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Abstract

We present a novel scheme for distributed search in mobile sensors networks that is inspired by collective forms of intelligence
present in many biological systems. Unlike the established paradigms of swarm intelligence, we posit a form of individual
rationality governing each agent’s decision. In the scheme proposed, a network of mobile sensors is tasked to find several targets
over a search area. The sensing technology is imperfect so there are non-negligible probabilities for false positives and false
negatives. Mobile sensors leave two data ‘trails’ across potential target locations that have been explored. One trail is associated
with the frequency with which a given location has been probed while the other relates to the Bayes updated likelihood that
a target is present. These trails are stored in a geographically distributed array of stationary motes. Each sensor processes the
implicit information encapsulated in the two trails and chooses a decision that is aimed at maximizing the chance of detecting
a target without unnecessary duplication in probing. By endowing mobile sensors with this simple optimization rule, we show
that a form of ‘rational swarm’ intelligence emerges as sensors successfully coordinate indirectly (i.e. they achieve a one-to-one
allocation of agents and targets) through active manipulation of the trails. This feature guarantees the proposed scheme is

both reconfigurable and scalable.
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Introduction

In this paper, we are interested in peer-to-peer network
applications involving the search, identification, and
location of targets across a search area that is often
vast and possibly dangerous to navigate. Mobile robots
and/or sensors employed for such applications provide
promise to more rapidly and safely locate targets in dif-
ferent military, homeland security and/or disaster recov-
ery scenarios. Advantages of these type of applications
include reduced risk for human search and/or rescue
teams and significantly enhanced search capabilities.

Specifically, we present a novel scheme for distributed
search in mobile sensors networks that is inspired by
collective forms of intelligence present in many biologi-
cal systems typically referred to as “swarm intelligence”
(see for instance, [2] and [3]). Unlike the established
paradigms of swarm intelligence, we posit a form of indi-
vidual rationality governing each agent’s decision. Hence
the term “rational” swarm. Under the proposed scheme
a network of n mobile sensors is tasked to find n targets.
The sensing technology is imperfect so there are non-
negligible probabilities for false positives and false neg-
atives. Mobile sensors leave two ‘trails’ across potential
target locations that have been explored. One trail is as-
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sociated with the frequency with which a given location
has been probed while the other relates to the Bayes up-
dated likelihood that a target is present. These trails are
reminiscent of the pheromone trail used by ant colonies
to find the shortest path between their nest and a food
source. Unlike the established paradigms of swarm intel-
ligence, agents process the implicit information encapsu-
lated in the two trails and choose a decision that is aimed
at maximizing the chance of detecting a target without
unnecessary duplication in probing. By endowing mobile
sensors with this simple optimization rule, we show that
a form of ‘rational swarm’ intelligence emerges as sen-
sors successfully coordinate indirectly (i.e. they achieve a
one-to-one allocation of agents and targets) through ac-
tive manipulation of the trails. This feature guarantees
the proposed scheme is both reconfigurable and scalable.
Reconfigurability follows from the fact that each sensor
only need to know how often a given location has been
probed by itself and by sensor(s) other than itself in the
past (regardless of the identity of the other sensor(s) that
executed the probes) and the updated Bayesian proba-
bilities. Thus, sensors do not need to know the makeup
of the group so new sensors can enter the network and
others can exit. Scalability follows from the fact that bi-
lateral communication amongst sensors is not required.
Instead, agents must be able to access the values of the
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two trails. This can be achieved by having a geographi-
cally distributed array of stationary motes in charge of
keeping track of these values.

The structure of this paper is as follows: in section 1
we provide a brief literature review on distributed con-
trol schemes for multi-agent systems that are inspired by
natural phenomena. In section 2, our proposed scheme
for on-line distributed Bayesian search is formalized. In
section 3, the convergence with probability one to an ef-
ficient allocation of sensors to targets is proven. Numer-
ical tests are conducted in Section 4 to test scalability,
the speed of convergence vis-a-vis a centralized search
scheme and the ability to track moving targets. In sec-
tion 5 an implementation of the algorithm on a physical
testbed is demonstrated. Finally, in the paper’s last sec-
tion, we offer some concluding remarks with an emphasis
on future research tasks.

1 Literature Review

The design and implementation of distributed control
schemes for multi-agent systems that are inspired by nat-
ural phenomena (e.g. swarming, flocking, herding etc.)
has been the subject of intense activity by various re-
search communities including artificial intelligence, con-
trol theory and operations research (see for instance, [2]
and [3]). Coordination in multiple robot systems poses
new fundamental challenges not present in single-robot
applications (see [4] and the references therein). In this
section, we shall not attempt to provide a comprehen-
sive literature review. Instead, we briefly discuss some
of the relevant research publications relating to relevant
challenges in the context of this paper:

(1) Communication: Sharing information in multi-
robot systems is particularly critical for ensuring
successful coordination. Nonetheless, difficulties
associated with limited bandwidth, rapidly chang-
ing topologies and link failures, call for more so-
phisticated routing and flow control protocols (see
[15] and [17]). In more recent work (see [8] and
[13]), ant colony based routing algorithms for time-
varying operating conditions have been proposed
and tested with encouraging results.

(2) Localization, mapping and exploration: Multi-
robot systems have enabled new capabilities in
this area. For example, a multi robot system can
take measurements from distant robots to increase
positioning precision and/or allow sensor calibra-
tion. Teams of robots that cooperate can speed
up field exploration by exchanging captured data
and/or optimize sensing coverage. Notable recent
contributions in this area include [7], [18] and [5].

(3) Motion coordination: Path planning in the context
of multi-robot systems must address issues such as
collision avoidance (see [9] and [16]), the genera-
tion and maintenance of robot formations and co-

ordinated target tracking, where the optimization
of each robot’s motion path is aimed at reducing
the search time (see [6], [1], [11] and [20]).

(4) Architecture, task allocation and control: The plat-
form architecture provides the structure upon
which collective behavior is implemented. As such,
it determines most of the system capabilities and
limitations. Task allocation and control relates to
delegation of responsibilities and goal distribution
within both homogeneous or heterogeneous multi-
robot teams, and how these affect performance on
the entire system (see [4], [14] and [12]).

2 Distributed Search by a Swarm of Sensors

Consider a situation where n mobile sensors are tasked to
find n targets in a grid (without obstacles) which we shall
denote by X. We shall denote by X* the set of feasible
locations for the n targets, i.e. X* = {af,25,... 2%},
i € X. Let u%(z) be the a priori probability that a
target is located at x € X. Let o and 3 denote the
conditional probability of obtaining “false positives” and
“false negatives”, respectively. Let Z(x) be the probe
result for a given location x € X, where Z(z) = 1 if a
“positive” result is obtained and Z(z) = 0, otherwise.
The Bayesian update ! is:

(1-B)u’(z)
s ta-peE 2@ =1
.ul (z) = (1)
w0 () _
o=@ 2@) =0

Let \*(x) denote a measure of probing activity in loca-
tion z € X. With knowledge of A'(z) and p(x) each
sensor ¢ (currently located at st € X) is to decide where
to probe next. Let N(s!) denote the set of locations in
X that are reachable from s! within one iteration. We
assume s’ € N(s!), meaning a sensor may remain at its
current location. Also, A\ (z) is a measure of probing
activity in location x € X by sensors other than ¢. In
determining his/her next probe location S§+1, robot ¢
solves the following simple optimization problem

st e Bf = arg g}lvagf)[ut(x)()\?(x) = 2L@)] (2

where the choice of si™' is random in the case B! is
not a singleton. Note that A" ;(z) can be interpreted as
the “pheromone trail” left by other sensors, i.e. a simple
form of s tigmergy (see [19]). In this context, robots’ col-
lective intelligence or swarm intelligence is encapsulated

! The updating formula for more than one probe for a given
location at the same time is ommitted for space considera-
tions.



in the local optimization rule in (2) according to which
a robot’s next choice of location maximizes the chance
of finding a target without duplication. After the choice
of location is made, robots proceed to sample the lo-
cation and the updated probability distribution p*+! is
constructed as described in (1) above and the frequency
trail A\ = (A}, \".,) is updated as follows:

A (@) = N(z) + P(Lygrriyy — A (@)
A (@) = ALi(@) + p(L i,y — ALi(2))

where p € (0,1) and 1 e1_,y and 1,1, are the

indicator random variables of the event {sl;f+1 =z} and
{siTh =, j #1i}.

The basic structure of the algorithm sketched is illus-
trated in Figure 1. The network architecture implicitly
represented in Figure 1 is reconfigurable because agents
only need to know how often a given location has been
probed in the past (i.e. \'(x), € X) and the updated
Bayesian beliefs (i.e. p'(z), * € X) regardless of the
identity of the sensor(s) that executed the probes. Thus,
sensors do not need to know the makeup of the group
so new sensors can enter the network and others can
exit (e.g., in a low fuel state), providing a flexible and
adaptable network for dynamic mission objectives. Note
also that while bilateral communication is not required,
agents must be able to access at all times the reposi-
tory of the “state” of the system (i.e. the values of \*(z)
and p'(z), z € X). This can be achieved by having a
geographically distributed array of stationary motes in
charge of keeping track of A*(z) and u*(x), for locations
x € X, within their communication radius.

Mobile Sensor 1
Probe Location Choice

=

Mobile Sensor n
Probe Location Choice

Fig. 1. Schematic for Distributed Search.
3 Convergence
3.1  Complete Information

In this section we study the convergence of the scheme
when target locations are known (i.e. ut(z) = 1if z €
X* and p'(x) = 0, otherwise). We shall also assume
that robots can move to any location within one time
period, i.e. N(st) = X for all locations si,¢ > 0. Our
first Lemma characterizes the dynamics of the set BY.

Lemma 1: B{™' C B!

Proof: Let z ¢ B!. It follows that

AT ) = A5 (@) = (1= p)Nile) = Ay(@)] = pLigeniyy

For Yy = SE+1 S B,f we have
A ) =AZ () = (A=p) N () AL ()] +p(1=1 vi_ )
Hence,

A y) = AT y) = 1= p)N) — @) (65)

From (4) and (5) it follows that

ATHy) = AT () — (@) = A (@)
> (1= p)Niy) = ALiw)] = (1= p)Ni(x) = ALy(2)]
>0

This implies x ¢ Bf"'l. |

Although Lemma 1 clearly suggests each agent’s best
reply set converges to a singleton, it doesn’t necessar-
ily guarantee the outcome to be a one-to-one allocation
of agents to targets. Actually, an example of inefficient
allocation (more than 1 agent end up with the same tar-
get) can be found without much difficulty.

To deal with this problem, we now introduce a slight vari-
ation to the scheme where agents make small “errors”
when choosing their best location to probe. In words,
at any point in time an agent has a “small” probability
p > 0 of choosing a location that is e-optimal (i.e. the
value of the objective function is within e of the opti-
mal value, for € € (0, 1)). This variation is formalized by
introducing the following notation:

B! with probability 1 — p

Bl = (6)

K2

Bl(e) with probability p

In what follows, we study the convergence of the se-
quence of choice locations induced by the random rule
formalized in (6). In the lemma below, we show that an
agent converges upon a target location whenever he/she
has been “almost” the only one to visit it (i.e. other
agents have rarely visited that same location).

Lemma 2: If \(z) — \",(z) > 1 —§ for some t < oo

and r € X*,§ < 156 then

lim (A} (2) — A", (2)] = 1

t—oo



Proof: By hypothesis, \!(z) > 1 — ¢ which implies
A(y) <1—(1-8)=6forye X\{z}. Thus,

Ni(x) = ALi(a) = [Niy) = ALi(y)] > 1 —20 > ¢
Hence, B!(¢) = Bt = {x}. Also, \" ,(z) < § and \(x) >
1 — 0 respectively imply that A;(x) < § and )\ij (z) >
1—dforallj € {1,2,...,n}\ {i}. Moreover, there exists
a choice of location, say y € X\ {z}, for which /\3 (y) —
AL;(y) > 0. Hence,

t t t t
Aj(x) = A;(2) <26 =1 < —e <0< Aj(y) — AL, (y)
Or equivalently, z ¢ Bj(e) U Bf. Thus,
A (@) = AD (@) > Xi(z) = ALi() > 16

and by a similar argument as above, s;*? = z and s/ "% #

x for j € {1,2,...,n}\{¢}. The argument follows by
induction. |

Before we proceed with the main result in this section
(i.e. Theorem 1), we need a final preliminary result:

1 =z € Bl(e) and
st oL x then B! = {2} and x ¢ B;H for j #1i.

Proof: Note that

A (@) = A (2) = Li(@) +p

p)(Ni(@) —
") - At i(@*) =

1-
1= p)(Xi(=

v

€)+p

where z* € B!. Since p > (1 — p)e, it follows that

AN @) = NN @) > (1 - p)(Ni(a™) — /\t (%))
> (1= p)(Ni(y) = 25, (v)
>N (y) - At—tl(y)

for all y € X\ {x}. Let y € BY. Tt follows that

A (@) = M (@) = (1= p)(Nj(2) = ALj(x) — p
<1 =p)(Nj(y) = AL;w) —p
<A (y) = A (y)
Thus, ¢ Bi™. [ ]

In the main result in this section, we show how non-
convergence or even limit cycles can not occur as the
probability of reaching the “absorbing” condition in
Lemma 2 has a uniform positive lower bound.

Theorem 1: Assume p > 1+e For every x € X* there

exists i € {1,2,...,n} such that

tlim N(z) = A (x)] =1 wp. 1

Proof: Let x € X* and suppose there exists ¢ €
{1,2,...,n} such that

sf“ =z and st_tl % x infinitely often.

It follows that there exists a subsequence (indexed by
t(k)) along which st(k)+1 = z and st_(f)ﬂ # x. By
Lemma 3, Bf(k)ﬂ = {z} and = ¢ B;fi(k)ﬂ7 j # i. For
7 > 1 with probability [(1 — p)™]":

)\t(k)+l+1(

.'L') _ )\7:(1@)+£+1(x)

t(k)+z( )\t(k)+é($)

> A x)— A

for¢ € {0,1,...,7}. It follows that with probability [(1—
p)"]” where 7 = {%—‘, we would have

AT () - AT () > 16
Thus, by Lemma 2, A (z) — A" ;(z) — 1 with probability
1. Suppose now that for all ¢ € {1,2,...,n},

t+1 t+1

t+1
s; " Faxors, =s"

=1x eventually.

Note that if ¢ Bi(e) then = ¢ B!™'(e). Thus, ei-
ther s £ x eventually (in which case, A(z) — 0) or
sttt = s"1 = 2 eventually (in which case, \i(z) — 1
and Aj(z) — A, (x)

converge to a certain location. If lim; .. Ai(z) =
lim; oo A" ;(z) = 1 we have that at most n — 2 agents
are converging on n — 1 remaining locations, thus

there exists a choice of location y € X* such that
limy 00 A", (y) = 0 and T'(¢) such that for all ¢ > T'(e)

— 0). This implies that all agents

max{Al(z) = Xy (@); M(y) = AL (0)} < 5

This implies y € Bl (e) for t > T'(¢). Choosing = over y
infinitely often is a event with zero probability. |

3.2 Incomplete Information

In this section we study the convergence of the scheme
when target locations are not known. The different
probes by mobile sensors results in an updated proba-
bility distribution uf. Suppose location € X* (respec-
tively, x € X\ X™) is probed infinitely often. Provided



hat p'(z) — 1

1— 0 # a, it is well known (see [10]) t
x) — 0).

with probability one (respectively, ut(

Lemma 4: Assuming incomplete information,

a. P (s’;+1 = st_tl =
ie{l,2,..,n}.
b. P({SE-H =z eventually}) =0 for x € X\ X* and

i€{1,2,...n}.

x eventually) =0 for x € X* and

Proof: Part (a). sit' = "' = z eventually implies
lim; oo Mi(2) = limy oo A" ;(z) = 1 and

lim [ () (AL () = AL,(2))] = 0.

t—o0

Let y € X\ X*. If y is probed infinitely often then
pt(y) — 0. If y is not probed infinitely then A*(y) — 0.

Thus,
lim [ (y) (A (y) = X ()] = 0

It follows that there exists T'(¢) such that for all t > T'(e),
y € B! (¢€). Therefore,

0o<P (sf+1 = st_tl =z eventually)
<P (sf+1 = x infinitely often)
=0

Part (b). Let y € X\ X* and y # x. As argued above
limy oo [0t (y) (Mi(y) — A" (y))] = 0, thus there exists
T (e) such that for all t > T'(e), y € B! (¢). Therefore,

o<P (sf“ =z eventually)
<P (slf+1 = x infinitely often)
=0. |

The convergence proof for the scheme under incomplete
information builds up on the proof of Theorem 1.

Theorem 2: Assume p > 1‘5? and incomplete informa-

tion. For every x € X*, there exists i € {1,2,...,n} such
that

lim [ () Al(2) = XL ()] = 1 wap. 1

t—o0o

Proof: Let z € X*. By Lemma 4(a) and 4(b), z will be
probed infinitely often and p‘(x) — 1 with probability
one. By Lemma 4(a) there exists i € {1,2,...,n} such
that

t+1 _ t+1 . ‘
s, =z and s7" # x infinitely often.

It follows that there exists a subsequence (indexed by
t(k)) along which sz(k)l'l = z and st_(f)l_l # z. By a

similar argument to Lemma 3 above, B! )+ — {z} and
v BT G

with probability 1 — 3. For 7 > 1 with probability [(1 —
A1 —p)N

Mt(k)”“(x)(Af(kH”l(a:) _ )\t(k)+e+1(x))

—1

> pt @ @) (N () = AP (@)

-1

for ¢ € {0,1,..
would have

., 7}. It follows that for some finite 7* we

T @) (AT (@) - AT (@) > 1 -6

with probability [(1—8)(1—p)]N™ > 0. Also, p'(z) — 1
implies the existence of T'(6) such for fixed ¢ and t' >
max{T(§),t+ 7"+ 1}

! (@) (M (@) = AT @) > 16

By a similar argument to Lemma 2, we can show that
BY(e) = B! = {z} and z ¢ B",(¢) U B [

Now we have proved in both complete and incomplete
scenarios, our proposed rational swarm searching scheme
will achieve a one-to-one-agent-target allocation with
probability one given equally many agents and targets.
Obviously, the results of Theorem 1 and Theorem 2 still
hold when we have more agents than targets. In the case
where there are less agents, some targets will remain un-
covered. However this issue can be sorted out by giving
some small modification to the algorithm. For example,
an agent can be released to search other area when the
posterior probability p of the current spot reaches a cer-
tain threshold or after the target is successfully removed
by the agent.

4 Numerical Experiments

To illustrate, consider a situation where n = 5 mobile
sensors (whose initial location is represented by the sym-
bol O) are tasked to find n targets (whose stationary
location is represented by the symbol B) in a n X n area
depicted below. We further assume there are no obsta-
cles in the area and that within one iteration a sensor
may move to any adjacent location or remain at its cur-
rent location.

(]
N
g/ m n
]
o m 0
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0.6
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0.2

%‘ SSOUSS

e eeeseeSeeNy
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Posterior Distribution p

Iteration 20

Posterior Distribution p

Fig. 2. Evolution of p’.

Figure 2 and 3 show the evolution of the posterior dis-
tribution g and the empirical frequency A as the agents
are probing the area and o = 0.15 and 8 = 0.10. Note
how “peaks” on probing activity emerge right in the ex-
act target locations.

We tested how well the scheme scales up. In Figure 4, we
show the results of applying such modification to a set
of problems for an increasing number of targets/agents,
N = {5,10,20}, and where the size of the grid increases
squarely in the number of agents, i.e. G = {52,102, 20%}.

Iteration 1

Empirical Frequency A
Iteration 20

Empirical Frequency A

Fig. 3. Evolution of \’.

Note the time to full coverage degrades linearly in scale.

Suppose now that the target location changes in an un-
predictable fashion. In Figure 5, we present the results
where we have 20 targets in a 20 x 20 area and target
locations change randomly every 200 iterations and the
number of agents exceeds the number of targets by 20
percent.

Finally, we compare the performance of our distributed
search algorithm with a centralized search scheme, where



0.8r

0.61

0.4r

% of Covered Targets

5x5 grid —— il
10x10 grid =~ ————————=

'
1
0.2t '
1
' 20x20 grid e

5 50 200 600
Iterations

Fig. 4. Test for scalability.

for each iteration ¢, there is a “virtual” base station that
instructs each agent on the best next location to probe.
Note that such in such a centralized scheme, unnecessary
duplication in search efforts is avoided. We tested the
two algorithms with a total of 5, 10, 20 targets, 6,12,24
mobile agents, and area size 52, 102, 20? respectively.
For each scenario, we repeated the experiment 200 times
with randomized targets locations each time. The results
are shown in Table 2.

Mean (Std Dev) | # Iterations to Full Detection
# Targets Distributed ‘ Centralized

5 19.33 (8.87) 12.95 (6.61)

10 48.71 (22.60) | 45.56 (18.82)

20 138.20 (47.59) | 132.15 (49.13)

Table 2: Comparison

This evidence suggests the performance of our dis-
tributed search scheme is very close to the centralized
scheme and it improves when the scale is up. Although
in the centralized search scheme there is no need to

201 ’J/H_,i
161 1

12 q

# of Covered Targets

0 200 400 600 800 1000 1200
Iterations

Fig. 5. Adaptation to Target Location Changes.

keep track of A’, this scheme is not as robust as the
distributed scheme since communication link failures
leave agents idle and it may also require significant
communication capabilities (e.g. multi-hopping).

5 Physical Testbed

For the purpose of testing the proposed searching scheme
we built a testbed consisting of four agents, and four
targets distributed in an 8 by 10 feet square searching
field. A virtual grid was generated to divide the field into
1 foot square cells, where the individual sensing took
place. The testbed can be described as the integration
of the following main components:

Agents A set of four Lego Mindstorm NXT robots us-
ing a three-wheel configuration where used as mobile
platforms

Positioning System An elevated webcam together
with onboard LED’s were used to determine agent
positions and facing direction within the searching
field

Target Detection A light sensor pointing downwards
was placed in each agent to detect darker sectors (tar-
gets) that contrasted with the white field

Measurement Error False positive and false negative
outputs were introduced within each agent posterior
target sensing

Data Handling Bluetooth links were established be-
tween a data repository (Laptop) and each agent in-
dependently to share the desired information

Restricted Movement Agents are only allow to move
to non-diagonal adjacent cells

The searching scheme runs under some simple steps that
are described below,

(1) While p; < .99, Vi=1,..,n

(2) read agent ¢’s sensor output and determine its
position and facing direction

(3) update A and

(4) retrieve position, facing direction and adjacent

cells’” information to agent ¢

(5)  agent i computes its best next reply z;

(6) agent ¢ moves to x;

(7)  set i to be the next available agent

(8) end

Figure 6 is an output from the physical demo? .

6 Conclusions

The scheme proposed in this paper has direct implica-
tions for applications involving the search, identification,

2 The full version of the physical demo can be watched at
http://people.virginia.edu/~ag7s/papers/Lego_video.avi



Mu (Bayes Updated Probability)

Search Field

Fig. 6. GUI Output from the Physical Testbed

and location of targets across a search area that maybe
vast and dangerous to navigate. Mobile robots employed
for such applications provide promise to more rapidly
and safely locate human beings and other targets. Such
applications reduce risk for human rescue teams. Recent
tragedies such as the Hurricane Katrina disaster man-
agement efforts and World Trade Center recovery efforts
have highlighted some of the most extreme examples
where such applications could be brought to benefit.

Unlike the established paradigms of swarm intelligence,
in our scheme, agents process the implicit information
encapsulated in two “trails” and choose a decision that
is aimed at maximizing the chance of detecting a target
without unnecessary duplication in probing. By endow-
ing mobile sensors with this simple optimization rule,
we have shown that a form of ‘rational swarm’ intelli-
gence emerges as sensors successfully coordinate indi-
rectly (i.e. they achieve a one-to-one allocation of agents
and targets) through active manipulation of the trails.
This feature guarantees the proposed scheme is both re-
configurable and scalable. Reconfigurability follows from
the fact that agents only need to know how often a given
location has been probed in the past (regardless of the
identity of the sensor(s) that executed the probes) and
the updated Bayesian probabilities. By enabling more
rapid and safer target location discovery, the scheme we
propose could be widely applicable in different military,
homeland security and/or disaster recovery scenarios.
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