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Abstract— In this paper, we develop an efficient algorithm for
coordinating a group of mobile robotic sensors to collaborévely
construct the probabilistic map (occupancy grid) of a randan
field. Each mobile sensor is responsible for exploring its dme-
computed dynamic Voronoi polygon with a tendency of moving
toward the most uncertain area, thus avoiding energy and tire
waste from wandering around and surplus explorations. The
performance is measured by the total entropy of the built

Each of these two approaches has its own advantages and
disadvantages, and captures one aspect of the map building
problem. In this paper, we focus on the second one.

The major keys to the map building problem are as
follows.

« Sensor ModelDepending on the type and capability

probabilistic map. Simulation results show that our algorithm
is both time and energy efficient.

I. INTRODUCTION

Map building is the process of establishing a represemtatio
of a previous unknown environment, which, for instance,
might be a room in a building, a potentially hazardous
working place, or a battle field. The task of map building is
usually undertaken by one or multiple mobile robots which
are equipped with various sensors aboard. A group of mobile
robots with sensors aboard is also called a mobile sensor
network in which a sensor node is a robot. Much of the
research effort to date to build a map has focused on the
single robot scenario, whereas in this paper we develop
an efficient scheme for multiple robots to cooperatively
construct a map.

Because of the complicated nature of the task, map ,
building is often coupled with other tasks. For example,
in the front end, when the problem of locating the robots
in the environment is also considered, one has the SLAM
(simultaneous localization and mapping) problem [3], [11]
[12]. Alternatively, map building can also be combined with
various applications that utilize the map to be built, for
example, the pursuer’s strategy in a pursuer-evader game in
an unknown environment.

There are two typical mapping ways to represent the
knowledge of a region of interest. The first approach [3],
[11], [12], assumes a set of possible shapes of obstactes, e.
polygons or rectilinear polygons, in a given region. Uspall
each such shape is parameterized by a finite set of parameters
which the robots need to determine. The second approach
[4], [5], [6], [8], [9], [13], [14], [15] partitions the regin into
a regular grid of cells (as shown in Fig. 1), and associates
with each cell a probability that reflects the possibilitath
the cell is occupied by an obstacle. The resulting cells
together with the associated probabilities are often dalle
the occupancy (uncertainty) gridAn occupancy gridis
a probabilistic mapof the region (environment) based on
known knowledge and it can be updated by new knowledge.
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of on-board sensors, a sensor model is a function from
the environment states (in this case, the configuration
of obstacles and the positions and orientations of the
robots) to a set of measurement readings, possibly
corrupted by noises. In this paper, a sensor model
P(M]A) is the conditional probability of getting the
measurementl/ given that the environment is with
property A, e.g. occupied by obstacles or not. For
example, the readings from a range detector indicate the
presence of obstacles within a cone together with their
distances from the robot, and the readings are accurate
with a certain probability determined by the distance
of the obstacle, its deviation from the center of beam,
and heat noises of the sensor. The Sensor models are
normally investigated and determined by taking readings
of the sensor in known environment states.

Map Update ModelGiven a set of measurements taken
by the mobile robots, one needs to update the map in
accordance with these measurements. Also, it is often
the case in practice that the maps kept in different
robots are not identical, whether this is due to commu-
nication delays, or transmission errors. It is important
that one should have a mechanism to “reconcile” these
discrepancies. The typical methods in map update are
the Bayes' update rule and various other inference
rules. Of these we mention particularly tigeaphical
mode] which is suited for inferences under complicated
relations.

Control Strategy.At each time instance, one has to
decide the motion and temporary goal of each mobile
robot. The control strategies are classified as centralized
and decentralized. The centralized strategies assume the
presence of a central controller, and often the precise
information on the positions of the robots, while for
decentralized strategies, each robot makes decisions on
its own using information that is available to it at that
time, which could vary among different robots, and,
occasionally, the decisions could be redundant or even
contradictory at the moment. In this paper, we present a
hybrid algorithm to coordinate the motion of a group of
robots. A central controller doesn't exist and all robots
execute the same coordinated map building algorithm



based on the same information, a shared map, updatdd Sensor Model

by direct communications with each other. We suppose all robots are with the same sensor model.
« Practical Constraints Depending on the way of com- 40 rohot takes measurement of each ieelépendentlyA

munication between robots, various practical constrain{easurement of cell— (z:,:) is a random variable denoted
could be adopted. For example, the power limit an sM .

. o : (k) ¢ {0,1}, wherek is the number of measurements
channel capacity of the communication units aboard t :

bot Id train that at time the robots sh ade at celli regardless from which robot (since their
robots could consirain that at any ime the rono’s s Oulth nsor models are the samM{(k) = 1 means that thé-
form a team that no robot is at a distance farther th

measurement result suggests cels occupied whereas
a threshold away from the rest of the robots, or each (x) _ 0 represents thé-th measurement result of celis

robot should be “visible” to at least one other robot, of ¢ . :
. un-occupied. After taking measurement, all the robots then
each robot can only receive the up to date maps from ) .
o - update the shared occupancy grid, the probabilistic map of
other robot after a certain time of delay. The ability to . .
) L tt?e whole region. We assume the robots can commuricate
incorporate these constraints is vital for the success 0f. ; .
the algorithm in practical situations W|th each othgr tlmely to update the shared occupancy grid.
' This assumption is based on the fact that the energy cost
of robots’ movements is larger than that of communication.
Thus, a coordination globally minimizing the number of
Suppose there are multiple mobile robots trying to mapobots’ movements will benefit the energy saving although
an unknown regionD in R2. It is possible to apply the it spends some energy on communications.
current approach to 3D regions after certain modifications. Let 4, € {1,0} be the random variable that cellis
The regionD C R? is partitioned into a grid of cells, truly occupied @; = 1) or not (A; = 0) in reality. The
D = {(z;,y;) € Z* : i € T'}, whereT is a finite set of the sensor model of each robot is henge\/;|4;). We assume
indices of the cells. Eactw;,y;) € D represents a rectangle the sensor model(1/;|A4;) is time invariant For simplicity
[1;, 7;+1] % [y;, y; +1] C R?, which is either occupied by an we denote
obstacle totally, or is empty totally. See Fig. 1 for an exEmp

Il. PROBLEM FORMULATION AND THE SOLUTION

of a rectangular regiorD, where those cells occupied by poo = P(M;=0[4; =0),
obstacles are blackened. po1 = P(M;=0[4; =1),
If at some time a robot is in a celle;, y;) which is not plo = P(M;=1|A; =0)
occupied, then at the next time step, it can, according to the pi1 = P(M;=1|A; = 1). )

coordination policy, stay at cell;, y;), or move to one of
the un-occupied immediately neighboring cells(of, y; ). The largerpgg, p11 are, the more accurate the sensors.

For a more realistic model, one can choose different values
of these conditional probabilities for different cells rseeed,
depending on the sensing pattern of the sensor and the
distance as well as the angle between the sensor and the
cell measured, provided that a robot can sense not only its
currently located cell but also the neighboring cells.

*:H: B. Map Update Model
H The robots take measurements of the environment, and
FF update the occupancy grid based on these measurements.
H Bl . . .
Whenever a robot is at a positidn;, y;), it can measure the
Fig. 1. RegionD with obstacles marked. cells in [(x;,y;) + Ny] N D, whereN, is a cluster of points

in Z2 containing the origin. Hence the robot can always
The knowledge of a robot about the environméntis measure the cell it stays at, as well as a set of cells close
represented by th@robabilistic map (occupancy grid) it to it. The size ofN, reflects how powerful the sensors on
keeps, which is defined to be a collection of probabilitiedyoard are.
{pi € [0,1] : i € T}, such thatp; is the probability (the  Suppose a ceil has been measurédimes. LetM ") =
certainty) that cellz;,y;) is occupied. The value af; will {Mi(l), Mi@) e Mi(k)} be the sequence &f measurements
be updated whenever a robot explores (measures).cell  on celli. A robot now visits celli to make a new measure-
Usually a transformed version of the probability marmentMi(kH) and then updates the probability (certainty) of
(occupancy grid) is more useful. For each probabjlitythe occupancy of celt,
odd of the celli is defined to be pgkﬂ) (4, - 1|Mi(17,€+1))7 3)

0= 7o € [0,0¢] @) . .
1—p; 1In the region of interest, robots may communicate with eaitteroby
] ) ] ) one-hop direct connections, multi-hop relays among rolmtgonnections
The logarithmic odd mags the collection{logo; : i € I'}.  via a base station.




where the superscrigk +1) of p§k+1) indicates thgk +1)-
th step. Also, the odd of cell at (k 4 1)-th step, denoted
oEkH), is
(k+1)
O(_k+1) _ b (4)
i 1 — D
By the Bayes’ rule, we have
P(A{M; )
_ P(Ai|M-(1’k) M(k+1))

PMEI MR A - (A MR
= : P(]\Z/[i(k+’l) |Mi(l’k)) : Fig. 2. Voronoi partitions for Euclidean and street dis&sc
PM*Y 14 - P(A M) . | y o)
= D ) described in equation (7). Initially, all the probabllﬁgp are
(M; ) 0.5, reflecting the fact that the robots know nothing about
where the last equality follows from the assumption that athe environment. Henceogogo) = 0,Vi € T. As time

measurements are independent. However, the above equafigls on and new measurements are taken, in gdngr(&ﬁ“)

. . E+1)y - .
is not useful as the DfObab'“t_f(Mi( ) is not readily become random processes whose values at each step depend
available. To overcome this difficulty, we set; = 0 and  on the outcome of the random measurements by robots. Note

Ai = 1 respectively to obtain thatlog 0" ) = logo{®) if the cell i is outside all robots’
P(4; = 1|Mi(1’k+1)) measurement ranges.
P(Mi(kﬂ)lAi =1) P(4; = 1|Mi(1"k)) C. Coordination and Performance Metric
N p(Mi(kH)) ’ Our goal is to find a dynamic strategy to coordinate the

motions of robots such that thesidual uncertaintyof the

o (1,k+1)
P(A; = 0|M; ) map is minimized in a fixed amount of time. The residual

B P(Mi(k+1)|Ai =0)-P(4; = 0|Mi(1"k)) uncertainty of a probabilistic map (occupancy grid) can be
B P(Ml.(k“)) ’ defined by the total entropy of the occupancy grid:
The quotient of the above two equations yields H(D) = ZH(i) = Z(pi logp; + (1 — p;) log(1 — p;)),
i€l i€l
P(Al _ 1|]\/[Z(1k+1)) S S (8)
P(A; = 0|M_(1-,k+1)) where the first equality follows from the independence of

p; of each cell. W. I. 0. g., we omit the superscri

_P M4 =1) CP(Ai = 1) in the above definition. Note that the largsk(D) is, ﬁ)e
P(Mi(k“)|Ai =0) P(4; = 0|M1.(1’k))’ more uncertain the corresponding probabilistic map. Since

robots keep exploring the regian, the total entropyi (D)

(D) ) is in a decreasing tendency. The of equation (8) can be

0; =pm-0; (5) easily obtained from the updated odd or logarithmic odd by

their relationship in equation (1). In the next section, we

which can be rewritten as

where : . o ;
_ (k41) will present our algorithm for the coordmatlc_)n of multiple
_ Jpo=Exif M; =0 ©6) robots that can reduce the residual uncertaiityD) of a
pu = p1 = % if MZ_(’““) =1. probabilistic map in a time and energy efficient way.
Note that the value op,, is pre-determined by the sensor [1l. ALGORITHM
model and does not depend on the tileince we assume  Suppose at some time step, the positions of the robots
the sensor model to be time invariant. Normally, a sensor ige (a;,b;), I = 1,...,m. The Voronoi partition is a
of the higher probability to have a correct measurement, i.@ecomposition ofD into disjoint subsetd,, ..., D,,, such
Poo = po1 andpii > pio. Thus normallyd < pg < 1 and  that D; = {(z;,5:;) € D : (z;,;) is closest ta(a;, b;)}. In
p1 > 1. case that there is more than o, b;) closest to(x;, y;),
For practical usage, we take the logarithm of equation (3ye can attribute(z;, y;) to any one of themD; is called
to obtain the map update rule for thegarithmic odd the Voronoi polygonof robot I. Shown in Fig. 2 are the
log oF D) log par + log o) @) Voro_noi partitions under two different definitions of distae:
g v Euclidean and street.
wherep,, is determined by (6). The philosophy of our algorithm is that robot should

At each time step, robots measure the cells within thelse responsible for the exploration of the uncertain area
measurement range, and update the logarithmic odd mapdssest to it. To achieve this goal, every robot computes



the Voronoi partitionof the shared occupancy map and
moves toward the cell of the minimal absolute ddd in it

Voronoi polygonlf a cell i has been well explored, it would
be of low entropy (high certainty}{ (<) and high absolute

Odd,|01‘|.

Assume that Euclidean distance is adopted. Our recursiv

algorithm is outlined below. A regular step include

actions except the initialization. The effect of the regist
n; is to let the robot to turn back to the original direction

after it made turns to avoid obstacles.

Entropy on region 3, 03
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Initialization: each robot chooses its initial position,

map {logo; =0:4 €T}.
A step includes the following actions:

occupancy map accordingly.

2. Given the positions of robots, (a;,b;),
I = 1,...,m, construct the Voronoi partitio
D+,...,D,,. For each roboi =1,...,m,

all cells (z;,y;) € D, the one minimizing
|Oi| + A||((Eza yz) - (a’l7 bl)||2a

where ) is a positive weight.

Suppose (z;,y;x) IS one minimizer. Le
goal; := (x;+,y;~). The robotl try to move,
to its neighborclosest togoal;.

If the neighboring cell is empty then mo
to the cell and keep in “pursue” mode.
If that cell is occupied, turn countercloc

9)

and move to the cell unless the robot]
trapped. Set the mode of robbto “avoid”
and initialize a registery; 0, which
records the number of turns.

If the mode of robof is “avoid”, andn; < 2

move to that neighboring cell.

— If succeed, sety; = n; + 1,

— else if turn counterclockwise (left) to find
empty neighboring cell and move to the @
unless the robot is trapped.

If the mode is “avoid” andn; = 2 , set the
mode to “pursue” and resef; = 0.

direction of turning, reset; = 0.
3. check for some stopping criteria (total entropy

be terminated.

its mode to be “pursue” and initialize the logarithmic @

1. All the robots take measurements and update

« If the mode of robot is “pursue”, find among

wise (left) to find a empty neighboring ce

then robot! turn clockwise (right) and try tg

If the boundary ofD is reached, reverse th

been less than a pre-decided threshold) if it shq
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Fig. 5. The total entropy (residual uncertainty) vs. timepstof Region 3
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IV. SIMULATIONS

A. Simulation setup

n . . . : .
We comprehensively simulate our algorithm on regions in

various sizes and configurations. Fig. 3 illustrates an gt@am

of 3 mobile robots to explore a square regibn in which

the snapshots of the constructed map (occupancy grid) at
different time steps are plotted. We indicate the probiytili
occupancy of each cell in grey-scale. In the beginning hall t
cells are un-explored and in neutral grey. While the mobile
agents move around, they gradually reveal cells’ occupancy
The darker a cell's color becomes, the higher the probagbilit

it is occupied. A cell become white or black as it is explored
to be empty or occupied, respectively.

We present simulation results on four different regions
shown in Fig. 4 as four 20x20 cells in different occupancy
configurations. In each case, there are four robots to explor
the region. We set the parametgrin equation (9) to0.1.
Also, the conditional probabilities to make correct measur
ment in condition of a cell's occupancy, namely, andp1,
are both set to 0.9. A robot can measure its currently located
and neighboring cells. Theg, and p;; for the currently
located cell and neighboring cells are set to be the same.
We thus compare the results of robots with two different
measurement ranges: (1) current cell and one cell ahead in
the robot’s orientation, (2) current cell and four neighbgr
cells — left, right, up, and down. We measure the performance
by the residual uncertainty of exploration in terms of bjnar
total entropy,H (D).

i

M

N

is

el

B. Simulation results

€ The four curves in Fig. 5 show the results of four different

exploration scenarios for the regidps shown in Fig. 4(c).

18S The four robots’ initial positions are (12,4), (13,4), (44,

uld gng (15,4) for scenarios 1 and 2 and (4,4), (5,4), (6,4), and
(7,4) for scenarios 3 and 4. Even though robots initiate @t th

i

same positions, the exploration scenario can vary due to the
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Fig. 3. Maps at different time steps.

(a) Region 1,D;. (b) Region 2,Ds. (c) Region 3,D3. (d) Region 4,D,.

Fig. 4. Regions considered in simulation.

random nature of measurements. The initial total (binanfljgure of Fig. 6. It is possible that two consecutive measure-
entropy is 400 as each cell has initial (binary) entropynents of a cell are opposite and hence the latter measurement
1. The total entropy decreases at a constant rate initialipcreases the entropy (the uncertainty) of the cell. Most
indicating that all the robots are exploring new area. Theells get consecutive same (and correct) measurements in
rate of decrease slows down gradually and then abruptly aftdat the probability of correct measurementi8. Each of
a certain time, at which point most of the region has beetmem contributes to the decrement of total entropy. Only few
explored by at least one robot. The fluctuation in the curve ills have opposite consecutive measurements, contrgputi
due to the random nature of robot measurements. All curvés the increment of total entropy. The effect of increment
land on the final total entropy which is 3 fér; since 3 cells from consecutive opposite measurements will manifest at
of D3 are surrounded by obstacles and can not be explorddtal entropy only when (1) most of the cells have been well
At the early stage, the deceasing rate of scenarios 3 andedplored and the changes of their entropy become extremely
are smaller than that of scenarios 1 and 2. This is becauseall (near 0). (2) one cell which has been explored once
in scenarios 3 and 4, robots which initiate at the left dowiin the case of curve 4) has a measurement opposite from its
corner are confined by obstacles. There are only two doogwevious one, incurring a (big) entropy increment larganth
i.e. cell (2,7) and cell (12,3) for those robots to go througkthe sum of all the extremely small entropy decrements from
to explore other areas dbs;. A robot may keep searching other cells. These two conditions will only happen (with low
explored cells at left down corner before it goes through ongossibility) at the late stage of simulation as in the curve 4
of the doors. On the other hand, in scenarios 1 and 2, afl right sub-figure of Fig6. The following measurements of
robots which initiate at the right down corner are free tdhe cell will decrease the entropy back.
search un-explored cells.

The left sub-figure of Fig. 6 shows the total entropy
decreasing by time steps on four different regions shown in Fig. 7 compares the effect of different measurement ranges
Fig. 4 whereas the right sub-figure magnifies the steps froef robots. We show the results of two regiods3, and D;.
200 to 300 to show the different final total entropies of the 4n each case, two measurement ranges are considered: (1)
different regions. The final total entropy of Regioni2;, is  one neighboring cell in the direction of robot's orientatio
0 since no cell is surrounded by obstacledin The Region and (2) four neighboring cells. Robots initiate at cells5§6,

4, D4, with the largest number of cells being surrounded by15,6), (6,15) and (15,15). The wider measurement range
obstacles, hence has the largest final total entropy. does help at the early stage in decreasing the total entropy
Rarely but once in a while, especially at the final stagegs it explores more cells at a time. After most of the cells
the total entropy could lightly buck up and then return to thééave been explored, the range will not help much at the late

decreasing trend as shown in the curve 4 in the right subtage of exploration.
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show that, via collaboration, robots who only search their
own Voronoi polygons obtain the map of the whole region
efficiently both in time and energy costs.

In the presented coordination algorithm, we assume all
robots can communicate to share a probabilistic map. This
assumption is based on the fact that the energy cost of com-
munication is less than the energy cost of robot movement.
To further reduce the energy cost, we now are lifting this
assumption and considering the situation that robots cn on
communicate with nearby robots within a certain distance to
exchange and their maps. Thus, different robots will have
different maps at the early stage and then reach the corsensu
after all. Each robot decides where to move and explore
solely depending on its own map. It will be interesting to
see the drawbacks and benefits of this modification.

Fig. 6. The total entropy (residual uncertainty) vs. timepsbn 4 different (1
regions.
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Fig. 7. The total entropy (residual uncertainty) vs. timepstfor different
measurement ranges of robots on RegioW{ and Region 2Ds. [12]
[13]

V. CONCLUSION AND FUTURE WORKS

In this paper, we present a coordination algorithm for 14
group of mobile robots with sensors aboard to efficientlyis]
construct the probabilistic map (occupancy grid) of a ran-
dom field. The probabilistic sensor model and the mad}e]
updating model of the probabilistic map are also thoroughly
developed. We measure the performance of the coordinating
algorithm by the total entropy (residual uncertainty) oé th (17l
built probabilistic map. The map construction task will §ini
when the total entropy is below a desired threshold. (18]

All robots can communicate to update a shared map. By
the dynamically computed Voronoi areas (cells), the regiong]
under exploration is separated into several areas. Through
the coordination algorithm, a robot will be responsible t
explore the area closest to it in distance, efficiently sgwin[21]
the energy cost for its movements. Our simulation results

0] S. Thrun,
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