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Abstract

In this paper, we have extended a macroscopic probabifigtigel of a swarm of homoge-
neous foraging robots to a swarm of heterogeneous foragingts. Each robot is capable of
adjusting its searching time threshold and resting timeshold following the rules described
in our previous paper. In order to model the difference betwmbots, private resting time
and searching time thresholds are introduced. The robstisgeat home are divided into two
subsets according to which states they are transferred faher stateDepositor stateHom-
ing. For each subset of robots, private resting time and seaydime thresholds are used to
calculate the effect of social and internal cues. The ttemsbetween stat®estingand state
Searchings then decided by the corresponding private resting timestiold. Corresponding
to private resting time thresholds, a public resting timeshold is used to track the contribu-
tion of the social cues, internal cues and environmentas éoiethe whole swarm, which is a
global property owned by all robots. Although the publictirgg time threshold doesn't affect
the behaviours for the individual robots directly, it atfethe private resting time threshold and
vice versa. Similarly, a public searching time thresholohisoduced to track the contributions
of the adaptation cues. The behaviours for the robots siegrébr food in the arena are con-
strained with the corresponding private searching timedhold, which is “inherited” from the
public searching time threshold but will affect it as wellitithese considerations, a number of
equations are then developed to work out the relationshipdsn these private time thresholds
and public time thresholds based on previously develodésteihce equations. The resting time
and searching time thresholds are dealt with separateuseceach of them has its own valid
scope. The extended macroscopic probabilistic model hexs tested using the simulation tools
Player/Stage. A set of randomly chosen adjustment factbishaare presented in our previous
paper are used to validate the macroscopic model. Diffemavitonmental conditions are also
considered. The results from the macroscopic probalsilietbdel match with those from the
simulation with reasonable accuracy, not only in the finalemergy of the swarm but also in the
instantaneous net energy. Although the model is specifidaptae foraging, it can be extended
to other systems in which the heterogeneity of the systeraupled with its time parameters.



1 Introduction

In swarm robotics, the robots themselves are typically senple but complex collective behaviours
may arise from the interactions among the robots and betteerobots and the environment. In
order to design and optimise individual robot behaviourd Bence achieve the desired collective
swarm properties, one of the challenges is to understandftbet of individual parameters on the
group performance. Real robot experiments and sensodtsisrilations are the most direct way
to observe the behaviour of the system with different patarae However, experiments with real
robots, even in simulation, are very costly and time-conagrno implement, and do not scale well
as the size of the system grows. It is therefore impractaatan the whole design parameters space
to find the best solutions using a trial and error basis. MatigEal modelling and analysis offer an
alternative to experiments and simulations.

In the last few years, more attention has been dedicateddes&ling the modelling problem in
swarm robotics. Probabilistic models, using both micrpgc@nd macroscopic approaches have
been successfully applied to analysis of collective swaeimaliour. A microscopic probabilistic
model was first proposed by Martinoli et al. (1999b,a) to gtadllective clustering. The central
idea of the microscopic probabilistic model is to descriteinteractions among robots and between
the robots and environment as a series of stochastic evdis.probabilities that each event is
triggered are determined by simple geometric consideratand systematic experiments with one
or two real robots. Instead of computing the exact trajéesoand sensory information of individual
robots, as most sensor-based simulations do, state toassire determined randomly, in effect by
the throwing of dice. Running several series of stochastenes in parallel, one for each robot,
allows researchers to study the collective behaviour obtih@m. To obtain statistically significant
results, several runs of the model need to be carried outrendvierall behaviour of the system is
computed by averaging the results of those runs.

Unlike the microscopic model, a macroscopic model dirediégcribes the overall collective be-

haviour of the system. In general, macroscopic models are cmmputationally efficient than their

microscopic counterparts. One of the fundmental elemdriteeanacroscopic probabilist model are
the Rate Equations, which have been successfully appliaduide variety of problems in physics,

chemistry, biology and the social sciences. For instanoeyfber and Pratt (2003) develop a gen-
eral framework for modelling social insect foraging syssewith generalised rate functions (dif-

ferential equations). Sugawara and coworkers (Sugawaté&ano, 1997; Sugawara et al., 1999)
first presented a simple macroscopic model for foraging imcag of communicating and non-

communicating robots, with analysis under different ctiods; further study can be found in Sug-
awara and Watanabe (2002). Lerman and Galstyan proposedeagsioeralised and fundamental
contribution to macroscopic modelling in multi-agent gyss (Lerman and Galstyan, 2001, 2002).
Lerman (2002) presented a mathematical model of foragimaghmmogeneous multi-robot system to
understand quantitatively the effects of interferencehenperformance of the group. Lerman et al.
(2003) developed a macroscopic model of collaborativekgtidling, and the results of the macro-

scopic model quantitatively agree with both embodied ancrascopic simulations. Agassounon
and Martinoli (2002) use the same approach to capture thamligs of a robot swarm engaged in
collective clustering experiments.

Rather than using a time-continuous model, Martinoli antlarkiers (Martinoli, 2003; Martinoli and

Easton, 2003; Martinoli et al., 2004) considered a more dirs@red macroscopic model of collabo-
rative stick-pulling which takes into account more of thdiuidual robot behaviours, in the discrete
time domain using difference equations. They suggestetdtitna-discrete models are the most
appropriate solution for the level of description chardstal by logical operators and behavioural
states. Similarly, Correll and Martinoli (2005a,b) usedacnoscopic probabilistic model for analysis
of beaconless and beacon-based strategies for a swarmetnispection system, and furthermore



to find an optimal collaboration policy minimising the time ¢completion and the overall energy

consumption of the swarm Correll and Martinoli (2006b,adrt€ll and Martinoli (2007) proposed a

macroscopic probabilistic model to analyse the self-asgahrobot aggregation inspired by a study
on aggregation in gregarious arthropods.

Despite the success of the above examples, there is végekisting work on mathematical analysis
of adaptive multi-robot systems in dynamic environmentihwhe notable exception of the work

done by Lerman and Galstyan (Lerman and Galstyan, 2003fy@alsind Lerman, 2004; Lerman

et al., 2006). They have extended the macroscopic probtbifnodel to study distributed systems
composed of adaptive robots that can change their behavamsed on their estimates of the global
state of the system. In their study, a group of robots engagaguck collecting task need to decide
whether to pick up red or green pucks based on observed lufcafriation. The heterogeneities in

the robot population must therefore be taken into accoumeyTlaims that the model can be easily
extended to other systems in which robots use a history af lmgservations of the environment as
a basis for making decisions about future actions.

In our previous work (Liu et al., 2007b), we presented a sargulaptation algorithm for robots en-
gaged in a collective foraging task. The adaptation algorihas a number of parameters which are
used to adjust the contribution of each cue. However, witbtaokintuitively chosen parameters,
it is not clear that the swarm reaches the best performar@itichieve, and there are no obvious
guidelines for manually finding the best set of parametershi® algorithms. To address these prob-
lems we first developed a macroscopic probabilistic modebbéctive foraging for a simplified case
in Liu et al. (2007a), where each robot is given the samengsiine and searching time thresholds
without adaptation. In this paper we will extend the modelfie swarm with the adaptation abilities
introduced in Liu et al. (2007b).

2 Collective Foraging with Adaptation

find food

@ (b)

Figure 1: (a) Screen shot of collective foraging in the Stage simulgn) The threshold-based robot
controller for collective foraging.

Figure 1(a) illustrates the collective foraging experitiera sensor-based simulator — Stage (Gerkey
et al.,, 2003). There are a number of food-items randomlyteseat in the arena and as food is
collected more willgrow to replenish the supply. Each food-item collected will detian amount

of energy to the swarm but the activity of foraging will conseia certain amount of energy at the
same time. A threshold-based controller is implementectoptete the task, as shown in Figure



1(b). In order to improve the energy efficiency, the indiatiin the swarm use three adaptation cues
— internal cues (successful or unsuccessful food retdiegalironmental cues (collision with other
robots while searching) and social cues (teammate foo@vatisuccess or failure) — to dynamically
regulate two internal thresholds, resting time and seagchime. Leti (= 1,2,...,N) indicate the

ID for each robot andy andT,' be the searching time and resting time threshold respégtiven
according to Liu et al. (2007b),

Ta(k+1) = Td(k) — 01C'(K) + B1Pi(K) — yaP} (K) 1)
T/ (k+1) = T/ (K) + a2C' (k) — BoPL(K) + 2P} (K) — nR (K) 2

whereC' (k) counts the collisions while searching, amganda, are adjustment factors to moderate
the contribution of the environmental cueBl(k) and P} (k) represent the social cues from team-
mates through the stigmergy-like mechanism. The contabuirom social cues is moderated by
altering the adjustment factofi, B2, 1 andys. R (k) then donates the internal cues apds the
corresponding adjustment fact@.(k), R (k), Pi(k) andP! (k) in Eq.(1) (2) are defined as follows.

C'(k) = 3)

1 staterandomwalk — stateavoidance
0 otherwise

1  statedeposit — stateresting
R(k) =< —1 statehoming — stateresting 4)
0  otherwise

0 notinresting state

Pi(k) = { SR(k) statedeposit — stateresting (5)
N {R(k)|R'(k) > 0} in resting state

0 notinresting state

Pi(k) = { SR(K) statehoming — stateresting (6)
SN {IR(K)||[R (k) < O}in resting state

WhereSR and SR represent the gradual decay rather than instantly disapgesocial cues (suc-
cessful and failure retrieval), which are defined as follows

SRk 1)~ SRK - &+ 3 (RIIR (K9 > 0) )

N
SR(k+1)ZSR(k)—5f+_;(|Ri(k)||Ri(k)<0) (8)

Attenuation factor® andds are introduced here to simulate somewhat akin to ants lgaviecay-
ing pheromone trail while foraging. As the social cues ary ancessible for the robots in the nest,
two categories of robots will be affected. One group aredtadseady resting in the nest, the other
are those ready to move to stagstingfrom stateshomingor deposit the former can ‘monitor’ the
change of social cues and then adjust its time thresholdress, while the latter will benefit from
the gradually decaying cues deployed by teammates. Thessitwations for updating.(k) and

Pl (k) are shown in Eq.(5) (6).



3 Macroscopic Probabilistic Model for a Heter ogeneous Swarm

3.1 Probabilistic Finite State M achine (PFSM)

The collective foraging task can be described as a PFSM agnsimoFigure 2. Each block in the
PFSM represents the corresponding state and the averadeenwoifirobots in that state, which is
marked withNy. For simplicity, we make some changes from the finite statehine (FSM) shown

in Figure 1 (b): the original 9 states are merged into 5 stasetesmovetohomend Depositin
the FSM correspond to stafeposit(D) in PFSM, stateteavinghomerandomwalkandscanarena

in the FSM are merged into stagearching(S), statesmovetofoodand grabfoodin the FSM are
now replaced with stat&rabbing (G), statesResting(R) andHoming(H) in the FSM remain the
same. The transitions from one state to another are norrbafigd on certain probabilities shown
in the edge of the transition lines. For examptejndicates the probability that the robots in state
Searchingwill find food and thus transfer to stat@rabbing The transitions between two states
without probability label shown in the edge are delayed @tain period but with probability 100%.
For instance, the transitions from stateoidanceSo Searchingwill be delayed forTa steps after
the robots move to statAvoidanceSThe dynamics of the system can then be captured using a
group of difference equations (DE), with each representiegnumber of robots and its changes in
corresponding state. Liu et al. (2007a) gives more detalkxil/ations for the DEs and transition
probability from first principles.
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Figure 2: The probabilistic finite state machine for collective faragy Transitions marked as bolder
lines are affected by the variation of time threshold patanseduring adaptation.

3.2 TheChallenge and its Solution for M odelling Adaptation

Unlike the swarm modelled in Liu et al. (2007a), here the tthreshold parameter3{andT,) for
the robots with adaptation abilities will not only vary fromne robot to another, but also be different
from one time step to the next. However, the basic behaviourthe robots are essentially the same
except for some transitions among states which rely on timeséme parameters. More specifically,
as shown in Figure 2, the transition from st&archingor Grabbing(including avoidancé to state
Homing and the transition from stafestingto stateSearchingdepend on the value of these two
time threshold parameters. The change&ahdT, result in the different actions the robots will take.
Since the macroscopic model itself doesn’t take the diffeeeamong individual robots into account,
all the parameters and variables used in the model are peelsieom statistical aspects, for instance,
the average number of robots in each state. The challengewigdintroduce these differences
into our previously developed macroscopic model. To sdhesé problems, in conjunction with
the sub-PFSM presented in Liu et al. (2007a), we introdueectimcept of private resting time and
searching time thresholds, and their counterparts — ptdiing time and searching time thresholds,



into our model. The private time thresholds play the role @fiding when the transition from one
state to another is triggered, while the public time thrégshare used to accumulate the contributions
from all the adaptation cues which have been applied to tla@rawThey affect each other in a bi-
directional manner. For example, as shown in Figure 3, thatgrresting time thresholds in the
model are ‘inherited’ from the public resting tinfe when they are formed (with the robots moving
to stateResting and then ‘merged’ into the public resting tirfig after that subset of robots move
to stateSearching By defining the ‘inherit’, ‘adaptation’ and ‘merge’ opei@is according to the
adaptation algorithms described above, we can then extenthacroscopic model for a swarm of
foraging robot with adaptation abilities and study the @ffef these adjustment parameters on the
performance of the system. In the following sections, we délal with the two time thresholds
separately.

public IAT

"inhcr\l'

private 7, 7@

‘ ‘merge’

public i

Figure 3: Relationship between private and public resting time tho&sparameters. Here ‘inherited’
means “making a copy”, while ‘merge’ refers to the updateheffi, based on some rules

3.3 Modeling Adaptation on Resting Time Threshold

The adjustment for each robot falls into three categorigsesponding to the contribution from
internal cues, social cues and environmental cues reggplsctin the model, internal cues and social
cues will be applied to adjust the private resting time thos first, then the changes of private
resting time thresholds can be combined together and dffecpublic resting time threshold
afterwards. Meanwhile environmental cues have a direcagnpn the adjustment &f.

3.3.1 Internal Cues& Social Cues

The effect of internal cues and social cues on resting timestiolds can be categorised into two
stages: firstly, the internal cues and social cues are applieen the transitions to staiesting
occur; then, the social cues continue to play roles on adgst when the robots are in st&esting

In order to model the difference among the individual ropete need to deal with the “failed”
and “successful” robots separately. In our model, each tfpebot is endowed with a private
resting time threshold}(h) or Tr(d), which is “inherited” from the public resting time threstal, .
Similar to the sub-PFSMs presented in Liu et al. (2007a) Efé@ andTr(d) have their own lifetimes.
Here notationTr(h)(k;i) and Tr(d)(k;i) are introduced to represent the values of private resting ti
threshold, where indicates the time step that the corresponding privaténgesime threshold is
formed andk denotes the current time step. Takl'ﬁ@)(k; i) as an example, mathematical modelling
of private time thresholds can be summarised to three steps:

1) initialising when they are formed & i);



2) adapting during their lifetime & k < i+ T\¥ (k;i);

3) merging to public time threshold at the end of their lifei K = i +Tr(d>(k; ).

Initialisation

As soon as the robots move into st&esting a private resting time threshold is formed for these
robots with the initial value of public resting time thres&thoT he internal cues will be applied to ad-
just the private resting time threshold first, and then tliedcues applied according to the gradually
evaporating virtual pheromones deployed by previous métgrrobots. Following Eq.(2), we have

T (k+ 1;k+ 1) =T (K) — BoSRy(K) + 1oSPt (K) + 1 9)
Tkt L:k+ 1) =T, () — BoSRy(K) +1oSP; (K) — (10)

The first term in the right-hand side (RHS) of Eq.(9) and Hj.(Epresents the ‘inherit’ operation
from the public resting time threshold. The second and tieinchs in the RHS count the contribution
of social cues. The last term then depicts the adjustmemit@frial cues.

As for SP; andSPR;, the increased value at each time step equals the numbdyaign@turning home
(denoted withAy (k— T) andAp (k — Ty) respectively). Meanwhile, they will ‘evaporate’ with time
elapsing. Thus we have

SP (k—|- 1) =Sk (k) — O + Ay (k— Th) (12)
SRy(k+1) =SRy(K) — &+ Ao(K—Ty) (12)

Adaptation

When the robots are already in st&estingi.e.i <k < +T@ (k;1), they adjust their time thresholds
based on the change of social cues, which is equivalent tim¢heased number of returning robots.
The adaptation can be described as

T (k+ 131) =T (ki) — Bo# Ao (k—Ta) + Yo B (k— Th) (13)
YK+ 1) =TV (ki) — Bo*Ap(K—Ty) + Vo5 A (k— T) (14)

Wherei < k< i+T'9(k:i).

Merging

Once the resting robots move into st&earchingthe corresponding private resting time thresholds
will update the public resting time threshold. The updathgublic resting time threshold is referred
to as a merging operation. At each time step, there may be thareone group of resting robots
running out of their resting time. In order to calculate tleatcibution that the private resting time
thresholds make on the public resting time threstipjave need to know:

« the number of robots which leave the stRtestingat the current time step;

« the impact of social cues and internal cues on the privatingetime threshold§'r(h> andTr(d)
during their lifetime.



Since there is only one copy of private resting time threﬂ;ﬁ'ér) formed each time step, the num-
ber of resting robots transferring from stdt@ming and their corresponding private resting time

thresholdsTr(h) can be identified using the date of birth (DOB). For exampie,riumber of robots
transferring from statélomingat time step equalsAy (i — Tp), and their private resting time thresh-

oldis Tr(h)(k;i). To calculate the number of resting robots running out dimggdime at time stejk,
we introduce two help-variable®y (k) andRp(k), to represent the collection of DOBs of private
resting time thresholds which are ready to ‘merge’ ifit@t time stegk. then
Ri (k) = {ilk—i = [T (i)} (15)
Rp(K) = {ilk—i = [T (k;i)|} (16)

Let Ag gm(K) andAg, g (k) be the number of robots transferring from st&esting(from state
HomingandDepositrespectively) td&Searchingat time stek, then we have

A&R(h) (k+ l) = Z JAVE) (i — Th) (17)
il ()

A&R<d> (k—|— 1) = Z AD(I — Td) (18)
iciko (k)

Thus, the total number of robots moving from stRiestingto Searchingcan be expressed as

Ag(k+1) =Ag g (k+1) +Ag ga(k+1) (19)

The contribution of each fraction of reactive (from st&Restingto Searching robots to the public
resting time threshold can be expressed as the product qfidity of the robots and the change of
the corresponding private resting time threshold. Foaimst, assume that a group of resting robots
which transferred from statdoming become reactive at time stég if the corresponding private
resting threshold has a DGBthen the contribution from these robots is given by:

A (i —To) x (T (ki) = Tr (i — 1))

Where'ﬁ(i —1) depicts the value of public resting time threshold “intestit by theTr(h) when it is

formed. LetA andAT<d) be the total contribution provided by the resting robotagfarred from
stateHomingandDepositrespectively at time stek then
D)= Buli—T)x (T (ki) = T(i-1)) (20)
' icRp (k)
Do)=Y Boli—Ta)x (T (ki) - Ti(i—1)) (21)
i€Rp (k)

The updating of the public resting time threshold for the swis then based on following equation

Ao (K) + B0 (K)
No

Tr(k+1) =T (k) + (22)

WhereN; is the total number of robots in the swarm.



3.3.2 Environmental Cues

The environmental cues play roles in adjusting the resime threshold for the robots working in
the arena (non-resting). Although the change of resting timeshold in this case will not affect the
behaviour of the robots until they return home, the publsting time threshold, is changed in the
following manner with the environmental cues.

ar *AA(k+ 1)

Tr(k+1) =T (k) +
No

(23)

WhereAa(k+ 1) depicts the number of robots moving into stateidanceSt time stegk.

3.3.3 Combining all the Cues

Combining the effect of all the cues, the swarm will updasepitiblic resting threshold; in this
manner

) + az*AA(k+ 1)
No

N N A_m +A @
Tr(k+1) = TH(k) + — Tr

(24)

3.4 Moddling Adaptation on Searching Time Threshold

Similarly, three private searching time threshola'é',]), Ts(d) and Ts(s), and one public searching

time thresholdTs are introduced to model the adaptation for searching timestiold. Figure 4
demonstrates the relationship between the private andcpsgzrching time thresholds. Generally,
the private searching time thresholds have their own lildasy/during the adapting process. They
‘inherit’ the up-to-date‘fs when they are formed, and will update (‘merge’ infﬁ)at the end of
their lifetime. However, the situation here is more compiean for the resting time threshold, as
the private searching time thresholds occur in differeatest Consequently, two pairs of ‘inherit’
and ‘merge’ operations are applied to regulate the exchahgeivate and public searching time
thresholds. Among these three private searching timehbt@sTs(h) ande(d> are used to track the

contribution of social cues when the robots are in skdsting while TS(S) is used to track the con-
tribution of environmental cues. Moreover, as shown in Fégl) the transition from stat@earching

to Homingis now decided b)Ts(S). Although TS(h> ande(d> do not change the behaviour of search-
ing robots directly, they have large contributions in atipgsthe public searching time thresholg
which in return affect the behaviour of searching robotse Thdate offs from these private search-
ing time thresholds can be categorised as two stages aogdaithe social cues and environmental
cues.

3.4.1 Social Cues

Again, Ieth(h)(k; i) ande(d)(k; i) be the private searching time threshold for the robots ngpfriom
stateHoming and Depositrespectively, wheré denotes the DOB, i.e. the time step that the robots
move into stat&kestingandk is the current time step, cleatk? i, then the mathematical description

for Ts(h) ande(d) can be obtained using the same approach as presented ioyzreeictions.
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Figure 4: Relationship between private and public searching timestwld. The influence domain of
each time threshold is separated with dotted lines. PrWéa'Peande(h) coexist with privateTr(h) and
Tr<h) (see Figure 3).

Initialisation

Initialisation is performed when the robots move into siRstingi.e. k=1). An ‘inherit’ operation

is executed to make a copy of the current public searching thmeshold, and then, based on the
adaption rules, the private searching time threshold willpdated according to the pheromones left
by the previous returning (to nest) robots. Thus

T (k+ Lk + 1) =Ts(K) + B1SR(K) — y1SPt (K) (25)
T (k+ Lk + 1) =To(K) + BiSR(K) — v SPx (K) (26)

Adaptation

After the robots transfer to staResting the social cues continue to adjust the private searching ti
thresholds, until the robots move to st&earching The private searching time threshdfép) and
Ts(d> will be updated using the following rules

TV (k+ 150) =TV (ki) + Bu+ Ao (K— Tg) — ya +An (K—Th) (27)
T (k+ 131) =T (k;i) + Br# Ap (K— Tg) — vi B (K— ) (28)
Although Eq.(25) - Eq.(28) show that the update rulesTiSY and 1Y are exactly the same, the life

cycles for these two private searching time thresholds iffereht, as decided by the private resting
time parameter?:r(h) andTr(d).

Merging

The merging operation occurs when the resting robots rumfithteir resting time, decided by the
private resting time thresholdl's(h) and Tr(d). Let AT<h>(k) and ATm)(k) represent the contribution

10



provided by the robots transferred from stei@mingandDepositrespectively, then

AR =5 Buli=To)x (T8 (ki) = Te(i - 1)) (29)
i€Rn (k)

Bo(K)=5 Boli—Tg)x (5 (ki) ~Te(i — 1)) (30)
iGRD(k)

WhereRy (k) andRp (k) are collections of DOBs for the private resting time thrédhwhich come
to the end of their lifecycles, which are defined in Eq.(15) &u.(16). An (i — Th) andAp(i — Ty)
depict the number of resting robots which are ready to terisfstateSearchingat time stegk.

Finally, the contribution of social cues to the public séarg time thresholdy can be expressed as

Ar i (K) + A0 (K)
No

Te(k+1) = To(K) + (31)

3.4.2 Environmental Cues

Once the robots move to stéearchingthey are subject to the constraint of searching time tlmdsh

unless the robots grab food-items successfully. The emviemtal cues affect the searching time
threshold when the robots are actively engaged in the degrtésk. To represent the unique and
variable searching time threshold, a new private seardiing threshold is introduced for the sub-

PFSM engaged in “searching-grabbing” task, dendésa(k;i), wherei corresponds to the DOB
of the private searching time threshold (and the sub-PFaktk is the current time step for the
sub-PFSM. Similarly, we can define the “initialisation” daptation” and “merging” operations for

T,
Initialisation

Generally, whenTs(S) is formed, it should ‘inherit’ the up-to-date public sedarhtime threshold.
However, as shown in Figure er(h) ande(d) are ‘merged’ tols at the same time. Thus the initialising
of TS(S) is the combination of both ‘merge’ and ‘inherit’ operations.

Ar o (K) + 80 (K)

TV (k+ Lk + 1) =To(k) + N
0

(32)

Clearly, the size of sub-swarm in the sub-PFSM equals thebeurof robots moving from state
Restingcurrently, which can be expressed as

Ns(k+1;k+1) =Agpn(K) +Ag_ga (K) (33)
WhereAg, m(k) andAg g« (K) are defined in Eq.(17) and Eq.(18).

Adaptation

Wheni < k <i +Ts(s>(k; i), the change oTs(s> can be described as follows
aq * A'/A(k—l— 1)

Ng(i; 1) (34)

T (k+ L;i) = T (ki) +

11



WhereA), (k+ 1) depicts the number of robots transferring to seteidancefrom stateSearching
in the sub-PFSMN{(i; i) is the initial number of robots in the sub-swarm, as defineqr(33).
Merging

Similarly, in order to know the contribution from the enviimental cues during the lifecycles of the
sub-PFSM, leS(k) denote the collection of all the DOBs for the sub-PFSMs wicizime to the end
of their life cycles at time stek, thenS(k) can be expressed as

S(k) = {ilk—i = [Te¥ (ki) ]} (35)

Whenever the robots in the sub-PFSM run out of their seagctime, their private searching time
thresholde(S) will be ‘merged’ to the public searching time threshold irsttvay

To(k+1) = Ts(K) + Siesgo [T (ki) —N T4 (i51)] = Ng(is )
0

(36)

3.4.3 Combiningall the Cues

As the social and environmental cues may occur simultamedaughe swarm, we need to merge
Eg.(31) and (36) to model the effect of the social cues antf@mwental cues on the public searching
time threshold. Thus we have

RED 159 (k1) = T (051)] # N&(is 1) + A o (K) + B (K)

Ty(k+1) = (K =

37)

3.5 Integration with Previousy Developed M odel

To obtain a complete model of adaptive collective foragiwg,need to integrate this working into
our previously developed model in Liu et al. (2007a). This ba done by replacing some equations
with the new working as follows:

Ns(k+1) =Ns(K) +As(k+1) + ¥ (KN (K) + [Ba(k— Ta) — Qa(k— Ta)]

b [Bay(K—Ta) — Qny (k= T)] — [ (K + HMINS(K) — Tk 1) )
Nr(k+ 1) =Ngr(K) +Ap(k—Tg) + An (K—Th) — As(k+ 1) (39)
ls(k)= % Ns(kii) (k)= % Ng(ki) (40)
ieS(k) ieS(k)
Ta() = 5 Na(kii) Tag(k) =5 Na(kii) (41)
ieS(k) ieS(k)
k
Qa(k—Ty) = Z Y Da(k—Tgi) (42)
K=K"TgieSk)
k
Op(k—T,) = Ny (K— Ty 43
A( ) k':;TaiE;k’) A( I) ( )
Qpy(k—Ta) = . Y D (k=Tai) (44)



4 Resultsand Conclusion

The extended macroscopic model has been validated usirggtis®r-based simulation tools Play-
er/Stage (a screen shot is shown in Figure 1 (a)). The basengders for the simulation environ-
ment, for instance the size of arena, the speed of the rototsare exactly the same as we used in
Liu et al. (2007a). The behaviour sets of the robots in thaukition are also the same, with an ex-
ception that each robot is now endowed with the adaptatidityalsing the same set of adjustment
factors presented in Liu et al. (2007b), we have also te$tedntodel with different environmental
conditions, i.e. different food growth rate.
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Figure 5: Comparison of the instantaneous energy of the swarm witptatian mechanism between
the extended macroscopic probabilistic model and the sitioun.
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Figure 5 illustrates the results from both the simulation amacroscopic probabilistic model, in

which the growth rate varies from 0.03 to 0.05. The error bepsesent the standard deviations of
data recorded from 10 experimental runs. It shows cleadyttie data from simulation fits well to

the curves obtained from the macroscopic model, thougtasively large gap exist when the growth
rate is set to 0.03. Figure 6 then plots the instantaneoudpeuaf robots in selected states from the
simulation under different environmental conditions. As @xpect, the predicted number of robots
in each state from the macroscopic model reflects the camelspg average number of robots from
the simulation. Clearly, due to the huge solution space @fattijustment factors, it is not possible
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Figure 6: Comparison of number of robots in selected states for therswath adaptation mechanism

between the extended macroscopic probabilistic modeltamdimulation, where the horizontal dashed
lines are from the model while the coloured curves from satiah.
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to test the model by varying each parameter individually espkating the experiment again and
again. Although no further comparisons are made at thisestaghe adjustment factors are chosen
randomly, we have good reason to believe that the model @esélin this paper truly captures the
dynamics of the swarm with adaptation. In conjunction withagpropriate searching technique,
the model can be used to find an optimal set of adjustmentrgafdo the adaptation algorithm and
hence help the swarm achieve the best performance; we halenmanted this approach using a
genetic algorithm in Liu (2008). To the best of our knowledgethe time of writing, there are very
few macroscopic models in the field of swarm robotics that @escribe the collective behaviour
of a group of heterogeneous robots. Although the model ptedan this paper is specific to the
adaptive foraging task, we believe the methodology can bended to other systems in which the
heterogeneity of the system is coupled with its time paramet
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