Table 1. Seen from the table, the PSNR of proposed ICPSO is about 1–2 dB
higher than that of OMP. Moreover, the SSIM of two algorithms could both reach 0.97
or higher, which demonstrates that the optimal atoms searched by the two algorithms
could describe the structure of the images very well. This fully states that by searching
optimal atoms using the biological evolutionmanner, the proposed ICPSO could achieve
better reconstruction accuracy than that of OMP. The immune cloning operators, which
maintain the diversity of population, allow the algorithm converging to a good optimal
solution.

The computation efficiency of these two algorithms is analyzed. The runtime shown
in Table 1 is the average computation time consumed by one band. The OMP algorithm
needs to traversal all the atoms in the redundant dictionary to find one optimal atom. In
our experiments, the atoms in the Gabor dictionary are 119756 when the signal length is
256. Therefore, the OMP algorithm needs to complete 5987800 inner product operators
to find 50 atoms. Whereas in the proposed ICPSO algorithm, in its iteration, it needs to
complete immune cloning, cloning mutation, cloning selection and updating operator of
30 particles. Although the proposed ICPSO requires 100 iterations, the evolution process
of ICPSO is still faster than that of OMP.

The comparison between the reconstructed image and the original image using OMP
and proposed ICPSOare shown in Fig. 7 andFig. 8. The 50th band results ofCuprite2 and
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Fig. 4. The PSNR changes with different parameters for Cuprite1. (a) PSNR changes with evolu-
tion algebra and population size with optimal atom number fixed at 100; (b) PSNR changes with
evolution algebra and optimal atom number with population size fixed at 30; (c) PSNR changes
with population size, when optimal atom number is fixed at 100.
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Fig. 5. The PSNR changes with different parameters for Indian Pines. (a) PSNR changes with
evolution algebra and population size with optimal atom number fixed at 100; (b) PSNR changes
with evolution algebra and optimal atom number with population size fixed at 30; (c) PSNR
changes with population size, when optimal atom number is fixed at 100.
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Fig. 6. The SSIM and relative change with different atom number for four band images using
ICPSO. (a) SSIM; (b) Relative change.

Table 1. Comparison between OMP and proposed ICPSO.

Hyperspectral datasets Algorithm PSNR/dB SSIM Runtime/s

Cuprite1 OMP 40.2079 0.9792 372.81

ICPSO 41.9437 0.9870 108.17

Cuprite2 OMP 39.6879 0.9722 379.93

ICPSO 41.8877 0.9842 125.05

Indian Pines OMP 31.8922 0.9787 93.47

ICPSO 32.8223 0.9836 26.57

Pavia University OMP 39.0706 0.9717 375.68

ICPSO 40.0297 0.9778 113.21
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Pavia University are given here. Objectively speaking, the PSNRof ICPSO is higher than
that of OMP. From the naked eye, the difference between the two reconstructed images
and the original image is very small. This fully demonstrates that the atoms searched by
ICPSO can represent the original images effectively. Compared with OMP, the proposed
ICPSO could improve the reconstruction accuracy as well as the computation efficiency.

Fig. 7. The 50th band image comparison of Cuprite2. (a) Original image, (b) reconstructed image
using OMP, PSNR = 33.5874 dB, and (c) reconstructed image using proposed ICPSO, PSNR =
34.6696 dB.

Fig. 8. The 50th band image comparison of PaviaUniversity. (a)Original image, (b) reconstructed
image using OMP, PSNR = 39.6655 dB, and (c) reconstructed image using proposed ICPSO,
PSNR = 40.1998 dB.

5 Conclusion

Combining immune cloning and evolutionary theory, an immune clone particle swarm
optimization algorithm (ICPSO) for sparse representation of hyperspectral images is
proposed. Based on the OMP algorithm, particle position and velocity updating is used
to simulate the process of searching optimal atoms. The idea of immune cloning is intro-
duced, with immune cloning, cloning mutation, and cloning selection operators on the
particle population, to prompt the particle population converging quickly to the optimal
solution. We discussed the effects of optimal atoms number, population size and max-
imum evolutionary algebra on the performance of the algorithm through experiments,
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and determined the parameters for OMP and ICPSO. The reconstructed images are
represented by the optimal atoms searched by OMP and ICPSO, reconstructed PSNR,
SSIM and runtime are compared. The results carried on four hyperspectral datasets could
demonstrate that the proposed ICPSO could find the optimal atoms to sparse represent
the original images. Compared with OMP algorithm, the proposed ICPSO has 1–2 dB
higher PSNR and SSIM than that of OMP, whereas consume less time. In summary,
ICPSO algorithm could improve the reconstruction accuracy as well as computation
efficiency for sparse representation of hyperspectral images.
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