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Sensor Planning for Mobile Robot Localization

-Use of Bayesian Network Representation and Structure Learning-
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1. position tracking
2. global localization problem
3. kidnapped robot problem
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O 1: (left) A graph representing an office. (right)

A path as a solution of Chinese postman problem.
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0 2: The results of ordering searching by GA and

Bayesian score.
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Learned BN’s structure by K2 and GA.
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Input:

a.BN engine:engine,

b.possible action list: actlist,

c.2-D list of predicted sensing information
according to actlist: Psel

d.obtained sensing information list:Osel

g.list: ActSenNum, the number of
predicted sensing information sets.
For example, if ActSenNum is (4,5), it
means there are 4 and 5 predicted sensing
information sets which according to the

first
and the second possible action of actlist,
respectively. The list’s length is length of
list actlist.

Output:

a.optimal action OptAction

b.action-sensing list ActSenlist,
each member of list ActSenlist is a
vector which include an element of

actlist,
and a refined sensing list
corresponding to the element.

var:

a. Evidence list, SenEven assigns
a part of Psel.

b. Global localization belief TolBef.

c. the number of classifiable the robot’s
location:count.

d. sensing cost:SenCost.

e. double: Cost.

0 1: Sensor Planning Algorithm (Definition of

variables)
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Sensor Planning:
Begin
for i = 1: length(actlist)
count = 0;
SenCost = 0;
A for k =1: ActSenNum(3)
for j =1 :length(Psel(i))
push Psel(i) into SenEven;
* [ActSenlist] =
BayesianNetworkInference(engine,
actlist(i),Osel,SenEven);
Calculate TolBef®;
if (TolBef > 2.71),
B count ++;

Cost = CaculateSensingCost(SenEven)
clear SenEven’s content;
if (SenCost < Cost),

SenCost+ = Cost;
end if
end if
goto: A;
end for

end for
ActSenlist(i,1) = actlist(s);
ActSenlist(i,2) = count;
ActSenlist(i,3) = SenCost;
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end for
goto: C;(Table 2)
end
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3adding of maximal probability of nodes H, M,T.

4We define if the probability of node Head, Mid and Tail is
not less than 9.0, the mobile robot can ensure its location, and
0.9%3 =2.7.

5The sensing cost is calculated by adding the local distance
of SenEven’s element
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C Function:
OptAction = GetOptimal Action
(ActSenlist)
Begin
sort the list ActSenlist in the
2th column’s elements of ActSenlist
that the have been stored line B;
OptAction = ActSenlist(1, 1);
for x = 2 : length(actlist)
if ((ActSenlist(x,2) > ActSenlist(1,2))&
(ActSenlist(z, 3) < ActSenlist(1, 3))),
OptAction = ActSenlist(z, 1);
end if
end for
end(GetOptimal Action)
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O 4: An example of the experiments of sensor planning
for the mobile robot localization.(In the figure, the real
numbers in ( ), ( ) with black square, ( ) with hatched
square represent probability of node T, M, H, respec-
tively. If the intersection is the instantiation of node

T, M, H, the poabability is shown at the intersection.
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