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Abstract

The rising popularity of multi-source, multi-sensor networks supporting real-life applications calls for an efficient and intelligent
approach to information fusion. Traditional optimization techniques often fail to meet the demands. The evolutionary approach pro-
vides a valuable alternative due to its inherent parallel nature and its ability to deal with difficult problems. We present a new evolution-
ary approach based on the coordination generalized particle model (C-GPM) which is founded on the laws of physics. C-GPM treats
sensors in the network as distributed intelligent agents with various degrees of autonomy. Existing approaches based on intelligent agents
cannot completely answer the question of how their agents could coordinate their decisions in a complex environment. The proposed
C-GPM approach can model the autonomy of as well as the social coordinations and interactive behaviors among sensors in a decen-
tralized paradigm. Although the other existing evolutionary algorithms have their respective advantages, they may not be able to capture
the entire dynamics inherent in the problem, especially those that are high-dimensional, highly nonlinear, and random. The C-GPM
approach can overcome such limitations. We develop the C-GPM approach as a physics-based evolutionary approach that can describe

such complex behaviors and dynamics of multiple sensors.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Sensor fusion is a method of integrating signals from
multiple sources into a single signal or piece of informa-
tion. These sources are sensors or devices that allow for
perception or measurement of the changing environment.
The method uses “sensor fusion” or ‘“data fusion” algo-
rithms which can be classified into different groups, includ-
ing (1) fusion based on probabilistic models, (2) fusion
based on least-squares techniques, and (3) intelligent
fusion. This paper presents an evolutionary approach to
intelligent information fusion.

* Corresponding author. Tel.: +852 28578442; fax: +852 25598447.
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Many applications in multi-sensor information fusion
can be stated as optimization problems. Among the many
different optimization techniques, evolutionary algorithms
(EA) are a heuristic-based global search and optimization
methods that have found their way into almost every area
of real world optimization problems. EA provide a valu-
able alternative to traditional methods because of their
inherent parallelism and their ability to deal with difficult
problems that feature non-homogeneous, noisy, incom-
plete and/or obscured information, constrained resources,
and massive processing of large amounts of data. Tradi-
tional methods based on correlation, mutual information,
local optimization, and sequential processing may perform
poorly. EA are inspired by the principles of natural evolu-
tion and genetics. Popular EA include genetic algorithm
(GA) [1], simulated annealing algorithm (SA) [2], ant
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colony optimization (ACO) [3], particle swarm optimiza-
tion (PSO) [4], etc., which have all been featured in either
Nature or Science.

In this paper, we propose the C-GPM approach as a
new branch of EA, which is based on the laws of physics.
Just like other EA drawing from observations of physical
processes that occur in nature, the C-GPM approach is
inspired by physical models of particle dynamics. Although
the other existing EA have their respective advantages, they
may not be able to capture the entire dynamics inherent in
the problem, especially those that are high-dimensional,
highly nonlinear, and random. The C-GPM approach
can overcome such limitations. We develop the C-GPM
approach as a physics-based evolutionary approach that
can describe the complex behaviors and dynamics arising
from interactions among multiple sensors.

Our C-GPM algorithm, just like the other popular EA
mentioned above, belongs to the class of meta-heuristics
in artificial intelligence, which are approximate algorithms
for obtaining good enough solutions to hard combinatorial
optimization problems in a reasonable amount of compu-
tation time.

Similar to the other EA, the C-GPM algorithm is inher-
ently parallel and can perform well in providing approxi-
mating solutions to all types of problems. EA applied to
the modeling of biological evolution are generally limited
to explorations of micro-evolutionary processes. Some
computer simulations, such as Tierra and Avida, however,
attempt to model macro-evolutionary dynamics. C-GPM
algorithm is an exploration of micro-evolutionary
processes.

In the physical world, mutual attraction between parti-
cles causes motion. The reaction of a particle to the field
of potential would change the particle’s coordinates and
energies. The change in the state of the particle is a result
of the influence of the potential. In C-GPM, each particle
is described by some differential dynamic equations, and
the results of their calculations govern the movement (to
a new state in the field) of the particle. Specifically, each
particle computes the combined effect of its own autono-
mous self-driving force, the field potential and the interac-
tion potential. If the particles cannot eventually reach an

equilibrium, they will proceed to execute a goal-satisfaction
process.

In summary, the relative differences between our
C-GPM algorithm and other popular EA can be seen in
Table 1. The common features of these different
approaches are listed as follows:

e They draw from observations of physical processes that
occur in nature.

e They belong to the class of meta-heuristics, which are
approximate algorithms used to obtain good enough
solutions to hard combinatorial optimization problems
in a reasonable amount of computation time.

e They have inherent parallelism and the ability to deal
with difficult problems.

o They consistently perform well in finding approximating
solutions to all types of problems.

e They are mainly used in the fields of artificial
intelligence.

In this paper, we study some theoretical foundations
of the C-GPM approach including the convergence of
C-GPM. The structure of the paper is as follows. In Section
2, we discuss and formalize the problem model for the typ-
ical multi-sensor system. In Section 3, we present the evo-
lutionary C-GPM approach to intelligent multi-sensor
information fusion. In Section 4, we describe an experiment
to verify the claimed properties of the approach. We draw
conclusion in Section 5.

2. Dynamic sensor resource allocation

In a sensor-based application with command and con-
trol, a major prerequisite to the success of the command
and control process is the effective use of the scarce and
costly sensing resources. These resources represent an
important source of information on which the command
and control process bases most of its reasoning. Whenever
there are insufficient resources to perform all the desired
tasks, the sensor management must allocate the available
sensors to those tasks that could maximize the effectiveness
of the sensing process.

Table 1

The C-GPM algorithm vs. other popular EA
C-GPM GA SA ACO PSO

Inspired by Physical models of particle Natural Thermodynamics Behaviors of Biological swarm
dynamics evolution real ants (e.g., swarm of bees)

Key components Energy function; differential Chromosomes  Energy function  Pheromone laid Velocity-coordinate
dynamic equations model

Exploration Both macro-evolutionary and Macro- Micro- Macro- Macro-evolutionary
micro-evolutionary processes evolutionary evolutionary evolutionary

processes processes processes

Dynamics Can capture the entire dynamics Cannot capture Can capture Cannot capture Cannot capture
inherent in the problem partly

High-dimensional, highly nonlinear, = Can describe Cannot describe Can describe Cannot describe Cannot describe

random behaviors and dynamics

partly
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Table 2
The matrix ¥(¢)
Sensors  Objects

T, oo Ty oo Ty
f41 {’117011,X117C11 f”lkuclk-,xlkvélk {”1m701m«,xlm7§1m
A; rit, Cit, Xit, G Fik, Cikes Xites Cik Finny Cin Xin, Cim
Au Fnls Cnl s Xnl, Cn] Pk s Cnk s Xnk 5 gnk Vums Cnm sy Xnm 5 Cnm

The dynamic sensor allocation problem consists of
selecting sensors of a multi-sensor system to be applied to
various objects of interest using feedback strategies. Con-
sider the problem of n sensors, &/ = {4,,...,4,}, and m
objects, 7 ={T},...,T,}. In order to obtain useful infor-
mation about the state of each object, appropriate sensors
should be assigned to various objects at the time intervals
t€{0,1,...,T — 1}. The collection of sensors applied to
object k during interval ¢ is represented by a vector
Xk<l) = {xlk,.. ..,x,,k}, where

xi (1) = { !

-y Xikey «
if sensor i is used on object k£ at interval ¢
0 otherwise

Because of the limited resources sustaining the whole
system, the planned sensor distributions must satisfy the
following constraint for every 7 € {0,1,...,7 — 1}:

> raltpxa(t) =1 (1)
k=1

where r; denotes that quantity of resources consumed by
sensor i on object k and 0 < ry, < 1.

The goal of sensor allocation is to try to achieve an opti-
mal allocation of all sensors to all the objects after 7 stages.
Let C=(c«),., be a two-dimensional weight vector.
Sensor allocation can be defined as a problem to find a
two-dimensional allocation vector R = (ry),,,,» Which max-
imizes the objective in (2), subject to the constraint (1)

z(R) = (C)'RX = z”: icikrikxik (2)

Let {u(t) represent the intention strength of social
coordination. Thus we obtain an allocation-related
matrix (t) = [s4(?)],,» s shown in Table 2, where
sie(t) = (rae(t), can(8), xi (¢), (4 (¢)). For convenience, both
ri(t) and cy(¢) are normalized such that 0 < ry(f) <1
and 0 < ¢u(f) < 1.

3. The C-GPM approach to sensor fusion
3.1. Physical model of C-GPM

This subsection discusses the physical meanings of the
coordination generalized particle model (C-GPM) for sensor

fusion in multi-sensor systems which involve social coordi-
nations among the sensors. C-GPM treats every entry of

the allocation-related matrix .%;, as a particle, s;, in a force
field. The problem solving process is hence transformed
into one dealing with the kinematics and dynamics of par-
ticles in the force field. The s;;’s form the matrix %;. For
convenience, we let s, represent both an entry of the matrix
as well as its corresponding particle in the force field.

Particle and force-field are two concepts of physics. Par-
ticles in our C-GPM move not only under outside forces,
but also under internal force; hence in this sense, they are
somewhat different from particles in physics.

As shown in Fig. 1, the vertical coordinate of a particle
six in force field F represents the utility obtained by sensor
of; from being used on object 7. A particle experiences
several kinds of forces simultaneously, which include the
gravitational force of the force field, the pulling or pushing
forces due to social coordinations among the sensors, and
the particle’s own autonomous driving force. The forces
on a particle are handled only along the vertical direction.
Thus a particle will be driven by the resultant force of all
the forces that act on it upwards or downwards along the
vertical direction. The larger the upward/downward resul-
tant force on a particle, the faster the upward/downward
motion of the particle. When the resultant force on a par-
ticle is equal to zero, the particle will stop moving, being in
an equilibrium state.

The upward gravitational force of the force field con-
tributes an upward component of a particle’s motion,
which represents the tendency that the particle pursues
the collective benefit of the whole multi-sensor system.
The other upward or downward components of the parti-
cle’s motion, which are related to the social coordinations
among the sensors, depend on the strengths and kinds of
these coordinations. The pulling or pushing forces among
particles make particles move to satisfy resource restric-
tions, as well as reflect the social coordinations and behav-
iors among the sensors. A particle’s own autonomous
driving force is directly proportional to the degree the par-
ticle tries to maximize its own profit (utility). This autono-
mous driving force of a particle actually sets the C-GPM
approach apart from the classical physical model. All the
generalized particles simultaneously move in the force field,
and once they have all reached their respective equilibrium
positions, we have a feasible solution to the optimization
problem in question.

upper boundary

bottom boundary

Fig. 1. The force field and the particles.
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Because the problem in this paper is a one objective
problem, we limit the particles movements to one dimen-
sion. The design of C-GPM in fact allows forces of all
directions to exist. These forces can be decomposed into
their horizontal and vertical components. In this present
work, only the vertical component may affect a particle’s
motion. In a forthcoming paper, we will introduce the mul-
tiple objectives problem where we will handle particles’
movements along multiple dimensions.

3.2. Mathematical model of C-GPM

We define in this subsection the mathematical model of
C-GPM for the sensor allocation problem that involves n
sensors and m objects.

Let uy(¢) be the distance from the current position of
particle s;; to the bottom boundary of force field F at time
t, and let J(¢) be the utility sum of all particles, which we
define as follows:

uy (1) = a[l — exp(—cu(O)ru(t)xu(t))]
J(t) = Z Zuik(t) ?)

where 0 <a < 1.1 — e is chosen as the definition of u; be-
cause 1 —e™ is a monotone increasing function and be-
tween 0 and 1 (Fig. 2).

At time 7, the potential energy functions, P(¢), which is
caused by the upward gravitational force of force field F,
is defined by

)=¢ anZexp

where 0 < € < 1. The smaller P(¢) is, the better. With Eq.
(4), we attempt to construct a potential energy function,
P(¢), such that the decrease of its value would imply the in-
crease of the minimal utility of all the sensors. We prove it
in Proposition 3. This way we can optimize the multi-sen-
sor fusion problem in the sense that we consider not only
the aggregate utility, but also the individual personal utili-
ties, especially the minimum one. In addition, e represents
the strength of upward gravitational force of the force field.
The bigger € is, the better. If we did not get a sufficiently
satisfactory result by C-GPM, we can let € smaller.

(1)/26)] — € Inmn 4)

I-e

Fig. 2. Graphical presentation of uy(t).

Table 3

Social coordinations among sensors

ﬂijk Type Name Cijk

I Ajji Adaptive avoidance coordination -1
Bijk Adaptive exploitation coordination
Cijk Collaboration coordination

I Dijji Tempting avoidance coordination 1
Ejjk Tempting exploitation coordination
Fij Deception coordination

111 Giji Competition coordination 1
Hji Coalition coordination
Liji Habituation/preference coordination

v Jijk Antagonism coordination -1
Kijk Reciprocation coordination
Lijk Compromise coordination

The gravitational force of the force field causes the par-
ticles to move to increase the corresponding sensors’ mini-
mal personal utility, and hence to realize max-min fair
allocation and increase the whole utility of the multi-sensor
system.

Following the literature [5-8], we divide typical social
coordinations between sensor 4; and sensor 4; into 12 pos-
sible types, as in Table 3.

A To avoid the harmful consequence possibly caused
by A4;, A; wants to change its own current intention. B;;: To
exploit the beneficial consequence possibly caused by 4, 4;
wants to change its own current intention. C;;: To benefit
Aj, A; wants to change its own current intention regardless
of self-benefit. D;;: A; tries to allure 4; to modify 4,’s cur-
rent intention so that A4; could aV01d the harmful conse-
quence possibly caused by A;. E;4: A; tries to entice A; to
modify 4;’s current 1ntent10n so that A4; could exploit the
beneﬁmal consequence possibly caused by 4;. F;: A; tries
to tempt A; to modify 4;s current mtentlon so that A;
might beneﬁt from this, while 4;s interests might be
infringed. G;4: To compete with each other, neither A;
nor A; will modify their own intention, but both 4; and
A; might enhance their intention strengths with respect to
the Kth goal (or object). H,;: Neither 4; nor A; will modify
their own current intention, but both A; and A; might
decrease their intention strengths with respect to the Kth
goal. I;3: Due to disregard of the other side, neither A4;
nor A; will modify their own current intention. J;;: To
harm the other side, both 4; and 4; try to modify their
own current intentions. K;;: Both 4; and 4; try to modify
their own current intentions so that they could implement
the intention of the other side. L;;: Both 4; and 4; try to
modify their current intentions so that they can do some-
thing else.

Of the 12 types of social coordination, types 4, B, C, D,
E and F and F are via unilateral communication, and types
G, H, I, J, K and L by bilateral communication. Based on
which sensor(s) will modify their current intention, the 12
types can be conveniently grouped into the four categories.
For Ay, Bijk, Cij, it is A; for Dy, Ex, Fiy, it is Aj; for
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Gijk, Hiyx, I, none will; and for Jyu, Ky,
and A; will, and so we have

PV = 20 = (A, By, CielVi, j, K},

iﬂ(“) = 3«]1) = {DijkaEijkaFijk‘viaja k}a

W = PO = (G, Hi Vi, j, K,
PNV = U = (T, K, Lie Vi, j, K},

L = (L y Lty 200y pihy

The intention strength {;(¢) of sensor 4; with respect to
object Ty is defined by

t) = Z”: Cijk(t) + Z”: Cjik(t) (5)

1 if gy e 2Mugt™
Cinl1) = { —1if By € 20U g
1 if By e VU™
) = { —1if By € MU LM

Biy 1s the social coordination of sensor 4; with respect to
sensor A; for object T}, which gives rise to the change
Cin(2) of 1ntent1on strength (i (¢).

Ca(2) of s (¢) represents the aggregate intention strength
when more than one social coordination happen simulta-
neously at time . The greater (;,(¢) is, the more necessary
would sensor 4; have to modify its r;(¢) for object 7.

At time ¢, the potential energy function, Q(¢), is defined

(6)

2

m

> ru(t)xa(t) =1

k=1

By /0 "+ exp(—Lo)] ! — 0.5} )

The first term of Q(¢) is related to the constraints on the
sensors’ capability; the second term involves social coordi-
nations among the sensors, with {; coming from Egs. (5)
and (6). The first term of Q(¢) corresponds to a penalty
function with respect to the constraint on the utilization
of resources. Therefore, the sensors’ resource utilization
can be explicitly included as optimization objectives in
the multi-sensor fusion problem. The second term of Q(¢)

is chosen as shown because we want to be a monotone

decreasing sigmoid function, as
—{[1+ exp( L)) ™!
we let 22 equal to —{[1 + exp(—uuti)]
1ntegrated to be Q.
A particle in the force field can move upward along a
vertical line under a composite force making up of

shown in Fig. 3.
— 0.5} is such a function. Therefore
~'—0.5}. Then ,;—QA is

o the upward gravitational force of the force field,

o the upward or downward component of particle motion
that is related to social coordinations among the sensors,

e the pulling or pushing forces among the particles in
order to satisfy resource restrictions, and

e the particle’s own autonomous driving force.

Lijka bOth Ai

1

038

06

04

02

o &
m%

0

0.2

-0.4

-06

- OO 00 S S —

4 i

Fig. 3. Graphical presentation of 2 au .

The four kinds of forces can all contribute to the parti-
cles’ upward movements. What is more, these forces pro-
duce hybrid potential energy of the force field. The
general hybrid potential energy function for particle sy,
Ei(2), can be defined by

Eiy(t) = Aug(t) + J (t) — 23P(t) — 240(2) (8)

where 0 < /’Ll,)\,2,/l3,)v4 < 1.
Dynamic equations for particle s;; is defined by

dul-k(t)/dt =Y (t) + lllz(t)
Pi(1) = —uy(1) "‘Wik( )
P(1) = Pl + )»2 Puk — )»3 (“k — A4 ;ﬁ%} 9)

2 2
{ [t + i) }
where y > 1. And vy(¢) is a piecewise linear function of
uy(¢) defined by
0 if uz(f) <0
ug () if 0 <uy(f) <1 (10)
1 if wy(f) > 1

v (1) =

In order to dynamically optimize sensor allocation, the
particle s; may alternately modify r; and ¢, respectively,
as follows:

dew(t)/dt = 7y 2‘0‘:8 I ;jk ((’t))
dry (1) /dt = 4y a””‘é ; + ar,k(( ))

@m(()) ’ a”zk((t)) 12)
where 220 = —{[1 + exp(—{u(ua(r))] ' — 0.5} is a sig-

moid functlon of the aggregate intention strength (; ().
The graphical presentation of auQ is shown in Fig. 3.
Note that {;(¢) is related to social coordinations among

the sensors at time . —Q is a monotone decreasing function.
By Eq. (9) the greater the value of {;(¢), the more there are
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values of ¥,(¢) and hence u (¢) will increase, which implies
that the social coordinations will strengthen the current
allocation ry/(¢).

Because a—Q isamonotone decreasing function, the greater

the value of Ca(1), the smaller , the greater — 2, the
greater ¥,(¢) by Eq. (9) and the greater Ary(t+1) by Eq.
(12). Since ry(t+ 1) = ry(t) + Ary(t + 1), the greater the
value of (;(¢), the greater r4 (¢ + 1). Since u; is a monotone
increasing function, the greater ri(t + 1), the greater u;

o0 oQ 00
auik auk TZ T a T ﬁAl"lk(l-f-l)

G(8) T=

TSt 1) T S 1

(a) rik(t + 1) = rik(t) + Ai"ik(t + 1),
(b) uy is monotone increasing function.

In the following, we derive some formal properties of the
mathematical model presented above.

Proposition 1. Updating the weights c;; and allotted resource
riw by Egs. (11) and (12) respectively amounts to changing the
speed of particle sy by ¥ (t) of Eq. (9).

Denote the jth terms of Egs. (11) and (12) by <d"k >
dri (1) Z

and < >4, respectively. When allotted resource ry 18

updated according to (12), the first and second terms of
(12) will cause the following speed increments of the parti-
cle s, respectively:

(g (1))t = Oy (1) <dr§t(t)>l _J Fuik(t)} ? (%)

al”,'k(t) 6rik(t)
r au,k(t) dl",k() - au,-k(t) 6J(t)
(dui(2)/dt), = ara(t) \ dr >2 =4 Ori (1) Ory(r)
_ 4 Quyc (1) 0J(t) Quy(t)
Ory(t) Ouy(t) Ory(t)
() [oua(n)]’
= ) "

Similarly, the third and the fourth term of Eq. (12) will
cause the following speed increments of the particle sy:

, oP(t) [ouy ()] ,
(du ()/dD)), = 23 au.k((?) {;:8} (duse (1) /de),
_ ;000 {auiku)r
“ Ouy (1) [ora (1)
Similarly, for Eq. (11), we have (duy(¢)/dr);,
We thus obtain "

j=1,2,34.

Z [(duy (1) /de); + (dug(2)/de)’]
(), oP() , 00(0)] f [ou(n)]’
[)q + /12 k(l — /3 dun() A4 auik(f)} { {arik(t)]
Gu,k
ac,k 'PZ

Therefore, updating c%) and r%) by (11) and (12), respec-
tively, gives rise to the speed increment of particle s;; that is
exactly equal to ¥,(¢) of Eq. (9).

Proposition 2. The first and second terms of Egs. (11) and
(12) will enable the particle sy to move upwards, that is, the
personal utility of sensor A; from object Ty increases, in
direct proportion to the value of (A1 + 22).

According to Egs. (13) and (14), the sum of the first and
second terms of Egs. (11) and (12) will be

(duy (¢)/de)| + (dulk 1)/de)5 + (duy (¢)/de)| + (duy(z)/de);
au,k 2 au,k
= |:)1 + )2 :| { [6r1k aqk }
= (A + M) ()5 () + ci (O] [—ua ()]

Therefore, the first and second terms of (11) and (12) will
cause uy(¢) to monotonically increase.

Proposition 3. For C-GPM, if € is very small, then decreas-
ing the potential energy P(t) of Eq. (4) amounts to increasing
the minimal utility of an sensor with respect to an object, min-
imized over ¥ (t).
Supposing that H(¢) =

< Z Z exp(—ui (1) /2€%)

< [mnexp(H(r) /2
Taking the logarithm of both sides of the above inequalities

gives
< 26 lnz Z exp(—
Since mn is constant and e is very small, we have

) ~ 26 anZexp (1)/2€") —

It turns out that the potential energy P(t) at the time 7 rep-
resents the maximum of —u; (t) among all the particles sy,
which is the minimal personal utility of a sensor with respect
to an object at time ¢. Hence the decrease of potential energy
P(¢) will result in the increase of the minimum of u; (¢).

max; . {—u2 (t)}, we have

2¢2

[exp(H (1)/2€")]

(1)/2€%) < H(t) + 2> Inmn.

2% Inmn = 2P(1).

Proposition 4. Updating c;, and ry, according to Egs. (11)
and (12) amounts to increasing the minimal utility of a sensor
with respect to an object in direct proportion to the value of
A3

The speed increment of particle s;;, which is related to
potential energy P(¢), is given by

<dudt(t)>3 = (duy(2) /de)5 + (du (1) /dr);s

- 20 { ] [t}
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dP(t

Denote by <T> the differentiation of the potential

energy function P(f) with respect to time ¢ arising from
using (11) and (12). We have

(2500 - a0t s
[ { e )

= — a0y (0 (x5 (O[5 () + < ()] [uae ()] < 0.

where,

n

>3 el

It can be seen that using Eqgs. (11) and (12) gives rise to
monotonic increase of P(¢). Then by Proposition 3, the de-
crease of P(¢) will result in the increase of the minimal util-
ity, in direct proportion to the value of 4.

i (1) = exp|—u; (1) /2€’] (1)/2¢€7).

Proposition 5. Updating ¢y and ry by Egs. (11) and (12)
gives rise to monotonic increase of the whole utility of all
the sensors, in direct proportion to the value of 4.

Similar to Proposition 2, it follows that when a particle
sy modifies its ¢ and ry by Egs. (11) and (12), differen-
tiation of J(¢) with respect to time 7 will not be negative—

ie., <dJ§t(t>> > 0, and it is directly proportional to the value
of }~2~

Proposition 6. Updating cy and ry by Egs. (11) and (12)
gives rise to monotonic decrease of the potential energy
O(t), in direct proportion to the value of Aq4.

As in the above, we have

dug()\ _ _, 00(1) [ [oux(r) ? L [eun() :
de /[, toun(r) | [ora() ac,k (1)
400y _ 2010 /duat) 00|’
dr Ouy (1) 4 auzk (¢)
dug ()] [oua(t)]’

< 0.

X {[ar,.,{(t)} T eent) [ S°
Proposition 7. C-GPM can dynamically optimize in parallel
sensor resource allocation for a collection of sensors exhibit-

ing different autonomous strengths of pursuing personal util-
ity and executing social coordinations.

In summary, by Propositions 1-6, (1, + 1,) represents
the autonomous strength for 4; to pursue its own personal
utility; /, represents the autonomous strength for A4; to take
into account the collective utility of all the sensors; /43 rep-
resents the autonomous strength for 4; to increase the min-
imal personal utility among all the sensors; and A4
represents the autonomous strength for constraint satisfac-
tion and social coordinations.

Propositions 1, 2, 3, 4 7 show that different sensors may
have different degrees of autonomy and their own rational-

ity in pursuing individual and system-wide benefits. More-
over, different sensors may engage in different social
coordinations with other sensors for a specific object. A
large variety of social coordinations may be taken into
account, including possibly unilateral and unaware social
coordinations.

3.3. Convergence analysis

In this subsection, we show that all the particles can con-
verge to their stable equilibrium states through algorithm
C-GPM.

Lemma L. If y— 1> —¥(t) > 0, S22 < 1 for uy() > 1,
and gff > 11—y for 0 < uy(t) <1, then the particle sy will
converge to a stable  equilibrium  point  with

u,‘k(l‘) > 1, U[k(t) =1

Proof. For y > 1, ¥,(¢) of particle s; is a piecewise linear
function of the stimulus u;(¢), as shown in Fig. 4: Segment
I, Segment II, and Segment III. By Eq. (9), a point is an
equilibrium point, i.e., duy(¢)/dt =0, iff —¥,(¢) = ¥,(¢)
at the point. We see that for the case of y—1> —
¥,(¢) > 0, an equilibrium point may be on Segment I, II
or I11. Note from Eq. (3), u;(¢) = 0. Thus we need not con-
sider the equilibrium point on Segment I.

Suppose that the particle s; is at an equilibrium point
on Segment III at time #;,, and an arbitrarily small
perturbation Auy to the equilibrium point occurs at time

#;. Since gfzéf; <1, and W] (’; = —1 for uy(t) > 1, we have
R G STORCE 210)
= |5+ 5] <o and
duy duy duy duy
= — =—"| =A[Y,(t) + Pyt
de —de|,  dr, di], [#1(0) + ¥ (0)
aTl(t) a’PQ([)
~ A ik = — A ik~
{aui,{( 0t Bu(e) | At = lelBun
That means d“'k | is always against Auy, or in other words,

the perturbatlon will be suppressed and hence the particle
sy will return to the original equilibrium point.

dugg (1)
dt
\21¢7 2
N yui(t), v>1
stable point ;\I’Z(t) >q-1
n ! 7 v; (t)
Segment I . sdddle point
P2 S 55 SN py 4= 1> —Us(t) >0
p3 B
B Segment 11 5
. ik (t
saddle point | - élablc poin zpﬁ 3 wik(t)
—Wy(t) <0
Segment IIT
-1 p7
—u; (t)- ) Wi (t)

Fig. 4. When 7 > 1, the reachable equilibrium points of the dynamic
status vy (¢) of a particle s;. The point where —¥,(¢) equals ¥,(¢) is an
equilibrium point. @, A and ¢ denote a stable equilibrium point, saddle
point and unstable equilibrium point, respectively.
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Whereas, for an equlhbrlum pomt on Segment II,

because 23’:((;)) >1—yand 23’:“ —1>0, we have
_ [e%a(r)  o¥(2) duy
= [auik(t) 0] R 2
oY, (f) 6?’2([)
~ Auy = |c| Ay
|:6Mik(t) + au,k( ) Hie = ‘C| ik

such that the perturbation is intensified and the particle s;
departs from the original equilibrium point on Segment II.
Therefore, an equilibrium point on Segment II is unstable,
and only an equilibrium point on Segment III, e.g., p4 in
Fig. 4, is stable with uy(7) > 1,v04(1) = 1. O

Lemma 2. If y>1, —¥,(¢) <0, and g:’ for
uy(t) > 1, then the particle sy, will converge to a stable equi-
librium point with uy(t) > 1, vy(f) = 1.

Proof. Due to y > 1 and —¥,(¢) < 0, an equilibrium point
must be on Segment I11, e.g., ps in Fig 4. Moreover, as sta-
ted in the proof of Lemma 1, a% < 1 for uy(t) > 1 guar-

antees any equilibrium point on Segment III to be stable,
with M,'k(t) > 1, U,'k(l‘) =1. O

Lemma 3. If 7>1, ZZ: <1 for uik(t) =1% and
B0 51—y for uy(r) = 0" and uy(t) = 17, then the equilib-

Quj (1)
rium points s, and s in Fig. 4 are unstable and a saddle point,

respectively.

Proof. It is straightforward from the proof of Lemma
1. O

Theorem 1. If y > 1, chiel0)

Ouiy (1)
Zzlk >1—yp for 0" <uy(t) <
9 has a stable equlllbrlum point on Segment I1I iff the right
side of the equation is larger than 0 for u;(t) =1 and

Uik(t) =1.

<1 Sor uy(t) =17, and

17, the dynamical equation

Proof. By Lemmas 1-3, the equilibrium points on Segment
IT and Segment III, except for the saddle point s3 in Fig. 4,
are unstable and stable, respectively. We denote the right
side of Eq. (9) by RHS.

Sufficiency. Assume that RHS = % =V (1)+
¥,(t) > 0 holds for wuy(¢) =1,v4(¢) = 1. It follows that
Vi(t) # —Po(¢) for uy(t) =1,v4(t) =1, namely, it is
impossible that the equilibrium point is the intersection
point s3 where ¥;(¢) = —W,(¢). Since RHS = % >0 at
point uy () = 1, vy (¢) = 1, the increase of u;(¢) from value
1 leads to that the particle s; converges to a stable
equilibrium point on Segment III.

Necessity. Suppose that Eq. (9) has a stable equilibrium
point. We need to prove that RHS > 0 holds for u(¢) = 1
and vi(f) =1. By contrary, if there is RHS <0 for
uy(t) =1 and vy (¢) = 1, then the equilibrium point must
be either at the point s3 where RHS = 0, or on Segment II
because RHS = d“‘k < 0 would give rise to the decrease of

uy(¢) from value 1. Since the point s3 and any equilibrium
point on Segment II are all non-stable, we have a
contradiction. [

0%, ’><1 Sor uy(t) =17, and

Ouiy (1)

Theorem 2. If 7> 1,

2:‘:( > 11—y for 0" <uy(t) < 17, then the dynamical equa-
tion (8) has a stable equzltbrium poinl iff
> 14 2[4 + 0.254]. (15)

Proof. By Egs. (3), (4), (7), (8) we have
V() = {1 + Ao — Js (t)u (1)
— Zal(1+ exp(=Lu(ua(1)) ™ = 0.5} (1)
+ ¢ (0] [ (1)) (16)
Note that w?(z),7%(t),c3(1) < 1. By Theorem 1, for
uz(t) =1, vy(t) = 1, we have
y>1—¥,(2)
=1+ {~A = 22 + Ao (0)u (1)
+ Za[(1 + exp(—La(ua (1))
<1420 +025). O

— 0.5} (1) + < (1)) ()]

Lemma 4. If y > 1,{;(¢t) = 0, and the following conditions

are valid:

M+ < (141/32)23 4+ 0.252,. (17)

V> max{l —+ 4[/11 + j.z —+ 02513 + (,»k(t)id, 14+ 2[/13 —+ 025)4}}
(18)

then the dynamical equation (9) has a stable equilibrium point
with uy = 1, vy = 1.

Proof. Using Eq. (16) and noting % = 2wy (t)
uy () (wi(t) — 1), we obtain
oY , )
) = (2 22 R 0
+ 24[(1 + exp(—Cy (Hun ()~ — 0.5]%]

dwy () 2 .
duy(2) (1) =203007 (£)ui (1)

— 22C(1) exp(~Cult)uu (1)
X 11+ exp(~Cu(u(6)) ™ = 0.5]

X 1+ exp(— L (D)) 7| (—u0) 1%, (00)
+ O] = {201 = Ja + Z2 R ()i (1)
o+ 2al(1 + exp(=Ca(t)u (1)) = 05T

+ (4203 (s, (0(@ulr) = 1) = 20 (O (1)
— 2248 (t) exp(— L ()uu (1))

X 11+ exp(~Cu(u(6)) ™ = 0.5]

X 1+ exp( =G (1) (0)] ] (~ 1 (1) 15,0

X [73(0) + ¢ (1)) [ (1)

—2;»3 Wik ( )
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a(t) = 1"; and uy (1) < oy (1),
1, we derive

ri(8), e (t) <

oY, (1)
au,-k(t) <

2[2(=A1 — Ja + 23 4 0.2524)
+475(2/3)°(3/4)°/12] < 1

which leads to Eq. (17).

Similarly, from gf]f((; 1 -y for 07 <uy(f) <17, we
have
oW, (t X )
Gu-j((t)) >4(—dy —do = A3/4 = (p(0)de) > 1 =,

which leads to Eq. (18). By Theorem 2, therefore the con-
clusion is valid. O

Lemma 5. If y > 1,{;(¢) <
are valid:

0, and the following conditions

I+ s < (14 1/32) 5 + 24 (|Ca(0)] + 0.25) (19)
y>max{1 + 4[4 + 1 +0.254],1 + 245 + 0254}  (20)

then the dynamical equation (8) has a stable equilibrium point
with uy = 1, vy = 1.

Proof. Similar to the proof of Lemma 4, from chel0} S <1

for wuy(t) = 17, and wuy(t) <;0u(t), ru(t), cu(t) <um1, we
derive

oY, (1)
au,-k(t) <

2[2(=41 — Ao+ 23+ 0.2524)
+425(2/3)7(3/4)°1/12 + |Lu(1)] 24] < 1

which leads to Eq. (19).

And from 23’2( 1 —yfor 07 <

Suy(t) <17, we have

oY, (1)
61/1,'1((1)

> 4(—)»1 — Ay — /13/4) >1-— v,
which leads to Eq. (20). By Theorem 2, therefore the con-

clusion is valid. O

Theorem 3. If'y > 1, and the conditions (18), (19) are valid,
then the dynamical equation (9) has a stable equilibrium point
with Ui = 17 Vi = 1.

Proof. Straightforward, by Lemmas 4 and 5. O

Theorem 4. If the conditions (17), (18) remain valid, then
C-GPM will converge to a stable equilibrium state.

Proof. Using Eq. (16) and noting ‘é"”k( = 20 (Huy(2)
(wi () — 1), we obtain

0¥, (1)
Guik(t)

= {2[-h — A2 + A3 () (1)

+24[(1 + CXp(_Cik(I)uik(t)))71

+[—2j.3(})ik(l‘) c:]jl)::((:)) I/lizk(t) - 22360[2]{(1)14,-/{(1‘)

=248 (1) exp( =Ly ()u (1))
X [(1+ exp(~CalO)ux(1))) ' — 0.5]
1+ exp(~ () ()] (e 0) J3, (010

+ g (O[un ()] = {2[=41 — 2o + Ao (Ou (1)
+ Aa[(1 + exp(=La (Duu (1))~ = 0.5]]
+ [~ 4430;(1) ?k(t)(w (1) = 1) = 223005 (O)ua (1)
— 24483 (1) exp (=L (ua (1))

x [(1+ exp(=La()ux ()™ = 0.3]

x [1 4 exp(—=Ca (s (1)) (—uae () Yo (1) [ (0)
+ (O~ ua(1)]

For the force field F, we define a Lyapunov function L(¢)

by
/ dvtk

[(1 - exp(—c,-k<x>u,»k<x)>>‘l
()] [~y (x)] .

—0.5]

L(t) =

) (V*lvlk { M=l

+;“3w:k( g (x) +
— 0.5} (x) +

We hence have

01 < 36 Dt |+2/

+ 230 ()1 (x) + Aa[(1 + exp( =L ()ui (x)))
= 0.5 [ (v) + ¢, ()] [~ ()] v,
1 and u;(¢) <

dUlk

{ M=l

Since condition (18) is valid, vy (¢) < 1, it fol-

lows that
LOI<Y =D+ >y <mny
ik ik

which implies that L(¢) is bounded.
In addition, we have

dfi_(tt) - Z(V — Doa(2) dvgt(t) + Z duy (¢ ){ A —

+ 230 (g (1) + Za](1 + exp(=Lu(Ou (1))
= 0.5} () + 3 (O] [~ (1))
t

dU,k dulk
--3 d%((g) ) Cune) +
e () — Aal(1 + exp(—C

() + {4 + 4

Cu(Oua(0))) ™

COSPYAW + A0 —ue )
dvzk() dulk()
Zdu,km( a ) <0
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Thus L(¢) will monotonically decrease with the elapsing
time. [

3.4. The parallel C-GPM algorithm
Algorithm C-GPM

Input: ¢y, xi, (i

Output:
1. Initialization:
t—20
ra (1) —Initialize in parallel

2. While (duy /df # 0) do

t—t+1

uy(t) —Compute in parallel according to Eq. (3)
duy /dt  —Compute in parallel according to Eq. (8)

dry(¢t)/dt —Compute in parallel according to Eq.
(11)

ru(t) — rp(t — 1) + dry(2) /de

dey () /dt —Computein parallel according to Eq. (10)
ci(t) — cu(t — 1) + dey(2)/de

As indicated by Theorems 1-4, as long as we properly
select the parameters 4;, 4,, 43, 44 for the dynamical equa-
tions of C-GPM according to Egs. (17), (19), the conver-
gence and stability of the particle dynamics can be
guaranteed.

Given the results above, we can construct an algorithm
to solve the sensor fusion (resource allocation) problem, as
given below.

The algorithm C-GPM has in general a complexity of
Q(nm), where (nm) is the number of particles (the sum of
the number of elements of matrix ). The more realistic
time complexity of the algorithm is O(/), where [ is the
number of iterations for Step 2 (the while loop), as much
of the inner steps can be carried out in parallel.

4. Simulations

Here we give an example of a robot which represents a
multi-sensor fusion problem, and then use our C-GPM
method to find the optimum solution.

The robot has seven sensors: eye, nose, ear, arm, hand,
leg and foot. The robot has a reportoire of three actions:
open a door, take dictation, find food and take back.
Now we describe in detail how to solve the multi-sensor
fusion problem, namely, how to allocate sensors to objects.

Let sensors A4;, i =1,2,...,7 represent the eye, nose,
ear, arm, hand, leg and foot of the robot, respectively.
Let objects T, k =1,2,3 represent the robot’s actions of
opening a door, taking dictation, and finding food and tak-
ing them back, respectively.

Step 1.

1. Xik-

First, we establish the relations between sensors and
objects (actions). If sensor A; is related to object T},
xi = 1; otherwise, x; = 0. For example, the eye, arm,

hand, leg and foot are related to the object of opening a
door; the eye, ear, arm and hand are related to the object
of taking dictation. We can form the matrix X, as follows:

Xik T, T, T3
open a door take dictation find food and
take back
Ay eye 1 1 1
Ar:nose 0 0 1
As: ear 0 1 0
Ay arm 1 1 1
As: hand 1 1 1
Ag: leg 1 0 1
A7: foot 1 0 1
2. Cik-

Based on the different effects of the sensors 4;—4; on the
objects T1—T3, we can choose different weights ¢;. If sensor
A; 1s more important to object 7 than to 7, (k,1 € 1,2,3),
then ¢; will be larger than c¢;. The following must be
observed when choosing the weights:

o If x; =0, then ¢;; = 0, to ensure that object 7} which is
not related to sensor A; is not allocated any sensor
resource.

o ( < Cik < 1.

e In order that the sensor resources are fully allocated,
Seoe=1,i=12...,7

The weight matrix C we decide on for this particular
problem is as follows:

Cik T T, T3
open a door take dictation find food and
take back

Ay eye 0.5 0.25 0.25
Ar:nose 0 0 1
Az ear 0 1 0
Ay arm 04 0.3 0.4
As: hand  0.33 0.34 0.33
Ag: leg 0.35 0 0.65
A7: foot 0.35 0 0.65

3. (i

(1) By

C-GPM has a clear advantage over other approaches in
being able to deal with a variety of coordinations occurring
in multi-sensor systems. In Section 3, we divide typical
coordinations into four categories (I, II, III, IV) of 12
types.

Since the nose A, is not related with the object 7 of
opening a door, the coordination of the eye 4; with respect
to the nose A, is unilateral coordination, whereby 4,
would modify its intention, and 4; would not. Therefore,
fi, =11 and f,,; = 1. Since the eye A; and the arm A4
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are both related to the object T of opening a door, but
they themselves are unrelated, the coordination between
the eye 4, and the arm A, is bilateral coordination, and
neither A; nor A4 would modify their intention. So
fi4qy = II and f,,; = III. Since the arm A4 and the hand
As are both related to the object 77 of opening a
door and they influence each other, the coordination
between A4 and As is bilateral coordination, and 44 and
As must both modify their intention. So f,5; =1V and
Psar =1V,

As such, we can obtain all the f8;; values, as shown in
the following, where for object T, if there is no coordina-

9

tion between sensor A; and A4, f;; is set to .

Bin A, A A3 Ay As As A7

A, - 1l 11 m 1m0 Il
A, I - - I I I I
A, I - - I I I I
A, M1 11 - IV I
As m 1 11 v - I I
Ag m 1 1l m - m - v

A7 I 11 II III I

By Ay A A3 Ay As As A7
A, - 1I 111 111 111 II 1I

A4, 1 _ I I I _ _
As 111 11 - 111 111 II 11
Ag 111 11 111 - v II 11
As 111 11 111 v - II 11
A, 1 _ I I I _ _
4,1 - I I I _ -
Bijs A, Ay Ay Ay As A A
A - 111 11 111 111 111 111
As 111 - 1I 111 111 111 111
A I I - 1 1 1 1
Ag 111 111 11 - v 111 111
As 111 111 11 v - 111 111
Ag 111 111 11 111 nr - v
Aq 111 111 11 111 111 v —

(2) G
According to Eq. (6),

1 if By e MWy
Cn(t) = { 1 i e 20U
1 if e 2Vug™
) = { —1if B, € 2™ U 2™

and so we obtain (;; as follows:

Gijt A4, Ay A3 Ay As  As A7
Ay 0 1 1 1 1 1 1
A> -1 0 0 -1 -1 -1 -1
Aj -1 0 0 -1 -1 -1 -1
Ay 1 1 1 0 —1 1 1
As 1 1 1 -1 0 1 1
Ag 1 1 1 1 1 0 -1
Aq 1 1 1 1 1 -1 0
Cip Ay Ay  As Ay As A Ay
A 0 1 1 1 1 1 1
A, -1 0 -1 —1 —1 0 0
Aj 1 1 0 1 1 1 1
Ay 1 1 1 0 -1 1 1
As 1 1 1 -1 0 1 1
Ag -1 0 -1 -1 -1 0 0
Aq -1 0 -1 -1 -1 0 0
Cij3 A4, A, A Ay As  As A7
Ay 0 1 1 1 1 1 1
A, 1 0 1 1 1 1 1
Aj -1 -1 0 -1 -1 -1 -1
Ay 1 1 1 0 -1 1 1
As 1 1 1 -1 0 1 1
Ag 1 1 1 1 1 -1
Aq 1 1 1 1 1 -1 0
(3) Cac

According to Eq. (5), {u(f) = Z;"zlzijk(t) + Z;":]Cjik(t)a
we get (; as follows:

Cik Tl T2 T3
A, 8 6 10
A, 0 0 10
A, 0 6 0
A, 4 2 6
As 4 2 6
Ag 4 0 6
A; 4 0 6

{ir 1s equal to the sum of the ith row and the ith column
of the matrix ({;);,.;-

4. Vik+

Initialization: (¢ = 0)

ik Ty T T3
Ay 1/3 1/3 1/3
A, 0 0 1

As 0 1 0

Ay 1/3 1/3 1/3
As 1/3 1/3 1/3
Ag 1/2 0 1/2
A, 1/2 0 1/2
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Here r; is initialized by the average values. Alterna-
tively, r; can also be initialized as random numbers
between 0 and 1. In fact, based on the experiments we have
done, we found that the results are not affected by the ini-
tialization of R. Whatever ry is initialized to be, the matrix
R is dealt with using the following three steps:

o 1y = 0|Vxy = 0. If x; = 0, then r; = 0, to ensure that an
object T} which is not related to the sensor A; is not allo-
cated any sensor resource.

e Non-negativity: 0 < ry < 1.
Tik = Fig — mini,k”ik~

e Normalization. Let ry = ry/ Zz:lrih in order that the
sensor resources are fully allocated; that is,
S =1, i=1,2....7.

5. z(R):

According to Eq. (1), z(R) = Y0 >0 caraxy = 4.023.

Step 2. Compute in parallel (showing only the first evo-
lutionary iteration; ¢ = 1).

1. Af‘,—kl

According to Eq. (11), we have

Ouy , O oP d
iy, 2,22

If min,;ry <0, then let

Al”ik ~ dl"ik/dt = }1

= — M
al",k ar,-k ar,-k ar,-k
where,
@uik
~ = CikXik CXP(—Cik”ikxik)
arl‘k
oJ
~ = CiXik eXP(—CikVikxik)
arik

0P oP Ouy
ar,‘k o au,-k arik

o eR2) o
" D12k exp(—uy/2€%) Ory
a m n m
aQ = zzxik : Z (Z”ikxik - 1>
Vik k=1 =1 \ k=1
|: 1 1:| au[k
1+ exp(_Cikuik) 2| Ory
2. Acik:

According to Eq. (10), we have
Ouy, oJ oP ) o0

Acy ~ dC[k/dt = e + A= 3cn e 3cn acﬂc
where,
au,-k
@ = T'ikXik CXP(*Cthikxik)
aoJ
ey = T'ikXik exp(—cik”ikxik)

0P 0P Quy
acik a auik aCik

exp(— 12k/ 252) Oujr

> IZk | exp(—uj /2€2) " dcu
o9 11 Quy

dcg L+ eXp(—Cikuik) 2| Ocik

= —Uj -

3. rik(t = 1) and Cik([ = 1>.

I’ik(lzl):}’ik(t— )"‘Al”,k(l )
Cik(t = 1) = Cik(t = ) + AC,k(l )

11—005 )\.2—005 /v; 0.9 /L4:0.9 e=0.8

After we get ry (¢ = 1), matrix R should be dealt with
using the three steps just mentioned again.

In addition, after we get c¢; (¢ = 1), matrix C should be
dealt with similarly, i.e.,

® Cip = 0|ink =0.

e Non-negativity: Let ¢; = ¢ — min, ;ci.
> 3

e Normalization. Let ¢y = ci/D i Cur-

Regarding the coefficients 4, 4,, 43, 44 and e, we can
draw the following conclusions from the theoretical proofs
and the experiments we have done:

e When e is larger, the convergence speed of C-GPM algo-
rithm is faster.

o If the values of 4, 4,, 43, and 14 change in direct propor-
tion, the experimental results will hardly be influenced.

e In order for the C-GPM algorithm to converge, /3 and
A4 should be much larger than A, and Z,, based on
Egs. (17) and (19).

At the end of the first iteration we get

0.3692 0.3111 0.3197
0 0 1.0000
0 1.0000 0
R(t=1)=] 0.3368 0.3158 0.3474
0.3331 0.3260 0.3409
0.4582 0 0.5418
0.4582 0 0.5418
0.4869 0.2483 0.2648
0 0 1.0000
0 1.0000 0
C(t=1)=] 0.3603 0.2661 0.3735
0.3304 0.3269 0.3427
0.3554 0 0.6446
0.3554 0 0.6446
z(t = 1) = 4.0690
Obviously, z(t =1) > z(t = 0), the robot multi-sensor

fusion problem is being optimized. The evolutionary exper-
imental results for z from 1t =1 to ¢t = 120 are as follows,
and depicted in Fig. 5.

As shown in Fig. 5, the convergence speed is faster at
the beginning (from ¢ =0 to ¢ = 20) of the evolution. The
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z Optimization Trend

45 T T

0 20 40

]
60 80 100 120

Iteration ¢

Fig. 5. Optimization from ¢ =0 to ¢ = 120.

optimization trend of z reflects exactly the optimization of
the problem. At about 1 = 60, z approaches the maximum
of 4.53. At t=096, z reaches its maximum, and stays

unchanged in the remainder of the iterations. From
t =104 to 120, R is always equal to
1.0000 0.0000 0.0000
0 0 1.0000
0 1.0000 0
0.0000 0.0000 1.0000
0.0000 0.0000 1.0000
0.0000 0 1.0000
0.0000 0 1.0000
Since  ry(t=104) =ry(t =105) and cu(t= 104) =

et =105), dry/di(t =105) =0 and degi/de(r = 105) =
Thus, $4(r=105) = (¢ =105)%%¢ = 105) + a”fk(z =
105)“%(: —105) = 0. Therefore, the C-GPM algonthm
ends approprlately This shows that sensor resources are
allocated to the objects whose weights are the maximum.
Undoubtedly this solution of R obtained by C-GPM is
the optimum solution as it maximizes z, which verifies
the approach’s convergence and its ability to arrive at the
optimum for a complex problem. The solution at z = 120
however is not a practical solution because in order to
achieve the objective, it does not give the “less important”
sensors any resource. A more practical solution is probably
at around ¢ = 20 where z is very near its maximum value
and every sensor is allocated some resource:

0.8852 0.0277 0.0871
0 0 1.0000
0 1.0000 0
0.1041 0.0426 0.8533
0.1037 0.0565 0.8398
0.0723 0 0.9277
0.0723 0 0.9277

It should be possible to re-formulate the problem model,
perhaps with the addition of more constraints, such that
the iterative algorithm will settle at an optimum yet practi-
cal solution.

Besides the C-GPM algorithm’s good performance in
the mathematical sense, the particles’ evolution and motion
during the process of resolving the problem are also very
interesting. If x; = 1, then s, is a particle. For our robot
problem, there are 15 particles.

Sik T, T, 15

N
[\e)
.
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According to Eq. (3), uy = 1 —exp(—curaxi), we get
uy(t =0), as follows:

Uik (t = O) T] Tz T3

Ay 0.1521 0.0792 0.0792
A 0 0 0.6321
As 0 0.6321 0

Ay 0.1237 0.0943 0.1237
As 0.1032 0.1061 0.1032
Ae 0.1605 0 0.2775
A7 0.1605 0 0.2775

uy, 1s the y-coordinate of particle s;. The x-coordinate of
particle s;; represents the ordinal number of the particle.

The initial states of the 15 particles in the force field are
shown in Fig. 6.

When =5, 10, 15, 120, the states of the 15 particles in
the force field are shown in Figs. 7-10, respectively.
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Fig. 6. The initial state of 15 particles in the force field.
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Fig. 9. When 7 = 15.

Fig. 10. When ¢ = 120.

5. Conclusion
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Fig. 7. When ¢ =5.

In this paper, we describe a new evolutionary approach
to multi-sensor fusion based on the coordination general-
ized particle model (C-GPM). We study some theoretical
foundations of the approach including its convergence.
The validity of C-GPM is verified via several formal proofs
and by simulations.
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We present the C-GPM approach as a new branch of
evolutionary algorithms, which can overcome the limita-
tions of other existing evolutionary algorithms in capturing
the entire dynamics inherent in the problem, especially
those that are high-dimensional, highly nonlinear, and
random.

Hence, the C-GPM approach can describe the complex
behaviors and dynamics of multiple sensors.

The model treats each possible allocation of resources as
a configuration of particles with “physical’’ attributes and
then finds the equilibrium of the system iteratively. A novel
aspect of the approach is that it takes into account “‘uncon-
scious” social coordinations between the sensors.

The C-GPM algorithm can work out the theoretical
optimum solution, which is important and exciting. To
summarize, the C-GPM approach has the following attrac-
tive features:

e Very high parallelism and real-time computational
performance.

e A sensor in a multi-sensor system is regarded as being
neither fully selfish nor fully unselfish, and so different
sensors can exhibit different degrees of autonomy.

o A variety of complicated social coordinations among the
sensors can be taken into account in the process of prob-
lem-solving.

e The C-GPM algorithm can work out the optimum solu-
tion of any multi-sensor fusion problem.

o C-GPM is a physics-based evolutionary algorithm that
can overcome the limitations of other traditional evolu-
tionary algorithms in describing the high-dimensional,
highly nonlinear, and random behaviors and dynamics
of objects.

e There are only five coefficients in the C-GPM algorithm,
whose values are all easy to choose.

Acknowledgements

We thank the editor and referees for their very clear and
useful advice and comments. This work is supported by a
Hong Kong University Small Project Funding
(200607176155).

References

[1] S. Forrest, Genetic algorithms—principles of natural-selection applied
to computation, Science 261 (5123) (1993) 872-878.

[2] S. Kirkpatrick, C.D. Gelatt, M.P. Vecchi, Optimization by simulated
annealing, Science 220 (4598) (1983) 671-680.

[3] E. Bonabeau, M. Dorigo, G. Theraulaz, Inspiration for optimization
from social insect behaviour, Nature 406 (6791) (2000) 39-42.

[4]J. Kennedy, R.C. Eberhart, Particle swarm optimization, in: Proc.
IEEE Conf. Neural Networks, Piscataway, NJ, vol. IV, 1995, pp.
1942-1948.

[5] Z. Ren, C.J. Anumba, O.0. Ugwu, The development of a multi-agent
system for construction claims negotiation, Advances in Engineering
Software 34 (2003) 683-696.

[6] Z. Ren, C.J. Anumba, Multi-agent systems in construction state of
the art and prospects, Automation in Construction 13 (2004)
421-434.

[7] G. Vincent, L.P. Christophe, S. Sami, A multi-agents architecture to
enhance end-user individual based modelling, Ecological Modelling
157 (2002) 23-41.

[8] C.J. Emmanouilides, S. Kasderidis, J.G. Taylor, A random asymmetric
temporal model of multi-agent interactions: dynamical analysis,
Physica D 181 (2003) 102-120.



	The coordination generalized particle model-An evolutionary approach to multi-sensor fusion
	Introduction
	Dynamic sensor resource allocation
	The C-GPM approach to sensor fusion
	Physical model of C-GPM
	Mathematical model of C-GPM
	Convergence analysis
	The parallel C-GPM algorithm

	Simulations
	Conclusion
	Acknowledgements
	References


