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Abstract—In recent years, satellite formation
flying has become an increasingly hot topic for
both the astronomy and earth science communities due to its potential merits compared with
a single monolithic spacecraft system. This
paper proposes a novel approach based on
closed-loop brain storm optimization (CLBSO)
algorithms to address the optimal formation
reconfiguration of multiple satellites using twoimpulse control. The optimal satellite formation
reconfiguration is formulated as an optimization problem with the constraints of overall
fuel cost minimization, final configuration, and
collision avoidance. Three versions of CLBSOs
are developed by replacing the creating operator in basic brain storm optimization (BSO)
with closed-loop strategies, which facilitate
search characteristic capture and enhance the
optimization performance by taking advantage
of feedback information in the search process.
Numerical simulations are carried out using
particle swarm optimization (PSO), basic BSO,
and the three versions of CLBSOs. Comparison results show that all versions of CLBSOs
outperform PSO and the original BSO in
terms of final results and convergence speed. In
addition, CLBSO reduces the computation
burden and shortens CPU time to a certain
extent in contrast with basic BSO. Furthermore, among the three CLBSO algorithms, the
one using the strategy of difference with the best
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in [9] with considerable success to solve the
numerically difficult parameter optimization
problems in the reconfiguration problem. In
[10], an analytical fuel-optimal impulsive formation reconfiguration strategy in terms of
relative orbital elements was presented, where
the relative motion and orbit transfer conditions is re-parameterized in the form of relative orbit elements. Other control methods
have been studied in [11]–[15].
Swarm intelligence refers to the collective
behavior of decentralized, self-organized natural or artificial
systems [16]–[19], and has been attracting more and more
attentions from researchers in both theory fields and application fields [20]–[24]. During the past two decades, a lot of
swarm intelligence algorithms, which are inspired by swarm
intelligence of objects such as birds, ants, bees, etc., have been
proposed and studied, among which are PSO proposed by
Eberhart and Kennedy [25]–[28]and improved by Shi [29]–
[30], ant colony optimization (ACO) [31]–[32], and the artificial bee colony (ABC) algorithm [33]–[34]. However, these
swarm intelligence algorithms are based on the collective
behavior of simple objects. A novel swarm intelligence algorithm, brain storm optimization (BSO), was developed by Shi
in [35]–[36], which mimics the creative problem solving process in human beings by following such intelligent behaviors:
when human beings are faced with difficult problems that a
single person is incapable of solving, a group of persons from
different backgrounds are gathered together to brainstorm in
light of the four general rules outlined by Osborn [37]. A
modified BSO was studied in [38], where two novel designs
were proposed to improve the performance of the conventional BSO.
To enhance the existing technologies of optimal formation
reconfiguration of multiple satellites, this paper proposes a
novel closed-loop brain storm optimization (CLBSO) algorithm by incorporating feedback information into the creating
operator of the basic BSO algorithm. As the only swarm intelligence algorithm mimicking the creative problem solving process of human beings, BSO possesses great potential to be a
powerful and promising tool for solving optimization problems
in real world applications. However, the weighting coefficient
in the creating operator uses a fixed function and does not
make use of any feedback information, which may not guarantee a perfect balance between population exploration and
exploitation, thus providing room for development of a modified BSO algorithm. The objective of the current paper is first
to show the effectiveness and feasibility of the proposed
CLBSO algorithm in solving the optimization problem related
to multiple satellite formation reconfiguration with the constraints of overall fuel cost minimization, final geometry
requirement and collision avoidance, and second to compare its
performance with the PSO algorithm and the basic BSO algorithm. Simulations are carried out using three and five satellites
for different reconfiguration missions and results show that

In view of the limited lifetime of a satellite, the
range of spatial separation between satellites when
they move in space during reconfiguration, and the
geometry requirement of the space mission, it is
important to consider the problem with the three
constraints of overall fuel cost minimization, collision
avoidance and the final configuration.
gains the best overall performance, which is inspired by the
updating rule in PSO that each particle tends to move
towards the individual with the best fitness.

S

I. Introduction

atellite formation flying (SFF) is to place multiple satellites into nearby orbits forming a satellite cluster to
achieve a common mission and has been identified as an
enabling technology for many future missions of NASA
and U.S. Air Force [1]–[2]. In recent years, it has become an
increasingly significant research topic for both the astronomy
and earth science communities due to its well-known merits
compared with a single monolithic spacecraft system for the
same mission. By using a fleet of smaller satellites, SFF can
reduce the total mission costs, provide greater launch flexibility,
and offer a higher degree of system reliability and expandability
in case of a single vehicle failure or mission changes.
This paper addresses the optimal trajectory planning in
cooperative satellite formation reconfiguration, which refers to
the problem of simultaneously determining optimal maneuvers
for each satellite to reach a newly desired formation when an
old formation needs to be modified due to different formation
geometry requirements of different space missions. In view of
the limited lifetime of a satellite, the range of spatial separation
between satellites when they move in space during reconfiguration, and the geometry requirement of the space mission, it is
important to consider the problem with the three constraints
of overall fuel cost minimization, collision avoidance and the
final configuration [3]. This problem has been handled from the
perspective of convex optimization and several techniques have
been applied to obtain optimal control strategies for reconfiguration in the presence of other vehicles in literature. The
mixed-integer linear programming was applied to design fueloptimal trajectories considering collision avoidance and plume
impingement avoidance constraints in [4]. A direct optimization approach based on nonlinear programming was studied in
[5] for the path planning of a projected circular orbit configuration of multiple satellites. A general framework based on the
auction algorithm was developed in [6] to address the problem
of determining the optimal assignment for transferring onorbit satellites between different constellations such that the
total DV for the reconfiguration is minimized. A novel stochastic solver, particle swarm optimization (PSO) [7]–[8],
inspired by the random motion of bird’s food seeking, is used

40

IEEE Computational intelligence magazine | NOVEMBER 2013

y

z

1000

F
L

x

500
z/m

O
0
-500

CLBSO outperforms PSO and the basic BSO in terms of convergence speed and the final solution.
The rest of the paper is organized as follows. Section II presents the problem formulation of satellite reconfiguration based
on two-impulse control, where a description of the relative
motion model between two satellites is first given and the formation reconfiguration problem is formulated as a constrained
optimization problem. A brief review of the basic principles of
the brainstorming process in human beings and the BSO algorithm is provided in Section III. Section IV studies the proposed
CLBSO algorithm with different feedback strategies. Series of
comparative experimental results are given in Section V, followed by conclusions and future work in Section VI.
II. Problem Formulation

This section presents the relative motion dynamics describing
SFF and also two-impulse optimal control for solving the trajectory optimization problem of satellite formation reconfiguration.
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Figure 1 Coordinate system for relative motion.
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Figure 2 Two common formation configurations in space. (a) Circle
formation of satellites. (b) Elliptical formation of satellites.

A. Relative Motion Dynamics

Based on the relative motion dynamics, the satellites are modeled as mass points and the orientation of the satellites is not
considered. A rotating local-vertical-local-horizontal (LVLH)
frame is defined to describe the relative motion dynamics with
regard to the reference satellite, as shown in Fig. 1, where the
leader (the reference satellite) is represented by L and F is the
follower satellite. The LVLH frame is attached to the leader satellite L, where the x-axis is in the radial direction, the z-axis is
perpendicular to the orbiting plane and in the orbital angular
momentum direction, and the y-axis is in the along track
direction to form a right-hand coordinate system.
For the problem of interest in this paper, where the satellites
are in close proximity, compared with the distance to the earth,
the Clohessy-Wiltshire (CW) equation derived from the
LVLH system and Newton’s laws is chosen as the most common approximation to describe the relative motion dynamics
between neighboring satellites. The model is also called Hill’s
equation and expressed as [4]
xp = 2~yo + 3~ 2 x + u x
(1)
* yp =-2~xo + u y
zp =-~ 2 z + u z
where x, y, and z are the relative positions of the follower satellite F with respect to the reference satellite (i.e., the leader

satellite) L in the LVLH coordinate system, the parameter ~ is
the mean orbit angular velocity of the leader satellite L, and
u x, u y, and u z are control inputs in the x-axis, y-axis, and z-axis
directions. The corresponding state space model is
Xo = AX + BU ,(2)
where X = [x, y, z, xo , yo , zo ] T , U = [u x, u y, u z] T ,
R 0
S
S 0
S 0
A =S 2
S3~
S 0
S
T 0
R0 0
S
S0 0
S0 0
B =S
S1 0
S0 1
S
T0 0

1
0 0
0
0 0
0
0 0
0
0 0
0 0 -2~
0 -~ 2 0
0V
W
0W
0W
W.
0W
0W
W
1X

0
1
0
2~
0
0

0V
W
0W
1W
W,
0W
0W
W
0X

In the SFF, the thrust-free periodic trajectory resulting from
the solutions of the CW or Hill’s equation is expressed in
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Figure 3 Formation reconfiguration of satellites.

Eq. (3), which is often utilized to keep the formation configuration without additional control input once it is formed [4]
Z
2yo
yo
] x (t) = xo 0 sin (~t) + c - 3x 0 - 0 m cos (~t) + 2 c 2x 0 + 0 m
~
~
~
]
2yo 0
o0
]
2
x
] y (t) = 2 c 3x 0 + ~ m sin (~t) + ~ cos (~t)
(3)
[
o
]
- 3 (2~x 0 + yo 0) t + c y 0 - 2x 0 m
]
~
]
o0
z
] z (t) = n sin (~t) + z 0 cos (~t)
\
where X 0 = [x 0, y 0, z 0, xo 0, yo 0, zo 0] T represents the initial state of
relative motion at t 0 . The two commonly used formations are
shown in Fig. 2.
Theorem 1 [39]
The trajectory (See Eq. (3)) of the relative motion is a closed
ellipse, whose geometric center is (0, 0, 0), if the following initial condition holds
yo 0 =-2~x 0
'
(4)
y 0 = 2xo 0 /~
Theorem 2 [39]
The trajectory (See Eq. (3)) of the relative motion is a closed
circle, with its geometric center O = (0, 0, 0) and its radius
r = 2 x 20 + (xo 0 /~) 2 , if the initial condition satisfies
Z y 0 = 2xo 0 /~
]]
yo 0 =-2~x 0
[ 2
(5)
2
]] z 0 = 3x 0
2
2
\ zo 0 = 3xo 0

represented by X i0 = [x i0, y i0, z i0, xo i0, yo i0, zo i0] T . As shown in Fig. 3,
the core of satellite formation reconfiguration based on twoimpulse control is to choose the impulse time vector t i and the
input values u i for each satellite i, i = 1, 2, …, n, satisfying collision avoidance constraints and minimizing the overall fuel cost.
In the problem formulation, t i = [t 1i , t 2i ], 0 # t 1i < t 2i # T,
represents the two impulse time instants of the i th satellite, T
is the periodic time of the desired flying-around orbit, and
the cor responding input value is represented by
u i = [U 1i , U 2i ], where U ij, j = 1, 2, is the input vector of the
ith satellite at time t ij . Assume that the initial state of the ith
satellite in the desired formation configuration is denoted by
X id = [x id, y id, z id, xo id, yo id, zo id] T , which is on a thrust-free orbit
and is designed based on various space missions. To regulate
satellite i from the initial state X i0 to the desired state X id, the
final configuration constraint should hold [39]
U (T - t 2i ) {U (t 2i - t 1i ) [U (t 1i ) X i0 + BU 1i ] + BU 2i } = X id ,(6)
where the state transition-matrix U (t) of system (see Eq. (2))
without control is obtained from matrix A and is expressed by
f11 f12
E
U ( t) = ;
f21 f22
4 - 3 cos ~t 0 0
f11 = >6 (- ~t + sin ~t) 1 0 H,
0
0 cos ~t
0
2 (1 - cos ~t)
sin ~t
f12 = 1 >2 (- 1 + cos ~t) - 3~t + 4 sin ~t 0 H,
~
0
0
sin ~t
0
0
3 sin ~t
0 H,
f21 = >6 (- 1 + cos ~t) 1
0 - sin ~t
0
cos ~t
2 sin ~t
0
0 H.
f22 = >2 sin ~t - 3 + 4 cos ~t
0
0
cos ~t
Given the fact that X id is on the thrust-free orbit with the
periodic time T , we have
U (T) X id = X id .(7)
Combine Eqs.(6) and (7) and the constraint is finally written as:
U (t 2i ) X i0 + U (t 2i - t 1i ) BU i1 + BU i2 = 0 .(8)
Therefore, the control inputs are calculated from Eq. (8) for
each t i = [t 1i , t 2i ], 0 # t 1i < t 2i # T [39]

)

U 1i = - f -121 (t i2 - t i1) (f11 (t i2) Dr0 + f12 (t i2) Dv 0)
(9)
U i2 = - (f21 (t i2) Dr0 + f22 (t i2) Dv 0 + f22 (t i2 - t i1) U i1)

B. Two-Impulse Control Based Formation Reconfiguration

Formation reconfiguration is the mapping from an old formation to a new formation, which specifies an optimal satellite
arrangement for the current space mission. Consider there are n
satellites in the formation and the initial state of the i th satellite is
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As a critical requirement of satellite reconfiguration maneuver
involving multiple satellites, collision avoidance constraints are
considered in this paper, where every pair of satellites has to be
at least a specified distance apart from each other during the
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Figure 4 Typical brainstorming configuration.

maneuver process. Specifically, the collision avoidance constraint is expressed in terms of a forbidden spherical area associated with the satellite, whose center is the position of other satellites and the radius is the minimum safety distance R s in the
three-dimensional space:

Updating Individuals

iter = iter + 1

iter < iMAX?

r it - r tj > R s, i, j ! [1, 2, ..., n]; i ! j (10)

N

where r it = [x it, y it, z it] T represents the position of the i th satellite at discretized time t. The inequality should be satisfied
throughout the whole maneuver process for collision avoidance and safety consideration.
The objective of the optimal formation reconfiguration is
to choose the optimal time vector t i for each satellite, which
guarantees the optimal trajectory leading to the desired forma-

Output

Table 1 Steps in typical brainstorming of human beings.
Step 1

Gather together a group of around 12 participants
with as different backgrounds as possible to start
brainstorming.

Step 2

Let participants create as many solutions as possible in accordance with the four general rules.

Step 3

have several, such as 3 0r 5, clients act as the owners of the problem and pick up one idea per owner
as better solutions for problem solving.

Step 4

choose the ideas picked up in step 3 with higher
probabilities as clues of the problem to create
more ideas.

Step 5

randomly pick up any idea in the spot as clues to
generate more ideas.

Step 6

make the owners of the problem pick up several
better solutions generated in step 4 and 5.

Step 7

hopefully we can obtain a good enough solution
by considering and merging the ideas generated.
otherwise, repeat steps 3–6 for the next solution
generating GENERATION.

Y

Figure 5 Flowchart of basic BSO.

tion configuration safely and with the minimum overall fuel
cost, which is represented by the 2-norm of the input vector
/ 2j =1 U j . Hence, the corresponding optimization problem
can be formulated as
min

n

2

//

t 1, t 2,...t n
i =1 j =1

U ij ,

which is subject to the final configuration constraint (see
Eq.(9)) and the collision avoidance (see Eq.(10)).
III. Brain Storm Optimization
A. Brainstorming of Human Beings

As a widely used tool for facilitating creative thinking and
improving quality and quantity of ideas in organizations, brainstorming was first developed by Osborn in 1939, which was
later systematized in his book Applied Imagination. In its original
form, the brainstorming process refers to a group or individual
creativity technique by which efforts are made to find a conclusion for a specific problem by gathering together a group of
people, especially with different backgrounds, to contribute
spontaneously a list of great ideas for problem solving. As is

NOVEMBER 2013 | IEEE Computational intelligence magazine

43

1) Population Initialization
Similar to cases in most swarm intelligence algorithms, an
individual in the population is represented by a vector and is
initialized uniformly and randomly within the solution
space as

0.9
p (Weighting Coefficient)
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x j = x min
+ m (x max
- x min
),(11)

0.4
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0

10 20 30 40 50 60 70 80 90 100
t (Iteration Number)

Figure 6 Evolution curve of p ^ t h, T - 100, k = 20.

shown in Fig. 4, three ideas created respectively by three persons are chosen as better solutions to the problem to generate
more ideas by cross-fertilizing. Moreover, the rest ideas are randomly chosen from the participants and are merged to generate
as many ideas as possible.
It should be attributed to the following four general rules of
brainstorming that the creative efficacy arises:
1) Focus on quantity: Based on the assumption that the greater
the number of ideas generated, the higher the chance of producing a radical and effective solution.This rule aims to facilitate problem solving through quantity breeding quality.
2) Withhold criticism: Instead of criticizing ideas generated,
participants of brainstorming should focus on adding to
ideas and reserving criticism for a later stage, by which
participants will be unrestricted to generate unusual and
creative ideas, with a higher probability.
3) Welcome unusual ideas: By viewing problems from different perspectives and suspending assumptions, participants
can generate unusual ideas. These solutions are welcomed
to get a good and long enough list of ideas.
4) Cross-fertilize: By simulating the building ideas with a
process of association [40], this rule believes that better
ideas may be obtained by combing through good ideas, as
suggested by the slogan “1 + 1 2 2”.
The steps included in a typical brainstorming process are illustrated in Table 1 as below [36]:
B. Brain Storm Optimization Algorithm

Motivated by the intuitive belief that optimization algorithms
inspired by human beings’ creative problem solving process
should be able to solve optimization problems since human
beings are the most intelligent creature in the world, Shi firstly
proposed BSO in 2011 by modeling the human brainstorming
process and creatively mapping it to the optimization field,
whose effectiveness and usefulness is validated by ten benchmark functions [35]–[36]. As shown in Fig. 5, there are mainly
four operators in a basic BSO algorithm.
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j
j
where x min
and x max
are the minimum and maximum values
of the feasible solution’s j th dimension, and m is a random
number uniformly distributed between 0 and 1. Each individual is then evaluated by a fitness function f ($), which tells the
individual’s goodness and potential to be the optimal solution
of the considered problem.

2) Individual Clustering
Individual clustering operation divides the population into different groups according to individual features. By representing
the problem owners by different groups and picked up ideas by
group centers, the clustering algorithm facilitates the tradeoff
between population divergence and algorithm convergence. In
the basic BSO algorithm, individual position information and
k-means clustering algorithm are used.
3) Cluster Center Disrupting
Cluster center disrupting operation randomly chooses a cluster
center x c and replaces it with a randomly generated candidate
solution according to
x cj = )

x cj,
j
j
j
+ m (x max
- x min
x min
),

if (p 1 < p 5a)
(12)
otherwise

where p 1 is a random number between 0 and 1. This operation
should be implemented with a small probability p 5a, as cluster
centers are seen as the most promising candidate solutions to
the considered problem and overly frequent center disruption
will lead to bad performance.
4) Individual Updating
As a step of the paramount importance in population evolution,
the individual updating operator generates new ideas according
to several predefined probabilities p 6b, p 6bi, and p 6c, where p 6b is
related to the probability of whether one or two clusters are
used to generate new individuals while p 6bi and p 6c are, respectively, the probability of creating new individuals by the selected
cluster centers and by individuals randomly chosen in the
selected clusters. Specifically, a new individual y i is generated by
adding Gaussian noises to an old individual according to
y ij = x ij + p (t) $ random (t)(13)
if the generated random number is less than p 6b and one
cluster is chosen, where x ij and y ij represent the j th dimension of the i th old individual x i and the i th new individual
y i respectively; random (t) is a normal distribution function.
Otherwise, a new individual is generated by combining two
individuals (random individuals or cluster centers depending

Basic BSO algorithm
01 Begin
02 Population initialization
a) iter = 1;
b) Generate n candidate solutions randomly, each of which is represented by an
individual xi in the population X, i = 1, 2,…, n;
c) Evaluate each individual using the fitness function f;

T -t

f 2
p (t) = log sig

p $ random (t)
k
(15)

While (iter<iMAX) //iMAX is the maximum iteration.
DO
03

coefficients ~ 1 and ~ 2, which represent the contribution of the two
existing individuals respectively. To
achieve a good balance between
population exploration and exploitation, the weighting coefficient of
Gaussian noise contribution to the
new individual is expressed as

Clustering individuals
1) Cluster the individual into to m (m < n) groups according to position information;
2) Rank the individuals in each group j and select the best individual as the group
center xcj in each group, where j = 1, 2,…, m;

04

Disrupting cluster centers
Randomly generate a number p1 between 0 and 1;
i) Ifp1 < p5a, randomly select a group j and replace the group center xcj with a
randomly generated individual;
ii) Else, go on;

05

Updating individuals
For each individual xi, i = 1, 2,…, n
1) Generate a random number p2;
i) Ifp2 < p6b, randomly select a cluster j with a probability p6bi proportional to
group individual numbers;
Generate a random number p3
a) Ifp3 < p6bii, generate a new individual yi by adding random noises to the jth
cluster center;
b) Else, generate a new individual yi by adding random noises to an individual
randomly chosen in the jth cluster
ii) Else, randomly select two clusters j1 and j2 with probabilities proportional to
group individual numbers;
Generate a random number p4

so that exploration is facilitated at
the beginning of the search process while exploitation is facilitated more and more as p (t)
decreases as the search process
moves on. In Eq. (15), logsig() is a
logarithmic sigmoid transfer function, t is the current iteration
number, T is the maximum iteration number, and k is a predefined parameter for changing
slopes of the function. Fig. 6
shows the evolution curve of p (t)
when T = 100 and k = 20.
The steps of the basic BSO
algorithm are described in details
in Fig. 7.
C. Closed–Loop Brain Storm
Optimization Algorithm

In the basic BSO algorithm, a new
idea is generated by adding random
temporary individual created by combining the two cluster centers;
noises according to Eqs. (13) and
b) Else, generate a new individual yi by adding random noises to the temporary
(14), and the weighting coefficient
individual created by combining two individuals randomly chosen from the
of Gaussian noise contribution to
two clusters respectively;
the new individual p (t) is expressed
2) Evaluate the new individual yi and replace the current individual xi if yi is
in Eq. (15). As illustrated in Fig. 6,
p (t) gains a large value in the
better than xi;
beginning of the search process and
End of For
gradually becomes small as the proiter = iter + 1;
cess moves on, which is consistent
End of While
with the common intuition that
more emphasis is put on exploraFigure 7 Pesudo code of basic BSO.
tion at the early stage for global
search and more emphasis is put on
exploitation for local fine-tuning at the late stage [34]. Howon a random number) from two clusters and adding Gaussian
ever, this mechanism is an open-loop system and does not take
noises as
j
j
into account any feedback information, which may not capture
y = x temp + p (t) $ random (t)
) ij
(14)
j
j
the search characteristics well especially when dealing with
x temp = ~ 1 x i1 + ~ 2 x i2
optimization problems with significantly different varieties.
From the perspective of control theory, replacing the openwhere the combination operation of the two chosen individuloop mechanism with a closed-loop system may facilitate
als x ij1 and x ij2 is realized by weighting summation using
a) Ifp4 < p6c, generate a new individual yi by adding random noises to the
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Table 2 Scenario 1: Mission setting.

530
satellite
number

initial state
(x d , y d , z d , xo d , yo d , zo d )

final state
(x d , y d , z d , xo d , yo d , zo d )

1

(-233.01, 499.90, -403.59,
0.2479, 0.4622, 0.4294)

(-533.01, 701.55, -923.20,
0.3479,1.0573, 0.6026)

(332.97, 153.62, 576.72,
0.0762, -0.6605, 0.1319)

(570.29, 572.40, 987.78,
0.2839, -1.1312, 0.4916)

(-99.97, -653.52, -173.16,
-0.3241, 0.1983, -0.5613)

(-37.31, -1273.96, -64.62,
-0.6318, 0.0740, -1.0942)
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Figure 9 Convergence behaviors of CLBSO-DB, CLBSO-RGC, CLBSO-RS, BSO and PSO averaged over 10 Monte Carlo simulations in
Scenario 1.

Table 3 Scenario 1: Average performance of different
algorithms in 10 runs.
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Table 4 Scenario 1: Optimal impulses for each satellite.

1000

Optimal impulse

z/m

500
0
-500

satellite
number

impulse Optimal impulse
number Dv = [u x, u y , u z], (m/s)

Implementing time t, (s)

1

1

(0.1570, 0.0001, 0.2666)

1200

2

(-0.1574, -0.0001, -0.2779) 4479

1

(-0.1570, -0.0001, -0.2658) 2249

2

(0.1575, 0.0001, 0.2789)

5541

1

(-0.2234, 0.0331, -0.4025)

273

2

(-0.0747, -0.0331, -0.1450) 6335
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paper, three different strategies of selecting x r1 and x r2
are investigated:

(b)
Figure 8 Reconfiguration mission 1 for three satellites. (a) 3-dimension. (b) 2-dimension.

search characteristic capture and thus enhance the optimization
performance.
In this section, we propose a closed-loop strategy based BSO
(CLBSO), which generates new individuals by making use of
feedback information and gains a better tradeoff between exploration and exploitation during the search process. Specifically, a
new individual y i is generated by adding innovative information
to an old individual x i according to
y ij = x ij + (x rj1 - x rj2) $ random (t), 
j
r1

(16)
j
r2

where j is the dimension index, and x and x are two
selected individuals to generate feedback information. In this
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1) Difference with the Best
The CLBSO algorithm using this updating strategy is called
closed-loop brain storm optimization using difference with the
best (CLBSO-DB), where x r1 is chosen as the best individual
in the current population and x r2 is identical with x i . This
mechanism is inspired by the updating rule of PSO, which
mimics the natural phenomenon that each bird updates its
position towards the one with the global best position.
2) Random Selection
In this strategy, x r1j and x r2j are two distinct individuals randomly selected from the current population. The resulting
algorithm is called closed-loop brain storm optimization using
random selection (CLBSO-RS).
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IV. Experimental Results and Analysis

In this section, an optimal formation reconfiguration planning
based on two-impulse control is examined using the proposed
CLBSO algorithms with constraints of overall fuel minimization, final configuration, and collision avoidance. Equality and
inequality constraints were derived in Section II to describe the
mission objective of SFF reconfiguration. Both constraints of
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3) Random Group Center
In this strategy, x rj1 and x rj2 are two distinct individuals randomly selected from the current group centers. The resulting
algorithm is called closed-loop brain storm optimization
using random group centers (CLBSO-RGC).
Eq. (16) may be better than Eq. (13) in capturing the real
characteristics of human being’s brainstorming process for the
following two considerations: firstly, the term (x rj1 - x rj2) is
large at the early stage of the search and more emphasis is put
on the random noise for exploration; secondly, the difference
between x rj1 and x rj2 increasingly decreases as the individuals
converge and the emphasis is transferred to exploitation for
local refinement.
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Figure 10 Optimal trajectories of a reconfiguration for three satellites in Scenario 1. (a) 3-dimension. (b) 2-dimension on xy plane.
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Figure 11 Time responses for relative states and impulse control
inputs for each satellite in Scenario 1. (a) Satellite 1. (b) Satellite 2.
(c) Satellite 3.

Table 5 Scenario 2: Mission setting.
satellite
number

initial state
(x 0, y 0, z 0, xo 0, yo 0, zo 0)

final state
(x d , y d , z d , xo d , yo d , zo d )

1

(-133.01, 499.90, -230.38,
0.2479, 0.2638, 0.4294)

(-633.01, 701.55, -1096.05,
0.3479, 1.2556, 0.6026)

2

(282.97, -19.58, 490.11,
-0.0097, -0.5613, -0.0168)

(620.29, 745.60, 1074.38,
0.3697, -1.2304, 0.6404)

3

(-149.97, -480.31, -259.75,
-0.2381, 0.2974, -0.4125)

(12.68, -1447.17, 21.97,
-0.7177, -0.0252, -1.243)

NOVEMBER 2013 | IEEE Computational intelligence magazine

47

Initial Orbit
Reference Satellite
Initial Formation
Desired Orbit
Desired Formation

2000
1000

1000
500
z/m

z/m

0
-1000

-500

-2000

-1000

0

20

00

1000

00

0

20

y/m

-1000

1500
1000
500
0
y/m
-500
-1000

x/m

(a)

Initial Orbit
Reference Satellite
Initial Formation
Desired Orbit
Desired Formation

1500

-500

0

500
x/m

(a)

1000

1000

500
y/m

0

500
z/m

0
-500

0
-500

-1000
-1000
-1500
-1500 -1000 -500

0
x/m

500

1000 1500

0
500
y/m
(b)

-1000 -500

(b)

Efficiency

Figure 12 Reconfiguration mission 2 for three satellites. (a) 3-dimension.
(b) 2-dimension.

Figure 14 Optimal trajectories of a reconfiguration for three satellites in Scenario 2. (a) 3-dimension. (b) 2-dimension on yz plane.
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Table 6 Scenario 2: Average performance of different
algorithms in 10 runs.
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Figure 13 Convergence behaviors of CLBSO-DB, CLBSO-RGC, CLBSO-RS, BSO and PSO averaged over 10 Monte Carlo simulations in
Scenario 2.

the final configuration and collision avoidance are treated as
penalty factors in the optimization problem.
Numerical simulations are carried out by using three and
five satellites respectively to reach different configuration
geometry requirements from the initial states. The final time T
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CLBSO

3.039

BSO

PSO

is fixed as a single cycle time for all simulations. The initial and
the desired configuration are both on circular orbits, which satisfy the constraints in Eq. (5). In all the simulations, the population sizes of different algorithms are set to be 40 and the maximum iteration number is 100. All individuals are randomly
initialized in the feasible solution space according to Eq. (11).
A. Scenario 1
The mission parameters of the three satellites are given in
Table 2. As shown in Fig. 8, the three satellites initially move
on a circular orbit with the radius r = 683 m forming an

Table 7 Scenario 3: Mission setting.

Table 8 Scenario 3: Average performance of different
algorithms in 10 runs.

satellite
number

initial state
(x 0, y 0, z 0, xo 0, yo 0, zo 0)

final state
(x d , y d , z d , xo d , yo d , zo d )

Algorithm

1

(-233.01, 499.90, -403.59,
0.2479, 0.4622 0.4294)

(-533.01, 701.55,
-923.20, 0.3479, 1.0573,
0.6026)

Indicator

CLBSO-DB CLBSO-RGC CLBSO-RS

BSO

CPU (s)

17.35

2

(165.72, 597.68, 287.03,
0.2964, -0.3287, 0.5134)

(168.91, 1230.63, 292.56,
0.6103, -0.3350, 1.0570)

3

(335.42, -130.53, 580.97,
-0.0647, -0.6653, -0.1121)

(637.40, 58.99, 1104.00,
0.0293, -1.2643, 0.0507)

4

(41.58, -678.35, 72.01,
-0.3364, -0.0825, -0.5826)

(225.00, -1194.17,
389.72, -0.5922,
-0.4463, -1.0257)

(-309.72, -288.67, -536.46,
-0.1432, 0.6144, -0.2479)

(-498.34, -796.94,
-863.14, -0.3952,
0.9885, -0.6845)

5

equilateral triangle in space. The desired formation is another
equilateral triangle moving on a larger circular orbit, as illustrated in Fig. 8(a) and the projection plot is given in Fig. 8(b).
The formation reconfiguration problem is to cooperatively
determine for each satellite an optimal trajectory leading to
the desired state and configuration.
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To eliminate influences of randomness of the methodology used, Monte Carlo simulations of 10 runs are carried
out for each algorithm and the average convergence behaviors of the algorithms, including the proposed CLBSO-DB,
CLBSO-RS, CLBSO-RGC, basic BSO, and basic PSO, are
shown in Fig. 9. It is apparent that different versions of BSO
perform better than PSO in terms of final results and convergence speed, which should be attributed to the creative
problem solving mechanism of BSO. Among the different
versions of BSO, the modified versions succeed in improving existing performance of basic BSO with a faster convergence speed and a better final result. This arises from the
fact that the proposed closed-loop creating operator keeps a
desirable balance between population diversity and convergence speed by making use of feedback information. In
basic BSO, a new individual is created by adding random
noises to the current individual, which is essentially based
on an open-loop mechanism and cannot guarantee a stable
search process. By introducing the feedback theory into the
creating operator, CLBSO gets a much faster convergence
speed and better global search ability, as each individual
tends to search in a larger region for global exploration
when the difference is obvious and search at a local level for
convergence consideration when the difference is minor.
Specifically, CLBSO-DB obtains the best solution within 40
iterations on average while CLBSO-RGC and CLBSO-RS
reach the same result after about 70 iterations.
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Figure 15 Reconfiguration mission 3 for five satellites. (a) 3-dimension.
(b) 2-dimension.
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Figure 16 Convergence behaviors of CLBSO-DB, CLBSO-RGC, CLBSO-RS, BSO and PSO averaged over 10 Monte Carlo simulations in
Scenario 3.
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elevated performance over one class of problems is exactly
paid for in performance over another class [41].
The optimal impulses and trajectories of reconfiguration
are given in Table 4 and Fig . 10. In Table 4, each row corresponds to one impulse input and the optimal impulses and
the implement time instants are presented in the right two
columns. It can be seen from Fig. 10, the three satellites start
from the initial formation (marked with green), move along
the planned trajectory (marked with black), and reach the
desired reconfiguration formation (marked with red). Fig. 11
illustrates state convergence behavior to the final states for
each satellite of the various BSO and PSO optimization techniques used. For each satellite, the relative state to the final
destination is represented by state deviation SD, which is calculated at time t by
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Figure 17 Optimal trajectories of a reconfiguration for three satellites in Scenario 3. (a) 3-dimension. (b) 2-dimension on yz plane.

Table 3 shows the key performance indicators of different
algorithms averaged over 10 runs in solving the optimization
of optimal satellite formation reconfiguration, where the
convergence speed is represented by the corresponding iteration number and the cost means the overall fuel consumption. It can be observed that although different versions of
BSOs have similar CPU time, the proposed CLBSO algorithms have a less computation cost compared with the original BSO. The underlying reason is that Eq. (13) involves logarithmic sigmoid transfer function, Gaussian distribution
function, random function, addition, subtraction, multiplication, and division operators, while Eq. (16) involves random
function, multiplication, and subtraction for generating innovative information. Compared with PSO, the family of BSO
algorithms in this paper gains better final results at the cost
of a heavier computation burden and a longer CPU time.
This can be explained using the theorems of no free lunch
for optimization: for any search/optimization algorithm, any
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Results show that all the three satellites reach the final states
simultaneously and form the desired formation. The solid black
lines representing satellite formation convergence behavior of
PSO slightly deviate from those of various BSOs. It indicates
that the family of BSOs used in the simulation has a similar
formation reconfiguration transfer orbit, which is different
from that of PSO. In addition, the impulse control command
(ICC) intensity represented by 1000eeDvee 2, where Dv is the
impulse control input vector of one satellite, is also shown by
stem plots in Fig. 11. From Table 3 and Fig. 11, we can conclude that the application of the family of proposed CLBSOs
to satellite formation configuration reduces energy cost to a
certain extent, compared with the basic BSO and PSO.
B. Scenario 2

This simulation involves a different formation reconfiguration
problem for three satellites, as shown in Table 5 and illustrated in
Fig. 12, where the three satellites initially move on a circular
orbit with a radius r = 566 m forming an equilateral triangle in
space and the objective reconfiguration formation is another
equilateral triangle moving on a circular orbit with r = 1447 m.
C. Scenario 3

As shown in Table 7 and Fig. 15, five satellites are used in this
numerical experiment to carry out the reconfiguration mission
from the initial equilateral pentagon formation moving on a
circular orbit with r = 683 m to a new equilateral pentagon
formation moving on another circular orbit with r = 1276 m.
Through the simulation results of all scenarios, we can summarize that the proposed CLBSO algorithms succeeded in solving the optimal satellite formation reconfiguration problems
involving varying numbers of satellites and formation requirements. The optimal overall fuel cost increases with the increase
of the number of satellites in the mission, as shown in Table 3, 6
and 8. Specifically, of all algorithms used, CLBSO-DB has the
best average performance in terms of convergence speed and
fitness of final results, especially in Scenario 3 for formation
reconfiguration of five satellites, as shown in Table 8 and Fig. 16.

V. Conclusions and Future Work

A novel brain storm optimization approach for the optimal
formation reconfiguration of multiple satellites was presented
in this paper. Three versions of CLBSOs were designed and
applied to solve the optimization problem with the constraints
of minimum overall fuel cost, the final configuration, and collision avoidance. The constraints were derived for the final configuration to make all satellites form a circular orbit and an
equilateral polygon in the space. The proposed method was
simulated and results showed that:
1) The proposed approach based on CLBSO could provide
desirable solutions for optimal reconfiguration of multiple
satellites involving varying numbers of satellites and formation requirements in contrast with both basic BSO
and PSO;
2) The proposed approach based on CLBSO reduces the
heavy computational burden of the original BSO to a
certain extent by using the new creating operators.
As a swarm intelligence algorithm inspired by human being’s
problem solving process, BSO is still in its infancy. Compared
with PSO, BSO has a heavier computational burden due to the
application of clustering algorithms. Our future work will
focus on the development of modified BSO with a lighter
computational burden and its application to more real-world
situations.
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