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Abstract and coworkers used a microscopic approach to study collec-
tive behaviour of a swarm of robots engaged in cluster aggre-
Understanding the effect of individual parameters  gation (Martinoli et al., 1999) and collaborative stickimg

on the collective performance of swarm robotic sys-  (ljspeert et al., 2001), in which a robot’s interactionstwit
tems in order to design and optimise individual robot  other robots and the environment are modelled as a series of
behaviours is a significant challenge. This paper stochastic events, with probabilities determined by segg-
presents a probabilistic model of a swarm foraging  ometric considerations and systematic experiments with on
task. A number of difference equations are derivedto  or two real robots. In contrast, Lerman developed a macro-
describe the probabilistic finite state machine for the  scopic model, as widely used in physics, chemistry, biology
task at a macroscopic level. Ageometrical approachis and the social sciences, to directly describe the colledier
then developed in order to estimate the state transition haviour of the robotic swarm. A class of macroscopic models
probabilities by considering the simple strategies of  have been used to study the effect of interference in a swarm
individual robots. The paper validates the mathemati-  of foraging robots (Lerman, 2002) and collaborative stick-
cal model using the simulation tools Player/Stage, and  pulling (Lerman et al., 2002; Martinoli and Easton, 2004).
results show the model achieves excellent agreement

o . In our previous work, we described a group of foragin
with simulation. p group ging

robots with an adaptation mechanism to optimise the energy
income to the swarm (Liu et al., 2006). Three adaptatiorsrule
are introduced based on local sensing and communications.
Individual robots use internal cues (successful foodeestl),

1. Introduction

Inspired by biological systems, swarm robotics is a reddyiv ) - i .
new approach to the coordination of a large number of simpl@nvIronmental cues (<_:oII|5|ons with teammates Wh'.le gearc
robots. Despite the limited sensing, communication and-com"9 for food) and.somal cues (tegmmate SUCCESS 1N food re-
putation abilities of each individual robot in the swarmpco trieval) to dynamically vary the time spent foraging or fest

plex self-organised behaviours, which cannot be observe@l?l‘ tS'mu_ljt'(t)Q results sthow (tjhe adaptatlotp r_nef[:_hanlam IS
at the individual level, can emerge from local interactions®° € 'O ulde the swarm towards energy optimisation. How-

among robots and between the robots and the environmerfiver itis unclear how closely the swarm with the adaptation

Advantages of the swarm robotics approach lie in the prop?ecran;sm approgchesk optimal enﬁgy efﬁuencty; Sl;Ch t%p-
erties of scalability, adaptivity and robustness of theugro |r(;1a vaiues Iremarlln ur? novr\:phas a b € parlamec(jers or 'el
However, one of the challenges in swarm robotics is to unadaptation algorithm have hitherto been selected on a tria

derstand the effect of individual parameters on the group pe and error basis and there are no obvious guidelines for fine

formance in order to design and optimise individual robot™u"MNg these parameters. Following an approach similar to

behaviours and hence achieve the desired collective swar?'nOse presgnted tl;)ybl_\f!atr_tlnoll(?nlci Lgrmaf‘t; Wtf] Wf'” deyeI()tp a
properties. Much work has been done with either simulatio acroscopic probabilistic model to describe the foragasi

or real robots to test the performance of the group and con0" @ swarm of homogeneous robots in which each robothas a

sequently change individual robot behaviours and their pa[lumber of time parameters, and mathematically explore how
rameters using a trial and error process, but relativetlg lit those parameters effect the group performance.

work has approached this problem with mathematical mod- This paper is organised as follows: a probabilistic finite
elling. A probabilistic model, using both microscopic and state machine (PFSM) for swarm foraging is introduced in
macroscopic approaches has, however, been successfully egection 2, we then develop the difference equations to de-

plied to analysis of collective swarm behaviour. Martinoli scribe the PFSM in section 3. The estimation of all the proba-



bilities and time parameters are presented based on ggometspectively with probabilityy,, as shown in Fig.1. The avoid-
considerations in section 4; we validate the model using simance behaviour takeg seconds to complete before the robot
ulation in section 5 and conclude the paper in section 6. moves back to its previous state. The transitions in Figril ca

be divided into two categories; one is triggered by the proba
2. Probabilistic Finite State Machine for bility an event occurs, such as catching sight of a food-ibem

Swarm Foraging collision with other robots, the other is triggered by thadi

duration spent in one specific state. For instance, theitrans
Consider the swarm foraging scenario: there are a numbejon between stat® andS is triggered by the time the robot
of food-items randomly scattered in the arena and as food ifests at the ‘nest’ while transfer from staftéo H is triggered
collected more will, over time, ‘grow’ to replenish the sijop by the time the robot has been engaged in searching. Note
A swarm of robots are searching and retrieving food-itemshat for the robots in state§, H and D, they are all mov-
back to the ‘nest’. Each food-item collected will deliver an ing towards a specific target which is either a food-item or
amount of energy to the swarm but the activity of foragingthe ‘nest’, hence,, 7, andr, represent the average time the
will consume a certain amount of energy at the same timerobot will stay in the corresponding state before moving to
The foraging task can be described as a probabilistic finitginother state. Note that the transitions from stateidance
state machine (PFSM) as shown in Fig.1. to other states depend not only on the parametebsit also
the parameters,, 7, or 74; the latter are indicated by dotted
lines in Fig. 1 with higher priority.

3. Mathematical Description of the PFSM

We now consider the average number of robots in each state
based on the probabilistic finite state machine of Fig.1 tvhic
describes the foraging task at the level of the individubbto

The change in the average number of robots in each state can
be mathematically described with a set of difference equa-
tions in the discrete-time domain. The time parameters

Tg, Thy Td» Tr andr, are therefore discretised to g , 7,

Ty, Ty, T, andT, accordingly. The complete set of equations
Figure 1: PFSM for foraging task. are given in the following sections.

By default, a robot will be in stateearching denoted by 3-1 Master Difference Equations

S. In each time step, it has probability to find a food-item
. ! C Let Ns(k), Na(k), Np(k), Ng(k) and Ngr(k) be the aver-
thus move to statgrabbing denoted>, in which it will move age number of robots in statearching grabbing deposit

tovyards the.target food-item until it is close enough to grab homing and resting respectively in time stef. Also let
using the gripper. Once the robot successfully grabs thaé-foo Na(k), Na_(k), Na, (k) and N4, (k) be the average num-
’ g ’ d h

L;eométsvggcr?g?htg ﬁ:;?ggfrs[lr]sat);]g ’f(')r;(\;\ﬂf:] t:r? drogloc}a d ber of robots in stateavoidancewhich transfer from states

mov ying -ltem and unioa Ssearching grabbing deposiandhomingrespectively. Obvi-

it. After the robot has unloaded the food-item it will remain : .
ously, the total number of robots in the swarm must remain

It?) ::::g;gz&gr%nde&(zzgﬁhﬁgr ch: ; ?ﬁg?ggitailzdst?én ifn;to V€ constant from one time step to the nextNi§ represents the
9 ' ' total number of robots in the swarm, then we have

fails to find a food-item within timer,, it will move to state

homing denotedH, resulting in the robot moving back to  Nyo =Ng(k) + Ngr(k) + Ng(k) + Np(k) + Ng (k)

the ‘nest’ to save energy or minimise interfer_ence With othe + Na(k) + Ny ) + Na, (k) + Na () (1)

robots. The same rule applies to the robot in stEt# its

searching time limit is reached even though it may be moving Following the full PFSM for swarm foraging shown in

towards a food-item. Due to the competition among robotd-ig.1, we can derive a number of difference equations to de-

more than one robot may see the same food-item and thigeribe the changes of average number of robots in each state.

move towards it at the same time; clearly only one of thenfConsiderNs (k) first, we have

can grab it, a robot in staté' therefore has probability;

to lose sight of the food-item if it has already been grabbed Ns(k+1) =Ns(k) + m(k ) a(k) + Ar(k —Tr)

by another robot, which in turn drives the robot back to state + [Aa(k QA(/€ T.)]

searching + [Ag, (k —2,(k-T,)] (2
For robots moving in the arena, they may collide with each [ )+ ]N (k)

other because of limited space. Thus robots in states, e (k) + 5 s

D andH will move to stateavoidanceAd, A4, Aq and A, re- —Is(k+1)



The second term on the right-hand side of Eq.(2) reprein stateavoidancewhen their searching time is up and will
sents the number of robots losing sight of a food-item whiletransfer to statdvominginstead of previous statgearching
moving towards it; the probability of losing sight of a food- or grabbing similarly, 24, (k) and £24,(k) denote those
item for one robotyy,(k), varies from time to time depend- robots that will transfer to stateesting rather thanhoming
ing on the number of food-items available and the numbepr deposit The notationsA g (k), Ag(k), Aa(k), Aa, (k),
of robots competing for food collection. The third term on A4, (k) andA 4, (k) represent the number of robots moving
the right-hand side denotes the number of robots transfgrri to corresponding state from any other states at time step
from stateresting, where Ag(k) is the number of robots while Ag(k), Ay (k) andAp (k) depict the increased num-
moving to stateestingfrom other states at time stép The  ber of robots to corresponding states. The following equa-
fourth to seventh entries count the number of robots complettions explain these notations in detail.
ing their avoidance behaviour successfully, in whish (k)

andAy4, (k) denote the number of robots moving into state Agr(k+1)=Ip(k+1)+ I'a,(k+1) (11)
avoidanceat time stepk, while £24(k) and £24, (k) repre- +Ig(k4+1)+ Ty, (k+1)
sent the number of robots in stateoidancavhose searching _
time is up and will hence transfer to stdteminginstead of As(k+1) =Arlk —Tv) (12)
searching The following term describes the number of robots Ap(k+1)=Is(k+1)+Ia(k+1) (13)
which will transfer to stateavoidance(for +,. (k) Ng(k)) and +Ia(k+1)+ Ty, (k+1)
grabbing(for v;(k)Ns(k)), where the probability one robot Ac(k + 1) =v;(k)Ns(k) (14)
collides with others, i.ex,.(k), changes with the number of
robots foraging (not in stateesting changing, andy; (k) Ap(k+1) =[Ac(k — Ty) = Lc(k - Ty)] (15)
denotes the probability that the robot catch the sight of at * Ag(k; Ty)
least one food-item. The last term on the right-hand side of Au(k + 1) =7, (k)Ns(k) (16)
Eq.(2) represents the number of robots which will give up the Acn, ( + 1) =, (k) Ni (k) (17)
searchingask and transfer to stat®ming An T h

Similarly, we can write down the difference equations for An, (k+1) =yr(k)Ng(k) (18)
the other states as follows. Ay, (k+1) =v.(k)Na(k) (19)

Nr(k+1)=Ng(k)+ Agr(k+1)—Ar(k—T,) (@3 _ Nq(k) in Eq.(15) represents those transfers to ng&i_o-
Ny (k+1) =Ny (k) — 7, (k)Ng (k) + Ay (k + 1) bing frqm s_tatesearghlngat time stepk but the remaining
4 searching time credit is not enough to allow the robot to grab
+[Aan (k= Ta) = 2, (k = Tu)] 4 the food-item successfully, i.e. those robots will movetades
—I'm(k+1) homingonce their searching time is up during the periotd
Ng(k+1) =Na(k) + v (k)Ns(k) — Ap(k +1) k+T,. Ag(k;T,) represents the fraction of robots success-
~ k) + ()] No (k) — Tl +1) (5)  fully grabbing the food-item at time stépafter spending’,
m r G G steps moving towards it. It is equivalent to the probabitity
Np(k+1) =Np(k) + Ap(k+1) — v-(k)Np(k) no transition to other states during the time intefkal 7, k|,
+[An, (k= To) — 2a,(k —T,)] (6)  and can be expressed as follows:
—I'p(k+1) k
Nu(k+1) =Na(k) +7-(k)Ns(k) — Ta(k + 1) - = [ [0=@) —@) (20)
i=k—T,
— [Aa(k = To) — 2a(k — To)] g
Na,(k+1) =Ny, (k) +v-(k)Ng (k) — I'a, (k+1) As the food-items will ‘grow’ in the environment at a cer-
B [AAh (k —To) — Q2u, (k- Ta)] ) tain _rate, Sanew, to replenish the supply, _and clearly a pro-
' portion will be collected by the robots, equivalent to themu
Nay(k+1) =Na, (k) + 7 (k)Np(k) = I'a,(k+1) ©) ber of robots transferring to statkepositat time stepk, i.e.
= [An, (k= To) — Qa,(k —Ty)] Ap(k), soM (k) can be expressed as follows.
Na, (k+1) ‘NAE () + 7 (F)Na(k) = Ly, (k T Y (10 M(k+1) = M(k) + puew — Ap(k) — (21)
— [Aa, (k=T,) — 24,(k —Ta)

Wherel's(k), I'c(k), I'a(k) andI's, (k) denote the num-

3.2 sub-PFSM for “searching-grabbing” task

ber of robots that run out of searching time and will trans-We now consider the number of robots which give up the
fer to statehomingat time stepk. I'n(k), I'u(k), ['a, (k)
and I'4, (k) represent the number of robots that will move only the robots which move into stagearchingfrom state
to staterestingfrom statedeposit homingandavoidancere-
spectively. 24(k), £24,(k) represent the number of robots chance to time out and hence transfer to stat@ingat time

search task after their searching time is up. It is clear that

restingat time stepk — T, with quantityAs(k — Ts), have a



stepk. In order to work out the exact number of robots thatequations in section 3.1, then we have
move into statéhomingat time stepk, we therefore only need

to take that fraction of robots into account. Figure 2 plots a I's(k) = Ng(k; k — T) (29)
sub-PFSM for a“searchlng_-grabbmg”_tasl_< extracted froen th Ia(k) = NG(kik —Ty) (30)
full PFSM for swarm foraging shown in Fig.1. Note that the Palk) = N (ki o — T 31
lifetime for this sub-PFSM i’,. a(k) = Na(k; k = T) (31)
Ia, (k) = Ngg (k;k —Ty) (32)
¥ A v © % ””” ’\D Clearly,f2¢(k — T,) is equivalent to the sum of fraction of
\ l [ robots transferring to stagrabbingat time stept — 7, for
A m s ‘ each sub-swarm and can be expressed as
Figure 2: sub-PFSM for robots engaged in the “searchinbking” T
task, some robots will move to stalepositmeanwhile.
P Qak-T)= 3 Aplk-Tim)  (33)

m=k—Ts—Ty+1

Let N (i; k) be the number of robots in stasearching
and N¢(is k), N}y (i3k), Nj(i; k) for the other states ac-
cordingly, wherek indicates the date of birth (DOB) of the

Similarly, we have

. . . k—Ts
sub-PFSM from the full PFSI\/IL indicates the current time Qalk—T,) = Z Ay (k — Taym) (34)
step for the sub-PFSM ande [k, k + Ts]. T 1
Using the same approach presented in section 3.1, we can k=T,
write down a number of difference equations to describe the Qu,(k—T,) = Z ANy (k—Ty;m)  (35)
changes of the average number of robots for each state in the m=k—Ts—T,+1 ’

sub-PFSM shown in Fig.2 as follows.
3.3 sub-PFSM for “deposit” and “homing” task

Ni(i+1;k) =N§(is k) + Ay
s(i+1:k) S(z/’ ),+ (0 = Tai k) Likewise, we can deduce the equations foy(k), ', (k),
+ A (i — Tas k) + ( )N¢(isk) (22)  and (24, using the same methodology. Let us consider the
_ [Vf(l) + %(,)]N (is k) Is;l_Jb—?,PFSMs for tasks “deposit” and “homing”, as shown in
NG+ 15k) =N (is k) + ()N (i3 F) 9=
= [y (@) + @) NG (5 k) (23)
— AG(i — Ty; k) A (i3 T,)
Ny (i+1;k) = + 7 ()N (i
a,( ) A(/ k) 4+ (i) Ng (is k) (24)
— AAg(z —Tui k)
Ny (i+ 1;k) =N (i k) + v (i) N5 (45 k) Figure 3: sub-PFSM for robots engaged in sub task “depdsitt) (
— Ay (i — Tas k) (25) and “homing” (right).

WhereA/, (i; k), Ay (i;k) and AL (i; k) represent the num- If Npp(i + 1:k) and N}y (i + 1; k) denote the number of
ber of robots moviné to statevoidanceandgrabbingat time robots in statelepositand avoidancerespectively, then we
stepi, and can be expressed as have

Np(i+1;k) = Np(i; k) — (i) Np (4; k)

Ny (i + 13k) =7 (i) N (i: k) (26) Ay (i— Tusk) (36)

A, (4 13k) =3, ()N, (i) @7) N, (04 13) = N} (65 ) + 5 () Np(is )
A (i + 15 k) =7 (1) Nj(is k) (28) Ay (= T k) 37)
W, + 15 k) = 7,6 k)Np (i3 ) (38)

Note thati € [k,k + T, — 1] and the initial condition
is Ng(k;k) = Ag(k). The average number of robots in ~ Wherek indicates the DOB of sub-PFSM for the “deposit”
each state in the sub-PFSM will evolve at the same time thagsk,: indicates the current time step ahd [k, k + T, — 1].
they are evolving in the full PFSM. Consider the meaning ofEq.(36)-(38) will evolve with the full PFSM evolving, with
I's(k), I'c(k), I'a(k) and Iy, (k) in the master difference initial condition N, (k; k) = Ap(k). Therefore,I'p(k),



I's,(k)and{2,, are given by

I'p(k) = Np(kik —Ta) (39)
La (k) = Ny, (ks k —Ty) (40)
k—Tq
Qa,k=T)= Y (k= Tosm)  (42)

m=k—Ty—Ta+1

Again, for the sub-PFSM of task “homing”, as shown in
Fig.3:right, we have

Ny (i +1;k) = Ny (is k) — 7, (i) N (is k)

42

+ Ay, (i = Tas k) (42)

Ny, (i+1;k) = Ny, (i3 k) + 7 () N (i k) 43)
— Ny, (i = Tas k)

", (0 + 13 k) =3 (i; k)N (i k) (44)

Wherei € [k, k + T, — 1] andNy, (k; k) = A (k). T'u(k),

I's, (k) and24, (k — T.,) can be expressed as Figure 4: Environmental setup for foraging task.

I'u(k) = Ny (kik —Tn) (45) . : :
Ta, (k) = Ny (kik — Th) @e) 41 Probability to find food-items; (k)
k—Th As food-items ‘grow’ randomly within the arena, the proba-
R4,k =T,) = > W, (k—=Ta;m)  (47)  bility that one food-item is found by a robot, denoted By,
m=k—Tp—Ta+1 can be expressed as the ratio of the detection region covered
3.4 the swarm with energy consumption by the robot in each time step to the size of area in which the

food-items could be located. H;.:..: denotes the area cov-
For simplicity, let us assume the robot will consufieunits  ered by the robot anfly denotes the area the food-items will
of energy in stateestingandaE, units of energy in other grow up in, thenPy = Sgeiect/Sy. Assume the robot moves
states each time step, whetie>> 1. One collected food- forward at speedl’, and is equipped with a camera which has
item will deliver the swarm withE,. units of energy. IfE(k) aview angle), and detection rangR,,, as the robotl shown
denotes the net energy income for the swarm then in Fig.4, then we have

E(k+1)=E(k)+ E.Ap(k —Tyq) — E.Ng(k)
- CYET(NO — NR(/C))
4. Geometrical Estimation of Transition Prob- WhereAt is the duration of one time step. Then the proba-

abilities and Ty, T4, Th, bility that the robot catch the sight of at least one foodrite
can be expressed as

s Uy RV AL
(48) P — dectect _ vty 49
! Sf 7T(Féguifer - R2 ) ( )

mner

In order to solve the equations in section 3, we must estimat
;acgof the state transition probabilities and tlm_e pararset k) =1—(1— Pf)l\{(k) (50)

¢ Ty andT}, (T, T, andT, are part of the design param-
eters for the behaviours of each robot in the swarm). Thesgorma”y, P; < 1, then Eq.(50) can be simplified as
parameters, however, are related to the strategy of the indi
vidual robots used and the environmental parameters, such a v (k) = Py M (k) (51)
the forward speed of the robots, the size of arena, etc. &igur
4 shows a typical setup for the foraging task, which we will 4 2 Probability of collision with teammatg(k)
use to validate the probabilistic model in simulation. Tehisr
a home region located in the centre with radit)s where the  Consider one robot and teammates within its vicinity, as
robots will rest and unload the food-items. The whole arenahown in Fig.5:(a). Robatt may collide with its teammates,
is bounded with a wall to prevent robots moving too far awayrobot B andC, only if robot B or C'is close enough to trigger
from the ‘nest’. For simplicity, assume the food-items will robot A’s bumper sensors after one time step. As each robot
‘grow’ randomly within the ring area between radiii$, ¢, moves around the arena simultaneously, assume the heading
and radiusR,.;.-, as shown in Fig.4. Based on geometrical of robot B or C relative to robotA varies from0° to 360°
considerations and a robot’s strategy in the swarm, we caaniformly, then the relative speed of robBtor C to robotA
then estimate all required transition probabilities antktpa-  will vary from 0 to 2V, as shown in Fig.5:(b). As a result,
rameters as follows. if robot B or C' is located in are& as shown in Fig.5:(c),



Figure 5: (a): Robots ready to collide with each other. (bljeT
speed of roboB relative to robotA. (c): Geometrical consideration
for probability of collision.

they will probably move into robatl’s bumper sensor detec-
tion region, the region with hatched lines shown in Fig.p:(c
which in turn forces robo#l to move into stat@voidancen

the next time step. Le®;,, denote the probability that a robot
is located in are&, P, the probability that the robot located
in areaC will trigger robot A’s bumper sensor next time step,

4.3 Probability to lose sight of targej (k)

The robot will potentially lose sight of the target when it
is moving towards a food-item because of the competition
among robots. The robots, except those in seegéng hom-

ing anddeposit will take part in food competition. Clearly,
the more robots in competition, the more likely one robot wil
lose sight of its target. On the other hand, with more food-
items available there is less chance the robot will losetsifjh
its target. IfN’(k) denotes the number of robots competing
for food, then we have

N'(k) =No — [Ng(k) + Nu (k) + Na, (k)
+ Np(k) + Na, (k)]

Suppose there ar€;, robots located in the vicinity of food
item a within radiusR,,. Not all of them will catch sight of
food-itema, as robotB shown in Fig.4. Lep, denote the
probability that each of those robots will compete for food-
item a (move toward it). Assume each robot has a random
heading, therp, can be estimated based on the following
equation

_

by = o (56)

To calculatey; for robotA shown in Fig.4, which is moving
towards food-itemu (in stategrabbing), let us assume each

(55)

and Noctive (k) the number of robots working in the arena robot has the same chance to get close to food-iienit

currently, then the probability that robdtwill move to state

follows that robotA has1/Ny, probability to be the closest

avoidancen the next time step can be expressed as follows robot. Since robo#l is moving towards food-item, it will

Yok +1) =1— (1 — Py, P,)Neetive (W1 (52)

WhereNgctive (k) = No — Ngr(k). Generally,P;,, P, < 1,
then Eq.(52) can be simplified as

77“(']{ + 1) = (Nacti'ue(k) - l)PznPa (53)

finally pick up food-itemu successfully aftef, steps if it is
the closest robot. In the case that robbts not the closest
robot to food-itema, with probability (1 — 1/Ny, ), it can
still pick up the food-item only if none of the otheév;, — 1
robots see food-item or takea as a target. It is possible
that one robot can see more than one, &8y, food-items at

the same time as the food-items are scattered randomly, but

Pin, can be obtained with simple geometrical CorlSiOIG’ra'clearly the robot will only be able to move toward and grab

tions as the ratio of size of aréato the size of the whole
working area, that is

one of them, therefore, each food-item has probakility/ ,

to be the target food-item of the robot. For thaSe, — 1
robots, the probability of any of them competing for item
can therefore be expressedigs1/M,. So robotA will lose
sight of food-iten if it is not the closest robot and there is at
Where R, andi, is the detection range and detection angleleast one other robot competing for food-itermOn average,
of bumper sensors respectively, afg is the radius of the it will take (T},/2) steps for another closer robot to collect
robot. Note that the physical size of robots are approxithatethe food-itema. The probability that robofl loses sight of
by circles, as shown in Fig.5:(a). food-itema at each time step can therefore be expressed as
To calculateP,, let us treat each robot as a point located 1
in its mechanical centre, as shown in Fig.5:(c). If we take (k) = 2 <1 - —> (1 —(1- p—g)Nfa‘1> /T, (57)
as a reference point then, after one time step, rdbaotill Nt My,
move to a new position which could be any position located As the food-items are randomly scatteréd;, and M,
on the circle shown in Fig.5:(b). Clearly, if the new pogitio can be obtained with simple geometrical consideration as:
is within areaN it will trigger robot A’s bumper sensors. As

VAR, + Ry)
o m(R2e — R2.0)

outer nner

P;

(54)

robot B could possibly be in any position within the ar€a R2

. . ” . v !

its new possible position after one time step, then, couerco Ny, = . — R )N (k) (58)

anywhere within are&€ andN. ThereforeP, is simply the outer o

ratio of size of are&N to the total size of areaS andN, i.e M, — Yo Ry M (k) (59)
fa 2 2

P, =0.5. 27T(Router - Rinne'r‘)



4.4 Time parameters,, T, andj, 5. Validation of the Model

The average time it takes the robot to move to a target postiowe have used the sensor-based simulation tools Playee/Stag
depends on the strategy the robot uses. We now estimate t{@erkey et al., 2003) to validate our probabilistic model fo
average time the robot will stay in stajebbing i.e.T,. For  the swarm foraging task. Eight robots are each equipped with
simplicity, assume that the robot will turn to face the food-three bumper sensors to avoid collisions with teammates or
item at speedv; until the food-item is located in the cen- walls, three light sensors to find the way back to the ‘nest’,
tre of the camera view, then the robot will move towards theand a camera to find the food-items scattered in an octagonal
food-item at normal speeld and grab it as soon as it is close arena, as shown in Fig.4. Each robot has the same behaviour
enough. As a result, the average time the robot stays in statet as described in our previous paper (Liu et al., 2006)leTab
grabbingis the sum of time spent on ‘turning,,, ‘forward’, 1 summarises the value of parameters used for simulation.

tm, and loading’/;, thatis, Table 1: Parameters for simulation

Ty =t +tm +1 (60) parameters value parameters value
) ) ) v 0.15m/s  Router 3m

Wheret; depends on the response time of grippers and is a w1 15°/5 B, Lunit
design parametet.. is decided by the average angle, the wa 20°/s oE, 10unit
robot needs to turn in order to face the food-item and the ro- W 60° E, 2000units
tation speedvy, i.e. t, = ®/w;. t,,, then depends on the av- " 95° At 0.25s¢ec
erage distancd), the robot needs to move before it can grab R, om t 2sec
the food-item, and the forward spe&d that ist,,, = D/V. R, 0.4m - 9sec
As the food-items grow randomly within the arena, without R 0.13m - 100sec
loss of generality, we can assume= R, and® = 1,/2, RZ 0.5m, . [0,200]sec
thus we obtain Rioo 0.7m Drow 0.04

Yo, R 61 _ _ _

Tg = 9w |V (61) We have run six types of experiment by changing the rest-

In a similar manner, the robot will turn and face the di- ing time.parameters, in simulation, from0 t.o 200 §econds
rection of the nest as ,soon as it has grabbed the food-iteWIth. an interval of40 _secon_ds. Each experiment is repeate_d
fully (move to stateposi), and it will then move times and each simulation lasts for 20000 seconds. With
successiully P the same parameters used in the simulation we have com-
Buted the probabilistic model presented in previous sestio
Figure 6 compares the final net energy of the swarm from the
simulation and the model. Error bars show the standard de-
% viation for 10 runs of simulation. Fig. 6 clearly shows that

wheret  is the average time the robot spends turning to facéesults from the probabilistic model match those from samul
home, andD, is the average distance the robot then travelstion very well. In addition, withy increasing fron to 160,
Clearly, D, is related to the distribution of food-items in the
arena as the robot will start to move back to the nest from
where it grabbed the food-items. The food-items grow up
randomly (and uniformly) within the arena according to the
task description, therefor®, is estimated as

2(R3 - R3

2(Rous )
D outer wnner/ _ p 63
‘T 3(R3uter R2 ) " ( )

mner

Let @, denote the average angle the robot needs to turn in 7 |
order to face home, and, be the turning speed, then L 5 =

7, (seconds)

the average deposit timg as follows.

D
Ta=—2 +1t; (62)

14 -

2l 4

energy of swarn

tf = (I)Q/U)Q (64) .

Figure 6: Total net energy of swarm after 20000 seconds fawaara
Suppose the robot has a random heading when it starts to turef, 8 robots with different resting time threshold.
then the relative angle it need to turn will vary frabh to
180°, so thatd, = 90°. the net energy of the swarm increases but will decrease if

Now we have obtained, andr; we can discretise &5, is set t0200 seconds, which implies that in order to gain the

andTy by dividing by the durat|on of each time stejs. For maximal net energy for the swarm there should be an optimal
a robot in statéhoming clearly it uses the same strategy to value ofr, for individual robots.
return home except that there is no food-item in its gripper, Figure 7 plots the instantaneous net energy of the swarm
hence we assunig, = 7. from both simulation and mathematical model with= 80



rical approach for estimation of the state transition pliba
ities for the PFSM, from consideration of detailed actiofs o
robot behaviours. We have validated our probabilistic nhode
using a sensor-based simulation and the results show excel-
lent agreement between the model and the simulation. We
conclude that the model can be used to analyse the effect
of individual parameters on the performance of the swarm
and to optimise robot parameters. Combining with an appro-
priate searching technique, for example, a genetic alguorit
S — the model can be used to find an optimal resting time thresh-
' e (reconds) o old for individual robots in order to improve the performanc
However, as presented in this paper, the model assumes ho-
mogeneous robots whereas the full algorithm in (Liu et al.,
2006) allows robots to individually adapt their search aest r
seconds. A very good agreement between the predicted anighe parameters to optimise net energy income to the swarm
simulated instantaneous net energy of the swarm can be okor a given food density. We will expand the model to deal
served clearly. We also notice that the increase of net enwith swarm adaptation in future work.
ergy of the swarm over time is almost linear for all simu-
lations. To examine this we plot the instantaneous averagReferences
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