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Abstract

This paper explores the use of Dynamic
Bayesian Networks as a decision processto
aid a mobile robot in planning its surveillance
route. The primary concernof mobile surveil-
lance robots is to determine the optimal route
that will reducethe risk of not observinga rel-
evant surveillanceevent. To aid the robot's de-
cision process,a popular approach is to model
the environment with prior probabilities of ob-
servingrelevant events and utilit y valuesto rep-
resert the penalty costsof relevant everts that
remain undetected. By exploiting the general
layout of indoor oce buildings, a Dynamic
Bayesian Network is applied to model the de-
cision planning task as a Bayesian estimation
problem. Combined with the prior and util-
ity value, the expected cost for each segmen of
the building is obtained from the Bayesianes-
timate to aid in planning an optimal route for
the mobile robot.

1 Intro duction

The role of mobile surveillance robots is to contin ually
obsene a designatedernvironment and to record occur-
ing surveillanceevents. The mobility of robots would not
restrict surveillancee orts to a small areaof the environ-
ment, instead sensorsthat are mounted on theserobots
would act as mobile surveillance sensorsthat could span
the entirety of a designatedervironment. The algorithm
developedin this paper is primarily designedfor security
surveillance applications, suc asthe detection of unau-
thorised personsin an indoor o ce building.
Surveillance e ort beginsby nding the occurance of
a relevant evert for the purposeof recording and anal-
ysis. In the caseof security surveillance applications,
this may involve searding the environment space for
potential intruders. It can be argued that this is the
most critical part of the design of mobile surveillance

systems, that is to be able to increasethe chance of a
mobile surveillance systemto discover a relevant surveil-

lance event that is occuring. A paper by [Massiosand

Voorbraak, 199§ addresseghis problem asthe primary

concern of mobile surveillance systems. By modeling

the problem with decision-theory an optimal route for a
mobile surveillancerobot could be plannedto reducethe

chance of a relevant evert remaining undetected [Mas-
sios and Voorbraak, 199§. This approach models the

ernvironment with a set of prior probabilities to indicate

the known probabilites of eadh segmen of a designated
ervironment that a relevant event will occur. Utility

values are assignedas well to indicate the importance
of nding a relevant evernt in a particular area. Conse-
quertly, a minimum expected cost policy is usedto plan

the sequencef surveillancegoals. A signi cant weakness
of the aforemertioned surveillance decision algorithm is
that the travelling time between areas of a designated
environment is neglected. Therefore, the algorithm does
not optimise the navigation route basedon the locality

of eadh area, rather the algorithm minimises only the

total expected cost of the environment.

A follow-up paper [Massioset al., 2001 rede nes the
solution to take advantage of the environment's geome-
try. Clustering of multiple regionsis performed by ex-
ploiting the geometry of indoor o ce blocks. This al-
lows neighbouring regions to share common expected
costs at multiple clustering levels. The algorithm pro-
posedin this paper is similar to the clustering method,
in which neighbouring regionsare clusteredto form com-
mon nodes. Howewer, instead of producing clusters
basedon the geometrystructure, the proposedalgorithm
works by indentifying local neighbours to produce a Di-
rected Acyclic Graph (DAG).

The produced DAG is usedto form a Bayesian Net-
work to approximate the posterior probability of neigh-
bouring regions. It is assumedthat the prior probabili-
ties of critical regionsare known. By taking into accourt
the dependence between neighbouring regions, condi-
tional probability will dictate that obsenations that are



made at a particular areawill in uence the probability
of its neighbouring regions. With that assumption, a
surveillance robot is required only to obsere a reduced
setof regionsin a cluster in order to deducethe probabil-
ity of an event occuring in its neighbours. This helpsin
structuring more optimal navigational routes as a robot
could visit or passthrough a lesserset of regionsto up-
date the event probability of its neighbours.

The rest of this paper describes the reasonand so-
lution of using Dynamic Bayesian Networks as a viable
algorithm to decisionplanning for a security surveillance
system. The modelling of an indoor o ce building is ex-
plained aswell ashow the prior probabilities and utilit y
values are used in the decision process. Experimental
results from a simulated environment are preserted, fol-
lowed by a discussionon future extensionsto the algo-
rithm.

2 Dynamic Bayesian Net work

The general structure of indoor o ce buildings allows
the useof a DAG to delineate the relationship between
individual segmets of the building. With regardsto se-
curity surveillance applications, this relational structure
accourts for the probability dependencybetweenneigh-
bouring segmets of the building when relevant surveil-
lance events occur. Based on the required criteria, the
Dynamic Bayesian Network (DBN) algorithm was se-
lected to model the conditional probabilities of neigh-
bouring segmens. This approach allows the probability
of eadh individual segmem to be updated basedon spa-
tial and temporal obsenations made.

2.1 Environmen t Segmenting

The generallayout of indoor o ce buildings is used as
a guideline to segmen the environment (refer to Figure
1). Each segmen consistsof either a room or corridor
and eadh segmen are represerted asa node in the DAG.
Arcs, as part of the DAG, are formed betweenead seg-
merts to indicate local neighbours.

Assuming ead room are approximately constart in
size,it will be su ce to represen ead room as a single
node in the graph. Room nodesare de ned asR();i 2

environment. Rooms are identi ed basedon the criteria
that a room is a signi cant surveillance goal, that is a
room hasto have a prior probability and a utilit y value.
Basedon that assumption, it can be surmisedthat the
primary goal of security surveillancesystemsis to be able
to reach and survey the rooms of an ervironment in a
timely manner.

Corridors of an ervironment are merely a connecting
platform betweenthe various rooms. A corridor can be
divided into multiple segmeims depending on its phys-
ical size. Each corridor segmen are represeried by a

single node in the graph and are de ned as C;k 2

in the ervironment. As its sole purposeis to connect
multiple rooms, corridors are not assciated with prior
probabilities. However, corridors with roomsastheir lo-
cal neighbours would sharethe combined sum of utilit y
values of their neighbouring rooms.

As critical surveillancegoalsconsistof adjoining rooms
with known prior probabilities, room nodesR (") are xed
asroot nodesin the DAG. Therefore, directed arcs are
formed betweenroom nodesand corridor nodesin which
room nodesare directed asthe parents. This con gura-
tion would allow the useof a DBN to infer the belief of
corridors conditioned upon the prior and obsenation of
their neighbouring room nodes.

2.2 Local Neigh bourho od Dep endency

The primary goal of Bayesian Networks is to infer
the belief of a node conditioned upon the obsenations
and/or beliefs of its neighbouring nodes. This con-
ditional relationship will result in various dependency
casesfor dierent node obsenations and connectivity
structures. These conditions are illustrated in [Murphy,
1999. Consider a network consisting of three nodes,
RO 1 c® R@ . In all casesthe belief of C) is
dependert on nodesR® and R@ .

If none of the nodes are obsened (i.e. all nodes are
hidden), R® and R®@ are independert of ead other.
This is the most trivial casewhich will result in the belief
of C® being conditioned upon the prior probabilities of
R®M andR®@ . In terms of surveillancedecisionplanning,
this will result in the probability of observinga relevant
security evert in corridor C® to be dependert on the
prior probabilities of it's neighbouring rooms.

If either R® or R@ is obsened, the belief of C® will
be updated, however, the belief of the hidden room node
will remain unchanged. The belief of C® will now re-
ect the obsenation that was madein one of the rooms.
If an intruder is obsened, the belief of CM will increase
proportionate to the belief of the hidden room. Con-
versely the the belief of C® will decreasef an intruder
is not obsened.

If node C® is obsened, the belief of nodesR® and
R®@ will be updated. The belief of nodesR® and R®
will now re ect the updated belief of observing an in-
truder in the rooms. This is akin to predicting the room
an intruder will enter once he is obsened in the neigh-
bouring corridor. The updated belief is not meart to
be treated as an accurate prediction of the intruder's
planned path, however, it is used as a relative measure
to determine the likelihood of the intruder to enter a
particular room rather than advancing to other rooms
or corridors.

By assumingtwo obsenations can be made almost si-



multaneously, if node C® is obsered and any oneof the
the rooms nodesR® or R® are obsened as well, then
nodes R® and R® will be dependert on ead other.
This will update the belief of the hidden room node
basedon the resulting everts of the observed nodes. For
example, if an intruder is obsened at nodes C and
R® | then the belief of room R®@ of observing an in-
truder will decrease.This resultant sceneriois quite in-
tuitiv e, if the intruder is found in room R® , then the
likelihood of observingan intruder in room R@ will be
reduced. The corversescenariois true aswell, in which
an intruder that is not obsened in room R® will re-
sult in an incresedlikelihood of observingan intruder in
room R®

It isimportant to note that the above scenariosdo not
accurately depict the generalcharacteristics of Bayesian
Networks. These scenariosare only achieved by care-
ful modelling of the conditional probability table (CPT)
for the security surveillance application. Also, the be-
liefs obtained from the Bayesian Network are not exact
inference of observing relevant security everts. Instead,
the belief valuesare usedasrelativ e guildelinesto deter-
mine the likelihood of observingrelevant security evernts
in various parts of the building.

2.3 Temporal Dep endency

Apart from spatial dependency the system needsto ex-
hibit temporal dependency as well. The use of a sin-
gle mobile robot for surveillance applications will dic-
tate that only one segmen of the environment can be
surveyed at a single time instance. Therefore, an obser-
vation made at time t will be invalid at time t + , as-
suming the robot is not stationary. The time constart,

, indicates the reasonableamount of time that an obser-
vation should remain valid after leaving the area. This
is to ensurethat an obsenation will not be invalid im-
mediately after leaving the obsened area. Instead, it is
a gradual processwhich will update the area's belief for
the duration of time,

DBNSs can be usedto model the required temporal de-
pendency system. The prior and interslice connectivity
are modelled basedon the BayesianNetwork structure in
Section 2.1. To create a dynamic system, intraslice arcs
areadded. Sinceeat segmen of the environment will be
time dependert, arcs are formed betweenR("” I R{),
and Ct(k) ! Ct(ﬂ , wheret 2 f0;:::; Tgis the current

time instance. Hence, the belief of a node at time t
will be dependert on the beliefsand obser\ations of that

node at previous time instacesO;:: :; 1
Bel(R") = P(R{JR{"; :::R{)
Bel(C®) = p(CRjRK) - Rkm)ck) .- cW)

Room Obsenations P(Cék) = Tij)kl) i Rékr" )
All True 0.99
All False 0.1

Half True, Half False 0.7

Table 1: A corridor's prior CPT for the trivial room
obsenation caseswhere R(kl) R(k“‘ are the m room
neighbours of Cék) .

where RY") is the prior probability for node R®), c{¥)
is the prior probability for node C(®) and RV ::: RKm)
are the m room neighbours of node Ct(k).

3 Probabilit y Setting
3.1 Prior CPT

The state of ead node is obsened as either "true" or
"false" ("true" if an intruder is found and "false" other-
wise). Hence, ead node is discrete and consistsof two
values. As rooms are de ned as root nodes, their prior
states depend only on their prior probability:

Bel(R{" = true) = P(R{")
Conversely
BelR{’=falsey= 1 P(R|)

Prior state calculation for corridor nodes are more
complicated as the CPT needsto be de ned. As there
are no known solution to build the CPT, a heuristic in-
terpretation of the problem is usedto build it. The size
of the CPT for a corridor node dependson the number of
connectedroom neighbours. In general, the number of
rows of a corridor's CPT is 2P where p is the number of
room neighbours. The most trivial ertries for the CPT
are de ned in Table 1. To create a redundart system
to ensurethat all relevant events will be captured, the
CPT value is made more true than falseto ensurethat
when a node is obsened to be false, there will still be a
higher chancethat it is true.

The rest of the CPT entries are de ned using the fol-
lowing formula:

co=7

0:3 .
CPTyyr =07+ 2—y;|f X>y

c¥=7

0:2 .
CPT,yyr =07 2—X;|f X<y

(k) =
where (.‘,PTXCTOyF_T is the CPT row table entry for cor-

ridor P(C, (k) = TJR(kl) R(km)) when x of its room
neighbours are obsened to be "true" andy of its room
neighbours are obsewed to be "false". Again, more em-
phasisis given to the true casethan false. The values
that were chosenare basedon experimental results.



3.2 Intraspace Node

An important approximation of the Bayesian Network
that hasnot beenmertioned sofar is the interconnectiv-
ity betweenthe building's corridors. With directed arcs,
it is dicult to model the corridor's interconnectivity as
there is no clear approadc to determine the direction of
the arc between corridors. One way to solve this prob-
lem is to divide ead corridor into individual networks
and to introduce intraspace nodes to approximate the
interconnectivity betweenead corridor.

This approach would result in the creation of multi-
ple BayesianNetworks. At rst glance,it may seemthat
doing sowould increasethe computational complexity of
the system. However, to the contrary, the complexity of
the systemwill be signi cantly reducedascomparedto a
single BayesianNetwork system. This is due to the com-
plexity of the forwards-badkwardsalgorithm that is used
as an exact inference algorithm for Bayesian Networks,
which will result in a HMM with S = M N states, where
M is the number of valuesper node and N, ' N; + N¢
is the number of hidden nodes [Murphy, 2004. By di-
viding the system into multiple networks, the number
of HMM stategfor infering the BayesianNetwork would
now be S = iN:CI M Nt where N;, is the number of
room neighbours of corridor C(.

The role of the intraspacenode is to approximate the
current belief of the neighbouring corridors. Therefore,
an intraspace node is added in place of ead neighbour-
ing corridor of the network. To approximate the de-
pendency of eat corridor node to their corridor neigh-
bours, intraspace nodes are directed as the parerts for
ead node. As a further reduction to the computation
complexity, the values of intraspace nodes are discrete
to represert their corresponding corridor's beliefsin dis-
crete intervals.

With the introduction of intraspace nodes, the CPT
for eadh corridor needsto be to rede ned. To illustrate
the construction of a CPT with intraspace nodes, as-
sumethe connectivity of the following four node system,
R@1 c@ c® RO, Tobuild the BayesianNet-
work for nodesC® ;: RM | the following network is con-
structed to simulated the undirected arc betweennodes
C@ and CO®, I ! CcO RW , where Icp is
the intraspace node to represen the belief of corridor
C®@ . Similarly, the structure of the Bayesian Network
for nodesC® ;R®@  will beR® I C@ |, . Only
taking into accourt the network of CW | the interface
nodel.» needsto approximate the belief of C® when
lcw is obsened. Therefore, the belief of CY is to be
approximated as:
Bel(C® =T) = P(c® = TjrR™;c?)

ik
Bel(R™)Bel(C?)

X (1)
' P(C(l) = TjRJ- ;|C(2) = X)
i
Bel(R™)
where x is the current belief of node C@ . Hence, the
modied CPT, P(C® = TiR™Y = y;lce = x), where
y is the state of Rj(l) , Is:

P(CW = TiRY = yilcw = x) =
P(C® = TR = y;C®@ = T)x +
P(C® = TjR® = y;Cc@ = F)1 x)

Therefore, the generalisedprior CPT can be obtained
with the following equation:

P =T | RYY =y, iRE™ =y,

Ic(kl) = Xk, :::Ic(kn) = an) =
xi Xt Cé”:T i i
CPT e Vit
i1=0 in=0

where V2 = 1 Xy, and V! = x,, Ck):::Clkn) are
the n corridor neighbours of C®) with xy, :::xk, their

(k) _ "
corresponding discretisedbeliefs. CPTXC}‘JYF_ T canbe ob-
tained from Section 3.1 with the corridor neighbours in-
cluded as part of x and y.

3.3 DBN Probabilit y Setting

For temporal dependency DBNs are usedto model eac
network in the system. DBNs will require additional
modi cation to the CPT as ead node are now depen-
dent on the beliefs and obsenations of previous nodes.
This additional dependencyintroducesnew parent arcs
betweenthe current interslice nodesand the previousin-
terslice nodes. Temporal arcs are formed only between
nodes of the sametype, i.e. they are formed between
the following nodesR" 1 RY,, c® 1 c and
| Ct(k) ! |Ct(l+<1) .

The primary purpose of modeling the system with
temporal dependencyis to ensurethat obsenations that
are madeat time t are not valid after time t+ . Toim-
plemernt such a system, the following equationsare used
to build the CPT for the intraslice nodes:

P (Qo = Xjparents)

P(Q1 = XxjQo = : x; parents) =
P(Qo = : xjparents)

P(Q1 = : xjQp = Xx; parents) =

where Q; is the node immediately after the prior times-
lice, Qo, X are the possiblevaluesof node Q and isa
dampening factor.



The de ned CPT will ensurethat after time t +
since an obsenation at time t was made, the belief of
node Qi+gelta Will reduce to the prior belief of Q; ;.
The dampening factor, , will ensurethat the belief will
gradually increaseor decreasegrom time t to time t +
Hence, /

4 Decision Planning

Based on the maximum expected cost policy, surveil-
lance routes are planned by searding the environment
spacefor roomsand corridors with the highest expected
cost. The expected cost for ead part of the building is
calculated using the following formula:

Ec?” = Bel(Q"):u(@Q")

where Bel(Q!") is the current belief of node Q1) as ob-
tained from the DBN at time t and U(Q()) is the utilit y
of node Q).

The maximum expected cost policy will always select
surveillance goalswith the highest probability of a rele-
vant security evernt occuring and the highestutilit y value.
Utilit y values indicate the importance of nding a rel-
evant event. Therefore high utilit y values will signify
areasthat are of high importance.

Expected costs are updated as beliefs are updated
from obsenations at various parts of the building. Since
expected costs depend on the approximate posterior
probabilites, areaswith high prior probabilities and high
utilit y valueswould be lessimportant if no intruder is
obsened in theseareas. This would allow other surveil-
lance goals that have not beenrecerly obsenedto be
selectedaspart of the robot's next route. Due to tempo-
ral dependencies,obsened nodeswill regain thier prior
importance after time t + . Therefore, nodesthat have
not beenobsened for sometime will be revisited.

The utilit y valuesof corridor nodesare set asthe sum
of the utilit y values of their neighbouring rooms. The
consequenc®f this is that corridor nodeswill be of more
importance than their neighbouring room nodes, if the
corridor nodes remain unobsened. This will causethe
mobile robot to visit the corridor of rooms more fre-
qguertly than visiting the rooms themseles. The intu-
ition behind this is that in alargeo ce building, thereis
insu cien t time for arobot to visit ead individual room.
Instead, it will be more e cien t to visit the neighbouring
corridors of each roominitially and then to visit individ-
ual rooms that are more important than the cluster of
neighbouring rooms at a later stage. This scenariowill
evertually arise becauseas corridor nodesare obsened,
the beliefs of their neighbouring rooms will decline but
not as much as the obsened corridor. The evertuality
of this is that the unobserned room nodeswill obtain a

Figure 1: Layout of the simulated environment.

higher expected cost value than their neighbouring cor-
ridor nodes.

An overview of the decisionplanning algorithm is sum-
marised below:

1. Obtain the marginal probability for each room and
corridor node.

2. Calculate the expected cost for eat node.

3. Find the bestroute to the room or corridor with the
highest expected cost.

4. Update the obsenation of the target node when it
is in the target area.

5. Update the intraspace nodes of the target node's
neighbouring networks.

6. Hide the target node and repeat Step 1.

5 Exp erimental Results

To analysethe decisionplanning algorithm, a simulated
environment wascreated. The layout of the hypothetical
environment is illustrated in Figure 1. Two algorithms,
the DBN algorithm and the decision-theoreticalgorithm
[Massiosand Voorbraak, 1998, were implemented and
compared.

The simulated environment was segmetied manually
to atotal of 31 roomsand 15 corridors, all of which are
assaiated with random prior probabilities and utilit y
values. With the DBN decision planning algorithm, the
number of DBNs that were created was 11. One DBN
was created for ead corriddor with neighbouring rooms.
The total number of nodesthat were created, including
intraspacenodes,was 61. The dampening factor, , was
setto 1000for this simulation.
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Figure 2: The gure to the left illustrates the surveillance routes that were chosenby the DBN decision planning
algorithm. The gure to the right illustrates the chosensurveillance routes with the decision-theoretic algorithm.
Theseplots indicate the corresponding room and corridor node numbers, as referencedin Figure 1, that were visited

with time.
Nodes Visited (DBN algorithm) Visit #
R1,R3,R5,R9,R11,R16,R23 1
R6,R8,R17,R18,R19,R21,R24,R26,R28,RB 2
R7,R12,R27,R31 3
R22 4
C1,C6,C10 1
Cc2,C8 4
C3,C9 3
C5,C7,C11 2
Nodes Visited (Decision-theory algorithm) | Visit #
R2 7
R8 20
R19 20
R22 33
R25 5
R31 6

Table 2: The above tables list the frequenciesof ead
segmen of the ervironment that were visited for the
timespan of 447s.

To implement the decision-theoretic algorithm, only
the expected costsof eat room weretaken into accourt
with a look-aheadof n = 1 step. After ead time in-
stance, the probability of ead room will increase to
P =10 (1:0 P{Mt v, whereP{" is the prior prob-
ability of eadr room and t, is the time since the room
was last visited. When a room is visited, the room's
current probability will be resetto its prior probability.

The simulation ran for a total of 447seconds Results
of the simulation are listed in Table 2 and the naviga-

tion plots from both algorithms are shown in Figure 2.
It is obsered that for the entire timespan of the simu-
lation, the decision-theoretic approach planned a route
betweenrooms with the highest expected cost, totaling
the number of rooms visited in that timespan to be 91.
The DBN planning algorithm, however, planned most
of the robot's initial routes to visit corridors with im-
portant room neighbours and at a later stage, the algo-
rithm planned routesthat visited individual roomsmore
frequerty. A total of 24 corridors and 46 rooms were
visited using the DBN planning algorithm.

Careful obsenation of the decision-theoreticapproac
shows that in the total of 91 rooms that were visited,
only 6 out of the 31 rooms were actually surveyed. Al-
most a third of the time was spert revisiting rooms that
have high expected costs. The number rooms that were
visited using the DBN planning algorithm, however, was
23. The room with the highest expected cost, R22, was
revisited 4 times comparedto the decision-theoreticap-
proach, which planned revisits to the room a total of 33
times.

Overall, the DBN decision algorithm selected paths
that were able to survey a large area of the erviron-
ment. The priority of important regions was apparert
as regions with high expected costs were visited more
frequertly compared to lessimportant regionsin that
timespan. Instead of surveying individual rooms, cor-
ridors with a collection of neighbours with relatively
high priors and utilit y values were visited often to up-
date the beliefsof the collection of neighbouring regions.
This eliminates the needto frequertly survey individual
rooms, which will consequetly increasethe travelling
time of the surveillance robot. Therefore, it is obsened



from the experimental results that the DBN dewelopsef-
cient routes that allowed the robot to visit a large area
of the environment while maintaining the requiremerts
to survey rooms with high expected costs. This is due
to the conditional depedenceof the algorithm, which al-
lows the robot to visit only the neighbouring corridors
to update the beliefs of the rooms.

6 Future Directions

It is possibleto implement the corridor segmemation
task as an automated processby nding the cornvex re-
gions betweenrooms [Marzougi and Jarvis, 2004. This
method will further strengthen the spatial relationship
betweenroomsand corridors asit will take into accourt
the visibilit y of roomsfrom corridor regions.

The importance of the algorithm preserted sofar is to
establish the beliefs betweenregions of an environment

with the inclusion of spatial and temporal dependencies.

Routes that are planned reducesthe energy costs of a
surveillancerobot asit will visit the local neighbours of
rooms more frequertly, rather than visiting the rooms
themselves. However, the algorithm sofar doesnot op-
timise the planned path betweensucceedingsurveillance
goalsto include the visitation of intermediate regions -
in order to optimally reduce the total expected cost of
the surveillance ervironment. In a simple ervrionment,
the visitation of intermediate regionsis not important as
there are only few paths that will lead from one surveil-
lanceregion to the next. However, in complexand large
ernvironments, it may be more advantagesfor the surveil-
lance robot to visit intermediate areaswhen transiting
betweenregions. One approadc to plan sud paths is to
model it asa Travelling Salesmanproblem. By including
the expected cost of intermediate regions and possibly
the energycostsof a surveillancerobot, TSP algorithms
could be usedto selectoptimal paths to transit from one
surveillance goal to the next.

Another future extension to the decision planning
algorithm is to implement it on multiple cooperative
robots. In large o ce buildings, it could be impracti-
cableto utilise a single mobile robot to e cien tly survey
an ertire building. As obsened from the simulated re-
sults, a single robot is prone to trapping that will cause
the robot to only visit areasof the building with high ex-
pected costs while ignoring other areas. Even with the
implemertation of the DBN decisionplanning algorithm,
the number of corridors and rooms a single robot would
have to visit in alarge o ce building is insurmountable.

Initial investigationsinto developingthe DBN decision
planning algorithm for multiple robots showed that it is
feasibleto implement such as system on multiple coop-
erative robots with a decerralised scheme. The market
econony strategy for coordinating multiple robots [Dias
and Stertz, 2004 provedto be a viable solution to decen-

tralise the coordination of multiple robots. Each robot
will be assignedsurveillance goals basedon the cost of
robots to perform tasks. Robots that are able to per-
form tasks with the least energy cost will be assigned
to that surveillance goal. The evertual result is that
surveillance goalswith high importance will be assigned
to robots that are nearestto it. Therefore, an e cien t
systemwhich reducesthe amount of work done by eat
robot as well as reducesthe total expected cost of the
systemcan be achieved.

7 Conclusion

It is concludedthat the DBN decisionalgorithm is able
to plan e cien t surveillance routes as it takesinto ac-
court the conditional dependenceof neighbouring re-
gions and the temporal dependenceof previous obsena-
tions made. Unlike convertional DBNs, the complexity
cost of the proposeddecisionplanning algorithm is man-
agable. Instead of constructing a single DBN to model
the entire system, individual DBNs are built to model
ead neighbouring segmetts of the system. These DBNs
are linked together with the introduction of intraspace
nodes, which is used as an approximation of the neigh-
bouring network’s current belief.

It is of interest of this author to further extend the
DBN decisionplanning algorithm for implementation on
multiple cooperative robots. It is highly ine cien t for
a single robot to survey an ertire building as relevant
surveillance events will be lesslikely obsened and the
amount of work that hasto be done by a singlerobot is
extensive. The designof the DBN decisionplanning al-
gorithm is highly portable to multiple cooperativerobots
due to the division of a single DBN to multiple DBNSs,
which allows the algorithm to be distributed. Therefore,
it will be a smooth progressionfrom developing the deci-
sion planning algorithm for planning surveillance routes
for a single robot to planning the routes for multiple
robots.
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