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Abstract
Cognitively inspired swarm intelligence algorithms (SIAs) have attracted much attention in the research area of clustering since it
can give machine the ability of self-learning to achieve better classification results. Recently, the SIA-based multi-objective
optimization (MOO) methods have shown their superiorities in data clustering. However, their performances are limited when
applying to the clustering of remote sensing imagery (RSI). To construct an excellent MOO-based clustering method, this paper
presents a social recognition-based multi-objective gravitational search algorithm (SMGSA) to achieve simultaneous optimiza-
tion of two conflicting cluster validity indices, i.e., the Xie-Beni (XB) index and the Jm index. In the SMGSA, searching particles
not only are guided by those elite particles stored in an external archive by the gravitational force but also learn from the social
recognition of the whole population through the position difference. SMGSA thereby formed with outstanding exploitation
ability. Comparison experiments on two public RSI data sets, including a moderate aerial image and a hyperspectral, validated
that the MOO-based clustering methods could obtain more accurate results than the single validity index-based method.
Moreover, the SMGSA-based method can achieve superior results than that of the multi-objective gravitational search algorithm
without social recognition ability. The proposed SMGSA performs favorable balance between the two conflicting cluster validity
indices and achieves preferable classification for the RSI. In addition, this study indicates that the swarm intelligence-based
cognitive computing is potential for the intelligent interpretation and understanding of complicated remote sensing scene.

Keywords Social recognition . Swarm intelligence . Multi-objective optimization (MOO) . Gravitational search algorithm
(GSA) . Remote sensing image classification

Introduction

Clustering is a kind of unsupervised classification method that
partitions a given data set into established groups without any
expert knowledge. The traditional clustering method focuses

on quantitative and deterministic computing technology from
a statistical pattern recognition perspective, but it is not good
at solving the imprecise and uncertain problems [1]. In con-
trast, cognitive computing is a new data-centric computing
model which enables self-learning of the computer
(algorithms) to achieve improved flexibility to the uncertainty
of complex problems [2].

Cognitively inspired swarm intelligence algorithms (SIAs)
have attracted wide attention in data clustering andmany other
scientific and engineering fields [3–6]. In the SIAs, particles
usually make decisions according to their own experience or
the elite’s suggestions. Moreover, the stochastic mechanism is
introduced to all the SIAs to promote their optimization capa-
bility [7]. Nevertheless, the SIA-based clustering encounters
unavoidable difficulty when applied to analysis of the com-
plex remote sensing imagery (RSI).

One crucial issue is the definition of the objective function
in the SIA-based clustering method. In most of the previous
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researches, the clustering is realized by the iteratively optimi-
zation of some validity indices (called objective function in
the SIA-based method) [8]. The essence of a clustering valid-
ity index is to evolve a partition matrix of the input RSI by
optimizing a certain objective function, such as minimization
of overall deviation (intra-cluster spread of data), maximiza-
tion of connectivity (inter-cluster connectivity), minimization
of the number of features, or minimization of the error rate of
the classifier [9]. That is to say, the objective function to be
optimized in the RSI clustering method is a key factor in the
whole SIA-based clustering method.

Various validity indices are proposed from different per-
spectives, which can capture a specific structure of the remote
sensing image. Effective clustering can be achieved if there is
a good match between the estimated remote sensing image
structure and the real one, which is unknown in practice
[10]. Hence, there may be no single objective function that
can perform well on complex remote sensing images with
different structures. Thus, in order to enhance the generaliza-
tion, SIA-based joint optimization of two or more cluster va-
lidity indices has become a new intend to combine their ad-
vantages for the effective clustering of RSI [11]. This in es-
sence belongs to the problem of multi-objective optimization
(MOO), in which a set of Pareto-optimal solutions is usually
produced instead of a single optimal solution [12].

Classical methods for solving MOO problems include the
weighted aggregationmethod and the ε-constraint method. The
former usually takes MOO problems as a single-objective op-
timization (SOO) problem that can be solved using nonlinear
optimization methods [13]. The latter commonly selects one
objective as the optimized one and trades the others as the
constraint conditions of the SOO problem. However, these
methods can hardly obtain the whole Pareto-optimal solutions
in a single run due to the difficulty in tuning the weights and the
constrained parameters [14]. Unlike the traditional mathemati-
cal programming methods, the nature-inspired algorithms
(NAs) attempt to find multiple Pareto-optimal solutions in a
single simulation run [11]. Many NAs, such as particle swarm
optimization (PSO) [12], genetic algorithm (GSA) [13–15],
artificial bee colony (ABC) [3], evolutionary algorithm (EA)
[16], and chemical reaction optimization (CRO) [4], have been
extended to solve the MOO problems.

The existing MOO algorithms can be classified into three
categories, i.e., the Pareto-based approaches [12, 15, 17], the
indicator-based approaches [18, 19], and the decomposition-
based method [20, 21]. The Pareto-based approaches, which
incorporate the Pareto optimality into the individual update
process, are the most popular ones. In this category of MOO
algorithms, cooperation of the Pareto dominance and diversi-
ty maintain operators are crucial for the leader selection and
population evolution. For example, in the fast and elitist multi-
objective genetic algorithm (NSGA-II) [15], a non-dominated
sorting method is proposed to find dominant states of

individuals while a crowding distance method is developed
for estimating their density while maintaining the diversity
of solutions. The non-dominated solutions with a larger
crowding distance are more likely to be selected as leaders
to direct the cognitive learning of other particles. Recently,
some Pareto-based approaches have been successfully applied
to the clustering of RSI. Nevertheless, the inherent search
ability of the NAs still plays a key role in the optimization
of MOO problems, which is also confirmed by the MOO-
based RSI clustering [9, 10, 22–26].

The most prominent problem is that many MOO algo-
rithms suffer from premature problems. In [22], two fuzzy
clustering validity indices were incorporated into the NSGA-
II as the fuzzy clustering methods can be severely affected by
the presence of mixed pixels [10]. However, due to the evo-
lutionary algorithm that always overemphasizes on the global
search and appears lack of the local search capability, the
NSGA-II-based clustering is hard to attain promising solu-
tions and produce the more accurate classification results.
Different from the evolutionary algorithm, the memetic algo-
rithm has both the global and local search capabilities.
However, when applying to the complex problem, balance
between the global search and local search is still a challeng-
ing problem in memetic algorithms. Various methods have
been attempted to construct the adaptive multi-objective
memetic algorithm for better RSI clustering [10, 27].

Gravitational search algorithm (GSA) is a recently proposed
swarm intelligence algorithm motivated from Newtonian laws
of gravity andmotion [28]. In GSA, particles search the optimal
solutions following the elites based on social cognitive sci-
ences. Since its presentation, GSA has been found to be a very
effective method in solving SOO problems [29–32]. Moreover,
GSA has also been adopted for solving MOO problems. For
example, Hassanzadeh et al. [33] proposed a multi-objective
GSA in which an external archive was used to store the non-
dominated solutions as in simple multi-objective PSO.
Nobahari et al. [34, 35] presented a non-dominated sorting
GSAwith the non-dominated sorting concept. Multi-objective
GSA also has been analyzed and utilized to the classification of
RSI in our previous works [36, 37], where GSA strives for
balance between exploration and exploitation by the adaptive
adjustment of neighborhood. However, because GSA cannot
maintain and utilize the social recognition of the population
(Gb) in the search process, the basic GSA inclines to confront
weak exploitation when handling complex problems [30, 38].
The increasing complexity of the RSIs also desires progressive-
ly more effective MOO methods.

Accordingly, in this paper, the direct attraction of Gb is
incorporated to present a social recognition-based multi-ob-
jective GSA (SMGSA) to achieve better clustering of RSIs.
Specifically, the velocity and position of each particle in
SMGSA are updated based on the global best memory infor-
mation associated with the Gb and the gravitational rules of
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basic GSA. Then the SMGSA is introduced to realize simul-
taneous optimization of two widely used cluster validity mea-
sures: the Xie-Beni (XB) index [39] and the fuzzy C-means
(FCM) (Jm) measure [40].

The remainder of this paper is organized as follows:
theBMulti-objective Optimization and Basic GSA^ section
first briefly describes the formulation of MOO problem and
the framework of basic GSA. In the BSMGSA-Based
Clustering for Remote Sensing Image^ section, details of the
proposed SMGSA-based clustering algorithm for RSI are in-
troduced. The experimental setup and results are included in
the BExperimental Results and Analysis^ section. Finally, the
paper is concluded in the BConclusions^ section.

Multi-objective Optimization and Basic GSA

Multi-objective Optimization

Solving a MOO problem requires the simultaneous optimiza-
tion of a number of different and conflicting objects [41]. The
general minimization problem of M objectives can be mathe-
matically stated as:

minimize : f xð Þ ¼ f i xð Þ; i ¼ 1; 2;…;M½ �
subject to the constraints : g j xð Þ≤0; j ¼ 1; 2;…; J

�
ð1Þ

where x = [x1, x2,…xD], D represents the dimension of the
decision variable space. fi(x) is the ith objective function for
aMOO problem, and gj(x) is the jth inequality constraint and J
is the total number of constraints. The aim of the MOO is to
find acceptable x so that f(x) is optimized.

For a given MOO problem, there may exist many accept-
able solutions. A few relevant definitions are defined as
follows:

Definition 1 (Pareto dominance) [42]: A vector u = [u1,
u2,…, uM] is said to dominate v = [v1, v2,…, vM] (denot-
ed by u ≻ v) if and only if u is partially less than v, i.e.,
∀i ∈ {1, 2,…,M}, ui ≤ vi ∧ ∃ i ∈ {1, 2,…,M} : ui < vi.
Definition 2 (Pareto optimality) [42]: A solution x ∈Ω is
said to be Pareto optimal with respect to Ω (Ω is the
feasible region, Ω ⊂ S, where S represents the whole
search space) if and only if there is no x′ ∈Ω for which
v = f(x′) = (f1(x

′),…, fM(x
′)) dominates u = f(x′) = (f1(x

′),
…, fM(x

′)).
Definition 3 (Pareto front) [10]: x is said to be a non-
dominated solution, or a Pareto-optimal solution, if
x ∈Ω and there are no others that dominate x in Ω. The
set of all Pareto-optimal solutions is the Pareto-optimal
set (PS), and its mapping in the objective space is the
Pareto-optimal front (PF) as shown in Fig. 1.

Fuzzy Clustering

In the fuzzy clustering method, the main objective is to evolve
a partition matrix U(P) of the given data set P = {P1, P2, …,
PN} with K clusters Z = {Z1,…, ZK}. The size of the partition
matrix is K×N and the U(P) can be represented as U = [ukj]
where ∑N

j¼1ukj≥1, (for k = 1, 2,…, K), ∑K
k¼1ukj ¼ 1, (j = 1, 2,

…, N), ∑K
k¼1∑

n
j¼1ukj ¼ N .

The Jm measure is the validity measure of fuzzy C-means
(FCM). It calculates the global cluster variance, i.e., the within
cluster variance summed up over all the clusters as shown in
Eq. (2). The Jm needs to be minimized and lower value of Jm
indicates better compactness of clusters.

Jm ¼ ∑N
k¼1∑

C
i¼1u

m
ik Pk−zik k2 ð2Þ

w h e r e zi ¼ ∑N
k¼1u

m
ikPk

∑N
k¼1u

m
ik

a n d uik ¼ 1=∑C
j¼1 Pk−zik kð

= Pk−z j
�� ��Þ 2

m−1 , and m is the fuzzy exponent which is set to 2

in this paper.
The XB index is defined as a function of the ratio of the

total variation to the minimum separation of the clusters. As
shown in Eq. (3), XB is a combination of global (numerator)
and particular (denominator) situations. If the clustering of a
RSI is compact and good, the XB is shown as a lower value. In
other words, the objective of the XB index-based clustering is
to minimize the value of XB for achieving proper clustering.

XB ¼ ∑N
k¼1∑

C
i¼1u

m
ik Pk−zik k2

N ⋅min
C

i≠ j
zi−z j

�� �� ð3Þ

where m is the fuzzy exponent which is set to 2 in this paper.

Basic GSA

In the processing of GSA, each particle Xi = [xi1, xi2,…xiD]
(i = {1, 2,…, NP}) is defined as a mass object moves through
the D-dimensional search space with a velocity Vi = [vi1, vi2,
…, viD]. The velocity of each particle is initialized to zeros and
updated relies on the gravitational forces exerted by its neigh-
bors follows the law of gravity [28]. According to the law of
gravity, the gravitational force between two particles is

Fig. 1 Illustration of the Pareto front in MOO problem
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directly proportional to their masses and inversely proportion-
al to their distance. Therefore, we can found that with the
gravitational force, the lighter mass will be attracted and
moves to the heavier ones. For a population with NP particles
in GSA, all the particles will move towards those particles that
have heavier masses, and ultimately realize the convergence
of all particles [28].

Because the mass of particle performs very important role
in the processing of GSA, the masses of particles are calculat-
ed from their fitness values as follows:

nmfitti ¼
fitti−worstt

bestt−worstt
ð4Þ

Massti ¼
nmfitti
∑N

j¼1fit
t
j

ð5Þ

where t is the current iteration, fitti is the fitness value of the
particle i at current time, Massti represents the mass of particle
i, worstti, and best

t
i denotes the worst and best fitness values of

a population in the current time. For a maximization problem,
worstti and bestti are defined by:

worstt ¼ min
j∈ 1;2;…;Nf g

fittj ð6Þ

bestt ¼ min
j∈ 1;2;…;Nf g

fittj ð7Þ

For a minimum problem, the definition of worstti and bestti
is the other way round.

For the gravitational force, the force acting on the particle i
from the particle j in each dimension d at the tth iteration is
calculated follows:

Ft
id;jd ¼ Gt Massti �Masstj

Rt
ij þ ε

xtjd−x
t
id

� �
ð8Þ

where Massti and Masstj are the masses of the particles i and j

in the current iteration; Rt
ij is the Euclidian distance between

the particles i and j in iteration t; ε is a small positive constant,
which is defined as 10−6 in this paper; xtid and x

t
jd represent the

position of the ith and jth particles in the dth dimension in
iteration t; Gt is a decreasing gravitational constant for con-
trolling the search accuracy, which is defined as

Gt ¼ G0 � exp −α� t
Tmax

� �
ð9Þ

where G0 is the initial value of gravitational constant, α is a
decrease coefficient, t is the current iteration, and Tmax is the
maximum number of iterations. In the basic GSA, the G0 and
α are set to 20 and 100, respectively.

Generally, in the iteration t, the total gravitational force acts
on the particle i in the dth dimension, Ft

id, should be the sum

of all the gravitational forces exerted from other N-1 particles.
In the basic GSA, to promote the balance between exploration
and exploitation as well as give a stochastic characteristic to
GSA, the Ft

id is defined as the randomly weighted sum of the
forces exerted from Kbest particles as given below:

Ft
id ¼ ∑NP

j∈Kbest; j≠irand j⋅Ft
id;jd ð10Þ

where randj represents a random number between interval [0, 1],
Kbest is an archive stores the particles ranked in the firstK position
after fitness sorting in each iteration, and the value of K is initial-
ized as NP in the beginning and linearly decreased with time
down to one. Obviously, with the Kbest model, each particle
attracted by less and less particles in the iterations. That is, the
exploration fades out while the exploitation fades in as time goes
by. Finally, all the particles tend to refine the local area around the
global best particle. This operation plays a crucial role in the
balance of exploration and exploitation in basic GSA.

Following the obtained gravitational force and the law of
motion, the acceleration of the particle i in the dth dimension
at iteration t, atid , can be obtained by

atid ¼
Ft
id

Massti
ð11Þ

Therefore, based on the obtained acceleration, the velocity
and the position of the particle i in iteration t can be updated as
follows:

vtþ1
id ¼ randi � vtid þ atid ð12Þ
xtþ1
id ¼ xtid þ vtþ1

id ð13Þ

where randi is a uniform random variable in the interval [0, 1].

SMGSA-Based Clustering for Remote Sensing
Image

In this paper, a SMGSA-based clustering algorithm for remote
sensing image is proposed. In this method, the proposed
SMGSA is adapted as the MOO algorithms for simultaneous
optimization of the XB and Jm indices. The whole process of
the multi-objective clustering algorithm is shown in Fig. 2.
Accordingly, the SMGSA-based clustering method is a
three-step routine: (1) cluster initialization, (2) SMGSA-
based cluster updating, and (3) image clustering. The details
of each step are given in the following subsections.

Cluster Initialization

In this section, we initialize a population X = [X1, X2, …,
XNpop] with Npop particles in a D×K-dimensional search
space. Where the D is the bands or size of the feature space
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and K is the number of clusters. That is, each particle Xi de-
notes a candidate cluster of an input RSI, and the Xi is defined
as Xi = [Xi1, Xi2,…, XiD ×K]. The value of each dimension of
the particleXi is randomly generated in the feature space of the
RSI. In addition, note that the velocity of each particle is
initialized as zeros. An illustration of the cluster initialization
is given in Fig. 3.

SMGSA-Based Cluster Updating

After the initialization, SMGSA is applied to update the can-
didate clusters and search for the Pareto-optimal solutions by
minimizing the Jm and XB indices. Flowchart of the SMGSA-
based cluster updating operator is shown in Fig. 4 and the
details are given in the following steps.

Step 1: Calculation of the objective function

In this paper, the objective function is defined as

min f Xð Þ ¼ f 1 Xð Þ; f 2 Xð Þ½ � ¼ Jm;XB½ � ð14Þ

Details of functions Jm and XB are introduced in Eqs. (2)
and (3). Therefore, we can obtain two fitness values for each
particle.

Step 2: Storage of the non-dominated solutions

Firstly, take comparison the fitness values of the Npop par-
ticles and store the position of all the non-dominated solutions
to an external archive EXAwith a size equals NEXA. Then, we
insert all of the currently non-dominated particles into the
external archive and remove any dominated particles from
the external archive.

Step 3: Generation of hypercubes and assignment of sharing
fitness

Following the description in [6], we first generate hyper-
cubes of the search space explored so far, and locate the par-
ticles using these hypercubes as a coordinate system where
each particle’s coordinates are defined according to the values
of its objective functions. Then, those hypercubes containing

more than one particle are assigned a fitness value equal to the
result of dividing any number num > 1 (we used num = 10 in
our experiments) by the number of particles that they contain.
This can be seen as a form of fitness sharing. As a result, any
hypercube that contains less particles is assigned a smaller
fitness values and regarded as with lower density. If external
archive reaches the size limitation, particles located in highly
populated grids are removed until the size of the external
archive satisfies the maximum allowable capacity.

Step 4: Selection of Gb particle

After the assignment of the sharing fitness, we apply
roulette-wheel selection using these fitness values to select
the hypercube from which we will take the corresponding
particle. Therefore, hypercube contains less particle, i.e., with
lower density is more likely be selected. Once the hypercube
has been selected, we select randomly a particle within such
hypercube as the Gb particle.

Step 5: Calculation of acceleration of each particle

In this paper, acceleration of each population particle is
attracted by the Kbest non-dominated solutions stored in
EXA. Following Eqs. (9) and (10), we need to calculate the
mass of each particle firstly. Because the mass is obtained
from the fitness value of particles as shown in Eqs. (4–7),
we calculate the mass of each non-dominated solution based
on the sharing fitness produced in Eq. (3).

Then, Kbest non-dominated solutions are selected to exert
gravitational force to guide the search behavior of population
particles and the acceleration of each population particle can
be obtained following Eq. (10). Note that the mass of each
population particle is set to unit value and the gravitational

Fig. 3 Example of cluster initialization

Fig. 2 Flowchart of the SMGSA-based clustering
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constant is calculated following Eq. (11). It is the most impor-
tant issues in the unembossed problems.

Step 6: Updating of each candidate cluster

In SMGSA, as shown in Eq. (15), each particle updates its
velocity by learning from theGb particle according to position
difference and the elite particles stored in Kbest follows accel-
eration. Then the position of each particle can be updated
follows Eq. (16):

vtþ1
id ¼ r1 � vtid þ r2⋅ xtid−Gb

t
d

� 	þ r3⋅atid ð15Þ
xtþ1
id ¼ xtid þ vtþ1

id ð16Þ

where r1, r2, and r3 are uniform random variables in the inter-
val [0, 1]. That is, each candidate cluster is updated based on
the SMGSA.

Step 7: Usage of mutation operator

GSA has very high convergence speed. However, such
convergence speed may be harmful in the context of multi-
objective optimization, because a GSA-based algorithm may

converge to a false Pareto front (i.e., the equivalent of a local
optimum in global optimization). Thereby, a uniformmutation
operator is applied to all the population particles to promote
the exploration capability of the proposed SMGSA algorithm.

Fig. 4 Flowchart of the SMGSA-
based cluster updating operator

(a) Original image (b) Sample image of FLC image

Fig. 5 FLC image. a Original
image. b Sample image of FLC
image
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Step 8: Stopping criterion

The population X keeps iterative evolution until the stop-
ping criterion reached. In this study, the stopping criterion is
the maximum number of fitness evaluations (FEs) which is set
to 5000. Finally, a set of non-dominated solutions, i.e., a set of
candidate clusters centers are obtained.

Image Clustering

From the above sections, NEXA set of classification results of the
tested RSI are produced and users can pick up the most promis-
ing one according to their problem requirements. A PMB index
[43] is adopted in this paper as a third-party index to select the
most appropriate classification result of users. Accordingly, the
resultant image clustering results can be outputted.

PMB ¼ 1

K
� E1

EK
� DK

� �2

;Ek

¼ ∑K
p¼1∑

Np

j¼1 x j−zp
�� ��;DK ¼ maxKi; j¼1 zi−z j

�� �� ð17Þ

Experimental Results and Analysis

To validate the proposed SMGSA-based clustering algorithm
for RSI classification, the original Jm- and XB-based clustering

methods, and the NSGSA-based clustering are utilized to per-
form compared band selection on two public remote sensing
images, i.e., the BPLC image^ and the BWashington DC
image^. Both the images can be downloaded from https://
engineering.purdue.edu/~biehl/MultiSpec/hyperspectral.
html. To perform a fair assessment, for the four algorithms, the
population size (Npop) and the external archive size (NEXA) are
both set to 100. For Jm and XB, the fuzzy exponent is set to 2.
For NSGSA, as suggested in the original paper [35], the
reordering and sign mutation probabilities (Pr and Ps) are set
to 0.4 and 0.9, respectively. The percent of elitism (Pelitism) is
set to 0.5; the initial and final values of inertial coefficient (w0

and w1) are set to 0.9 and 0.5, respectively. The coefficient of
search interval (β) is set to 2.5. For SMGSA, the number of
adaptive grid (Ngrid) is set to 30. The initial gravitational
constant and decrease coefficient (G0 and α) are set to 20
and 100, respectively. All the algorithms were implemented
using MATLAB R2017b and executed on a computer with
Intel(R) Core™ i3-6100 CPU with 3.70 GHz CPU and
8 GB RAM. In addition, to decrease the influence of
randomicity, all the three compared algorithms perform 10
independent runs on each of the data site.

Data Description

FLC Image The FLC image is built by aircraft scanner Flightline
C1 in portion of southern Tippecanoe County, Indiana, in 1996.
The scanner contains 12 moderate resolution spectral bands. The

(a) Original image (b) Sampleimage of Washington DC image

Fig. 6 Washington DC image. a
Original image. b Sample image
of Washington DC image

(a) Jm (b) XB (c) NSGSA (d) SMGSA

Fig. 7 FLC image and the clustering results. a Jm. b XB. c NSGSA. d SMGSA
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pseudo-color image with 90 × 100 pixels composed by bands 27
(R), 50 (G), and 127 (B) is shown in Fig. 5a. Figure 5b is a
ground reference image that contains four different classes.

Washington DC Image The Washington DC image is acquired
by the HYDICE (hyperspectral digital imagery collection ex-
periment) sensor during a flight campaign over Washington
DC mall, America. Washington DC image is 250 × 250 pixels
with 103 spectral bands. The pseudo-color image composed by
bands 79(R), 40 (G), and 4(B) is shown in Fig. 6a. Figure 6b is
a ground reference image that contains five different classes.

Experimental Results

Apart from the qualitative comparison of the clustering results
produced by the four tested clustering algorithms, we also
give the quantitative comparison on the basis of the overall
classification accuracy (OA) and the kappa coefficient
(kappa). For the two tested images, the clustering results are
presented in Figs. 7 and 8, respectively. The corresponding
OA and Kappa are reported in Table 1.

From Fig. 7, we can see that the clustering results of Jm and
XB are approximate. Similarly, NSGSA and SMGSAobtained
the competitive clustering results. Moreover, the two MOO-
based clustering methods show much better results than Jm-
and XB-based method, especially in the distinguish of red
clover and corn (as the yellow rectangle indicated). This

may be due to the simultaneous optimization of different in-
dices that makes the clustering algorithm character in the FLC
image more accurate. Furthermore, the OA and Kappa listed
in Table 1 also confirm the superiority of NSGSA- and
SMGSA-based methods. In addition, from Table 1, we can
conclude that although the clustering image of NSGSA and
SMGSA are similar, SMGSA in reality performs better clus-
tering than NSGSA in the FLC image.

For the Washington DC image, although the clustering im-
ages of NSGSA and SMGSA also looks like each other, as
shown in Fig. 8, the MOO-based algorithms exhibits much
better clustering results than those of Jm- and XB-based
methods. Especially, in the identification of the trees (bottle-
green in Fig. 8), theMOO-based algorithms showmuch better
capability. Moreover, the confusion of water and road, as well
as the confusion of grass and bare soil (as the yellow rectangle
indicated) in the results of MOO-based algorithms are much
less than that of the single validity-based algorithms as shown
in Fig. 8. Furthermore, the SMGSA-basedmethod has the best
identification performance for the road, especially for the
highlighting road as indicated by the black rectangles in
Fig. 8. This may come from the cooperation of the Gb parti-
cles and the other non-dominated particles that have enhance
the exploitation ability of NMPGSA. In addition, the quanti-
tative comparison results listed in Table 1 also shows that the
MOO-based clustering methods can produce better classifica-
tion results than that of the single validity index-based meth-
od, and the SMGSA-based method can yield more accurate
classification than the SMGSA.

Conclusions

Traditional clustering method is focusing on deterministic
computing technology from a statistical pattern recognition
perspective, but it is not good at solving the clustering of
remote sensing imagery which has serious uncertainty caused
by the mixed pixels. The cognitive computing, especially the
cognitively inspired swarm intelligence algorithms, can give
machine the ability of self-learning to achieve better flexibility
to the uncertainty of complex problems.

J XB m

Fig. 8 Washington DC image and the clustering results. a Jm. b XB. c NSGSA. d SMGSA

Table 1 Classification results of the two tested images

Images Methods OA (%) Kappa

FLC image Jm 86.64 84.21

XB 87.53 83.80

NSGSA 89.75 91.83

SMGSA 90.22 92.44

Washington DC image Jm 89.33 85.54

XB 89.72 85.15

NSGSA 92.34 89.09

SMGSA 93.26 90.47

Note that the best result in each column is in italics
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This paper presented a novel cognitively inspired algorithm,
namely the social recognition-based multi-objective gravita-
tional search algorithm (SMGSA), for the optimal clustering
of remote sensing imagery. In SMGSA, each particles search
for the non-dominated solutions by learning from two kinds of
leaders: (1) the elite particles stored in the Kbest and (2) the
social recognition, i.e., the global best memory of the popula-
tion. The former exerted guidance to a particle by the gravita-
tional forces while the latter attracted the particle directly.
Cooperation of these two kinds of leaders effectively promotes
the search ability of SMGSA. Especially theGb particle makes
the algorithm pay more attention to the refined recognition and
exploitation around the promising areas. When extending
SMGSA for image clustering, the SMGSA is utilized to simul-
taneously optimize the XB index and the Jm index.
Optimization of the two validity indices can capture the data
characteristics of remote sensing imagery better than the single
validity index, and thereby achieve better clustering results.

We conducted experiments with two remote sensing imag-
eries to validate the effectiveness of the proposed method. The
obtained results are compared with those of the XB, Jm, and
NSGSA. The comparison results confirmed that the multi-
objective-based clustering methods could produce better clas-
sification results than that of the single validity index-based
method.Moreover, the SMGSA-basedmethod can yield more
accurate classification than the NSGSA. Note that because the
utilized objective functions are all unsupervised clustering in-
dices, neither the expert knowledge nor the spatial information
has been used in the proposed method. Therefore, the cluster-
ing results have many finely spots. In the future work, we will
focus on the construction of more effective objective functions
for more accurate classification of RSI.
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