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Abstract— We develop a control scheme that coordinates a
group of mobile sensors to map radiation over a given planar

polygonal region. The advantage of this methodology is that it
provides quick situational awareness regarding radiation levels,
which is being updated and refined in real-time as more mea-
surements become available. The control algorithm is based on
the concept of information surfing, where navigation is done
by following information gradients, taking into account sensing
performance and the dynamics of the observed process. It is
tailored to cases of weak radioactivity, where source signals may
be burried in background. We steer mobile sensors to locations
at which they maximize the information content of their mea-
surement, and the time asymptotic properties of the selected
information metric facilitates the stability of the group motion.
Information surfing allows for reactive mobile sensor network
behavior and adaptation to environmental changes, as well as
human retasking. Computer simulations and experiments were
conducted to verify the asymptotic behavior of the robot group,
and its distributed sensing and mapping capabilities.

I. MOTIVATION

This work is motivated by the emerging threat of contam-

ination from a malicious attack or accidental release of ra-

dioactive material where a radiation map can be a valuable

tool for rescue, response, and cleanup efforts. Although our

focus is on an unexpected release of nuclear contaminants, our

methods can also be applied to a wide range of other problems

such as nuclear forensics and non proliferation, where robots

could investigate the possibility that fissile material has been

processed, by searching for small specks of nuclear material.

Existing technology in radiation detection is not well suited

for the type of scenario described. Currently, searching for

radiation sources is usually done manually, by operators wav-

ing radiation counters in front of them as they walk. Another

way of detecting radioactive sources is using (stationary) por-

tal monitors. This technology addresses detecting radioactive

sources in cargo or shipping containers at places such as ports

of entry or cargo holds.

Human operators using radiation detectors do not provide

any visual or statistical data map of the area in question. If

human operators are used in the nuclear forensics problem,

it is unlikely that their counters register any measurement

at all, coming from a small amount of radioactive material

or shielded special nuclear material (SNM). Portal monitor
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systems on the other hand, while able to address the problem

of scanning cargo for radioactive sources, lack the mobility

needed when measurements are taken over a large area.

II. RELATED RESEARCH

Existing control design methods for multiple mobile robot

coordination apply to problems ranging from topological map-

ping to formation and flocking tasks, as well as reconfigurable

sensor networks.

A. Sensor network deployment

In [1], Popa et al. employ potential fields to reconfigure a

mobile sensor network. Through these artificial potentials, the

spatial distribution of the network can be regulated. Cortes,

Martinez, and Bullo [2], [3], use gradient climbing algorithms

to distribute sensor platforms in a geometrically optimal fash-

ion over a given polygonal area. The area is divided up among

the agents using Voronoi partitions. Hussein and Stipanovic

[4] use another gradient climbing method for control of the

sensor network, which does not partition the area among the

team members, thus reducing computational overhead.

Scalable approaches to flocking and formation control rely

on decentralized control schemes. Lindhe et al. [5] use a nav-

igation function with Voronoi partitions to move the group of

agents from one region to another goal region in the area while

keeping formation. The navigation function allows for obstacle

avoidance, and only neighboring agents position information

is needed to compute the control actions. Yamaguchi [6] ad-

dresses a type of pursuit evasion game, where the group of

robots try to keep a formation and enclose the evader. Coor-

dination is achieved with no communication between robots

and the control law uses position rules to coordinate the group

around the target. Fredslund and Mataric [7] allow robots to

fall into formation by selecting a leader of the group and hav-

ing each agent maintain a certain position and orientation with

respect to its neighbor. Minimal communication is required by

each agent to verify that its neighbors are participating in the

formation task.

In hazardous environments mobile robots can maneuver,

take measurements, and build a map without human interven-

tion. Utilizing large numbers of mobile robots speeds up the

map building task and makes the map available faster. Mobile

robots can be equipped with a variety of sensors, so both

topological (obstacles vs. free space) and spatial distribution

maps can be created. Spatial distributions of interest include

temperature, gas, as well as radiation.
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B. Spatial distributions and topological maps

Most of the recent work in the area of mapping focuses

on obtaining a detailed topological or metric map of the en-

vironment in which the robots are deployed. Accurate two-

dimensional and three-dimensional maps are constructed for

static [8] and dynamic environments [9]. To build detailed

metric maps, laser-range finders [10] or sonar sensors [11],

[12] are typically used. These sensors report objects in line of

sight at relatively long ranges. Thus establishing line of sight

between sensors and environmental features is a critical aspect

of topological mapping.

Mapping spatial distributions can provide insight to the short

or long term effects of variation in temperature, pressure, water

current, and may warn against threats from pollutants. In [13],

Lilienthal and Duckett create maps of gas concentrations by

maneuvering a robot over a predefined path that covers the

entire area. An approach to search for ocean features is found

in [14] where Orgen et al. use virtual bodies and artificial

potentials to coordinate multiple robots into gradient climbing,

in order to locate and track ocean features such as fronts and

eddies. Singh et al. [15], use active learning techniques to

map water currents to understand the hydrodynamics present

in Lake Wingra.

C. Nuclear search and mapping

Sequential nuclear search allows us to quickly verify the

existence of microscopic specks of radioactive material. When

a ray of radiation emitted from a source reaches a sensor,

the latter is said to register a count. Radiation intensity is

measured in counts per second, assuming that all emitted rays

are detected and registered. Low-rate counting of radiation

from nuclear decay is described by the Poisson statistics. Clas-

sical sequential testing theory [16] suggests the stopping rules,

that is, when does one know with certain confidence that

a source exists at a given point. These rules allow for re-

jection of certain sequences of observations at early stages.

Either positive or negative identification can be made based on

the likelihood ratio of the probability of observing a certain

number of counts within some time period given that there

exists a source emitting an average number of counts per unit

time µs, over the probability of these counts corresponding to

background radiation. The stopping rule is determined from

the desired false negative and false alarm rates, PFN and PFA

respectively:

C =
PFN

1 − PFA

, A =
1 − PFN

PFA

. (1)

The condition κk ≤ C rejects the hypothesis that the source

is present at the current location, while the condition κk ≥ A
confirms the presence of the source, where κk is the number of

counts collected by the radiation sensor. When C < κk < A,

longer exposure is required to make a decision. An example

of the stopping rules is illustrated in Fig. 1, where the straight

lines represent the limits of confidence intervals for certain

statistical hypotheses:

• when the radiation counts collected within a certain time

period are in the upper region, the presence of a source

is verified with a given confidence;
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Fig. 1. Applying sequential testing theory to a nuclear detection
problem, involves calculating thresholds for a positive confirmation or
rejection of the source hypothesis (from (1)). In the example depicted
(gates), the set of gates for positive (top set of thin horizontal lines)
and negative (bottom set of thin horizontal lines) identification of
10cts/s source within 1cts/s background are compared with the set of
gates obtained from numerical calculation (triangles). The bold solid
lines are the linear fit to the outer limit of the gates.

• if the counts fall in the lower region, then they are most

likely due to background radiation;

• in between, no conclusion can be confidently drawn until

more measurements are collected.

In [17], [18], nuclear search was automated using a strat-

egy based on the classical sequential testing theory in [16].

This strategy, however, is a detection strategy, not a mapping

technique. It only gives a positive or negative response to

the question of whether a source of a particular strength is

present at that location. It gives no information on background

radiation levels of the area. Using traditional sequential testing

theory for radiation mapping would involve setting a number

of different thresholds, one set for each anticipated radiation

level. The area has to be scanned each time a certain level

needs to be confirmed. This approach is far from being ef-

ficient, and the required completion time increases very fast

with the desired map resolution.

Even as a detection tool, for which the technique is optimal

in terms of completion time, there is an important caveat.

The algorithm is sensitive to the assumption on the strength

of the source that is to be detected. If the source intensity

is underestimated, the method will give a false negative by

default, since the registered number of counts remains within

the band between the two lines for the whole time interval of

2.4 seconds.

In [19] an algorithm is developed which calculates and

updates, in real-time, the belief about local radiation levels,

thus creating a radiation map of the area in question. The

variance of the local radiation level distribution is used as a

metric to assess the accuracy of the radiation map.
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To build the map using a single robot, the authors decom-

pose the workspace into cells, arranged in a m×n array. Each

cell is indexed by i and j, and holds an assumed prior radiation

level, expressed as the expected mean count rate λij . Two

methods for navigating to obtain the radiation measurements

are developed, the sequential-based Bayesian search and the

gradient-based Bayesian search. Both methods use Bayes rule

to update the radiation distribution over the area, but differ in

the approach to navigation.

III. MODELING RADIATION DISTRIBUTIONS

Low-rate counting of radiation from nuclear decay is de-

scribed by a homogeneous Poisson stochastic process, where

the probability to register n counts in t seconds, from a source

assumed to emit an average of µ counts per second (cts/sec)

is

P (n, t) =
(µ · t)n

n!
e−(µ·t).

Nemzek et al. [20] model the radiation measurement mech-

anism of stationary sensor receiving counts from a moving

source. Similarly, we analyze the case of a stationary source

detected by a moving sensor, and express the expected number

of source counts per second µ as

µ = χ · α

∫ t

0

1

r2(τ)
dτ , (2)

where χ is the cross sectional area of the sensor, α is the

activity of the source measured, and r(t) is the instantaneous

distance of the source to the sensor. Poisson statistics suggests

a probability density function (PDF) associated with the ran-

dom variable expressing the total number of counts c recorded

by the moving sensor to be of the form

f(c) =
(µ)c

c!
· e−(µ),

where µ is given by (2). In fact, the expected number of counts

per second µ in (2) is conditioned on the source having activity

α, the cross sectional area of the sensor being χ, and the

distance between the source and sensor being r(t). Therefore

the PDF associated with c is actually f (c) = f (c|α, χ, r(t)).

A. Radiation Maps

Bayes rule allows us to update our knowledge of the dis-

tribution of radiation based on new radiation measurements

taken by the mobile robot sensors as

f(α|c, χ, r(t)) =
f(α) · f(c|α, χ, r(t))

fc(c)
· σ. (3)

In the above, f(α) is the PDF of a source with activity α
being at location p, f(c|α, χ, r(t)) is the PDF of registering

c counts from a source of intensity α with a sensor of cross

sectional area χ positioned a distance r away from p, fc(c)
is the marginal density function (MDF) associated with reg-

istering c counts from a source with activity α, and σ is a

scaling constant. The conditional PDF of α is what we call the

radiation map.

Without any knowledge about the radiation distribution, we

assume initially that radiation levels are distributed uniformly,

from source activity α1 to a source activity α2. Using the

uniform distribution allows us to search and map radiation

levels from an arbitrary source with activity between a back-

ground radiation level of α1, and a nuclear material of activity

α2. In general, f(α) is a function of position too (in the

case of a uniform distribution, position is irrelevant). The PDF

expressing our initial guess about the source activity can now

be expressed as

f(α) =

{

1
α2−α1

, if α1 < α < α2

0, otherwise.
(4)

If prior knowledge is known about the radiation distribution,

f(α) can be set accordingly.

Function fc(c) is the marginal density function of f(c)
∫ ∞

−∞

f(c|α, χ, r(t)) · f(α) dα,

and is evaluated for the particular case as

fc(c) =

∫ α2

α1

(χ · α
∫ t

0
1

r2(τ) dτ)c

c!
· e

−(χ·α
R

t

0
1

r2(τ)
dτ)

dα. (5)

Equation (3) can be used in a recursive fashion to improve

our model of the radiation distribution. When new measure-

ments are recorded, we improve the radiation map by nar-

rowing down what type of source is producing the number of

registered counts. The more accurate the prior distribution the

algorithm starts with, the faster the map is completed.

Although this development applies to a single radiation sen-

sor, the radiation mapping task can be accelerated by using

multiple coordinated sensors to distribute the work load.

B. Distributed Sensors

We think of our n mobile robot sensor platforms as pieces

of a single “shattered” sensor. We can now define the expected

number of source counts per second µ for a group of n dis-

tributed radiation sensors in the following way,

µ = χ · α

∫ t

0

1

mini ‖q − pi(τ)‖
2 dτ , (6)

where χ is the cross sectional area of the sensor, α is the

activity of the source measured, and mini ‖q − pi(τ)‖2
is the

minimum distance from all of the sensors pi to a radiation

source at location q. Notice the only difference in (2) and (6)

is the way we define distance between the source and sensor.

Defining the distance as the minimum distance between any

robot sensor platform pi and source location q also suggests

how to allocate the mapping task among the n robot sensor

platforms.

C. Task Decomposition

Following [3], the area in which radiation is to be mapped

Q is assumed to be a simple convex polygon in R
2 including

its interior. Let P be a set of n distinct points {p1, . . . , pn}
that reside in the interior of Q. The Voronoi Partition of Q,

generated by P is the set of all points in Q such that all points
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in the Voronoi cell Vi(P ) are closer to pi than any other point

in Q (Figure 2),

Vi(P ) = {q ∈ Q | ‖q − pi‖ ≤ ‖q − pj‖ , ∀pj ∈ P} .

Fig. 2. Example plot of Bounded Voronoi Partition. Our convex polygon is
the rectangular boundary, and each dot which is not on the Voronoi partition
(one of its vertices) represents a robot in its respective Voronoi cell.
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IV. RADIATION MEASUREMENT UNCERTAINTY

Based on the number of counts registered by a radiation

sensor, and the measurement statistics, we derive the differen-

tial entropy and mutual information associated with radiation

measurement. If a radiation sensor is viewed as a channel

between the world and the system, then mutual information

quantifies the information gained by each measurement.

Information theory defines the conditional differential en-

tropy of continuous random variables A and C, associated

with the transmitted signal, (here: the radiation source activity

α), and with the received signal, (here: the number of counts

registered by our sensors c), respectively, as follows

h(A|C) = −

∫ α2

α1

f(α|c) · log2 f(α|c) dα . (7)

It is known that continuous differential entropy can not

be directly associated with information gain or uncertainty

—contrary to the discrete scheme [21]. Mutual information,

however, which captures how knowledge of one variable, Y ,

reduces our uncertainty about the other variable, X , does carry

over. We exploit the following property of mutual information:

Lemma 4.1 ([22]): I(X ; Y ) ≥ 0 with equality iff X and

Y are independent.

For our problem, the mutual information conveniently

expressed

I(A; C) = h(A) − h(A|C),

where

h(A) = (α2 − α1)
[ 1

α2 − α1
· log

(

1

α2 − α1

)

]

, K,

and K is a constant. With h(A|C) as in (7), mutual informa-

tion reduces to

I(A; C) = K − h(A|C). (8)

Equation (8) expresses how knowing the number of radiation

counts, reduces our uncertainty regarding the presence of the

source A.

An entropy-based metric quantifying uncertainty or

information gain is not a new concept, and has recently

received attention in robotic exploration, localization and

mapping. Moorehead [23] uses entropy, among other utility

measures, to evaluate the benefit of visiting different locations

in the context of exploration. However, that entropy describes

the uncertainty over a certain location being reachable; it is

not directly associated with the quality of the model nor is it

linked with the statistics of measurement. Mutual information

is used as a metric of significance of different discrete

locations containing features or targets of interest, in an

application where mobile robots and unmanned aerial vehicles

(UAVs) localize target features in their environment [24]. Each

vehicle takes local actions that reduce estimate uncertainty

the most by following mutual information gradients. The

Fisher information is another metric used to describe control

actions for general information acquisition tasks [25] as well

as motion coordination tasks [26].

The most closely related work to the one presented here

is probably [27]. The authors derive a metric for determining

optimal sensing poses for mobile robot agents that create a

detailed three dimensional model of their environment. The

metric used is based on Shannon’s entropy. The main differ-

ence between [27] and our approach is that the underlying

statistics are completely different. Here, radiation measure-

ment statistics results in closed loop controllers which are

both state and time dependent, making the stability analysis

considerably more difficult.

V. HOW TO MAXIMIZE INFORMATION GAIN

A. Objective and assumptions

A performance function f : R+ → R is a non-increasing

and piecewise differentiable map with finite jump disconti-

nuities [3]. We use the performance function as a quanti-

tative model of the signal-to-noise ratio (SNR) of our radi-

ation sensor. It is a function of the distance of the sensor

from the source, and in nuclear search, the SNR falls as the

distance r to the source increases proportionally to r2 [28].

Our performance function is a smooth function based on the

constructions in [29].

f(‖q − pi‖) =






















exp

 

−1

(R2
−‖q−pi‖)
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−1

(R2
−‖q−pi‖)

!

+exp

 

−1

(‖q−pi‖−R2)

! , R
2 <‖q−pi‖<R,

1 , 0≤‖q−pi‖≤
R
2 ,

0 , R≤‖q−pi‖.

(9)

The sensor detection range, denoted R, is considered constant,

and ‖q − pi‖ is the Euclidean distance from the sensor to

the source. Function f is identically equal to one for part of

the sensing range. This limit is determined by the geometry

of the particular sensor; in our case, a perfect reading can

be obtained along the whole length of the sensor, and not
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just at a particular point. By construction, f(‖q − pi‖) ≥
0 ∀ pi, q, for i = 1, . . . , n. Function f may be decreasing

faster than 1
R2 , but appropriate scaling of the exponents in

(9) allows one to approximate a large range of SNR behaviors,

while preserving smoothness.

In [3] the goal is to maximize the following function for

each agent i

Hi(P ) =

∫

Vi(P )

f(‖q − pi‖)φ(q) dq, (10)

where f(‖q − pi‖) is the sensing performance function and

φ(q) a density function. To formulate the problem at hand, the

static density function φ is replaced with mutual information

(8),

Wi(P ) =

∫

Vi(P )

f(‖q − pi‖)I(q, P, t) dq, (11)

where f(‖q − pi‖) is given in (9). We thus substitute a time

and configuration varying quantity I(q, P, t) for a static den-

sity function, φ(q). Due to the dynamic nature of I(q, P, t),
control and stability analysis are inherently more difficult.

B. Control design

Assume that the kinematics of each robot i are

ṗi = ui, (12)

where ui is the control input, designed as

ui =
∂Wi(P )

∂pi

=
[

∫

Vi(P )

∂f(‖q − pi‖)

∂pi

I(q, P, t)dq

+

∫

Vi(P )

f(‖q − pi‖)
∂I(q, P, t)

∂pi

dq
]

. (13)

The following Lemmas are important for establishing stability:

Lemma 5.1: Let I(q, P, t) be the mutual information of the

(virtual) radiation sensor information channel. Then,

lim
t→∞

∂I(q, P, t)

∂t
= 0.

Proof: See [30].

Lemma 5.2: If the mutual information of the (virtual) ra-

diation sensor information channel I(q, P, t) converges to a

constant, then for the system defined by (12)–(13), ṗi → 0 as

t → ∞ for all i = 1, . . . , n.

Proof: This can be seen as a direct result from [3],

because in the case where I(q, P, t) becomes constant we are

left with a static density function which has been shown to

converge.

The following proposition states that (12)-(13) stabilizes in

configurations where the information flow to the sensor from

its environment is locally maximized. The robots stop when

no new information can be gained from the environment.

Proposition 5.3: Consider the gradient field defined by (12)

– (13). Then the system stabilizes at configurations that (lo-

cally) maximizes the information flow from each robot, as ex-

pressed by the product I(q, P, t)f(‖q − pi‖), for i = 1, . . . , n.

Proof: Notice that in the expression,

∂(I(q, P, t) f(‖q − pi‖)

∂pi

=
∂f(‖q − pi‖)

∂pi

I(q, P, t) +

f(‖q − pi‖)
∂I(q, P, t)

∂pi

,

we have

∂f(‖q − pi‖)

∂pi

= 0, ∀ i 6= j, (14)

∂I(q, P, t)

∂pi

= 0, ∀ q /∈ Vi(P ). (15)

Define W(P ) ,
∑n

i=1 Wi(P ). Taking time derivatives we

obtain

Ẇ(P ) =

n
∑

i=1

∂W(P )

∂pi

· ṗi +
∂W(P )

∂t

=
n

∑

i=1

[∂W(P )

∂pi

]2

+
∂W(P )

∂t
(16)

We establish our main result by contradiction: assume

that the system does not stabilize to configurations where
∂I(q,P,t)f(‖q−pi‖)

∂pi
= 0. This partial derivative is time varying

because of I(q, P, t). If I(q, P, t) were to converge, the

partial derivative would also converge to a constant, which we

assume is not zero. However, since Lemma (5.1) establishes

that limt→∞
∂I(q,P,t)

∂t
= 0 there exists a time instant T for

which there will be an ǫ > 0 such that
∣

∣

∣

∣

∂I(q, P, t)f(‖q − pi‖)

∂pi

∣

∣

∣

∣

> ǫ ∀t > T.

It follows that

[

∫

Vi(P )

∣

∣

∣

∣

∂f(‖q − pi‖)

∂pi

I(q, P, t)

∣

∣

∣

∣

dq

+

∫

Vi(P )

∣

∣

∣

∣

f(‖q − pi‖)
∂I(q, P, t)

∂pi

∣

∣

∣

∣

dq
]2

>

∫

Vi(P )

ǫ2dq

Define the following functions:

W3(ǫ) ,

∫

Vi(P )

ǫ2dq (positive constant),

β(t) ,

∫

Vi(P )

f(‖q − pi‖)
∂I(q, P, t)

∂t
dq.

Thus, Ẇ(P ) ≥ W3(ǫ)+β(t). Knowing that limt→∞
∂I(q,P,t)

∂t
=

0, and noticing that the integration in β(t) is over position

only, we conclude that limt→∞

∫

Vi(P )
f(‖q − pi‖)

∂I(q,P,t)
∂t

dq =

0. Therefore, irrespectively of the sign of β(t), there will be

a time instant where |W3(ǫ)| > |β(t)|, thus Ẇ will be strictly

positive. This states that W(P ) will grow unbounded. This is

a contradiction because W(P ) is finite unless I(q, P, t) goes

to infinity, which can only happen when radiation activity

can be directly and accurately measured, not extrapolated by

measuring radiation counts which is the only way one can

measure radiation activity.
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VI. IMPLEMENTATION ISSUES

The radiation map is supposed to be obtained by applying

(3) over time. Equation (3) gives the distribution of radiation

activity mean values, conditioned upon the measurements and

the robots motion. There are, however, several reasons why

the direct application of (3) may be impractical.

One issue is the numerical instability that can be observed

when calculating the derivatives of mutual information in (8),

due to the fact that the expressions involve incomplete gamma

functions, evaluated over long time periods (implying large

values for c). The incomplete gamma functions evaluate to

very large numbers, sometimes causing numerical overflow.

For this reason, we resort to a receeding horizon type of

approach, where we calculate these derivatives for an appro-

priately short time interval, update the radiation prior, and then

repeat with new initial conditions.

Once such an approach is adopted, a second issue arises: the

expressions for the marginal distributions and the mutual infor-

mation derivatives are based on the assumption that the initial

radiation prior is uniform. This assumption enables one to

obtain closed form expressions for these derivatives, and sub-

sequently for the control law. If f(α) is updated in real time,

the radiation prior is no longer uniform when initializing the

algorithm at the next step of the “receeding horizon” method.

One option is to evaluate the derivatives numerically; another,

which we chose to take is to discretize the radiation and mutual

information maps in the form of a three-dimensional bar chart,

where each cell is assigned to a uniform distribution, but the

distribution is different among different cells. The map can

then be updated cell by cell, since within each cell a uniform

prior is assumed.

VII. SIMULATION RESULTS

A. Confirmation of Stability Analysis.

In our first test we look at the validity of Lemma 5.1, which

states that the change in mutual information of the system

tends to zero as time tends to infinity. For this test we observed

a single robot at one particular cell taking measurements at

each time step and updating the mean source activity in that

cell. The test was done without any robot motion for the

purpose of allowing the sensor integration time to increase.

In Figure 3, we see the behavior of the change in mutual

information with time. From the plot we see that the change

in mutual information of the system becomes arbitrarily small,

and at the 1,622,757th time step the change in mutual informa-

tion is 4.15x10−8. This change in mutual information of the

system is small enough to corroborate the results of Lemma

5.1.

We confirm the results of our stability analysis, by first look-

ing at the case of multiple extrema in the mutual information

map, Figure 4(a).

For this test we start the robots near the extrema and let the

system evolve. The trajectories of the robots are depicted in

Figure 4(b). It is seen that the robots stabilize at the extrema

of the mutual information map.

2500 5000 7500 10000 12500 15000
time steps Hx 100L

0.0001

0.0002

0.0003

0.0004

0.0005

DI Change in Mutual Information with Time

Fig. 3. The change in mutual information as time tends to infinity. Notice
that the x-axis is in steps of 100. Difference in mutual information at time
step 1,622,757 was 4.15x10−8 .
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(a) A possible landscape where the mutual information
map has four extrema
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(b) Four robots starting near the extrema and stabilizing
on them. Initial positions of the robots are marked with
red points and the end positions with arrows.

Fig. 4. Numerical verification of Proposition 5.3.
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B. Radiation Mapping Simulation

The area over which radiation is mapped is discretized into

a 100 × 100 cell grid. Without knowing the type of radiation
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source in the given area, we assume that each cell in the area

could contain a radioactive source of activity α, which could

vary between α1 = 1 count/sec and α2 = 10 counts/sec. Thus

we initially assume that the mean source activity in each cell

is 5.5 counts/sec.

At time step t = 0, each robot stays for five time periods

in the cell that it occupies to collect a radiation count sample.

With each new set of count measurements ci,j over a cell

(i, j), the average of the total number of counts collected over

that cell over the collective integration time, is updated as

follows

c̄+
i,j =

c̄i,j · (Mi,j − 1) + ci,j

Mi,j

,

where Mi,j is the number of time periods a robot has spent

in cell (i, j), and c̄+
i,j is the updated average. Over time, the

average number of counts collected in each cell approaches

the true radiation activity measured in cts/sec, according to

the Law of Large Numbers.

This average c̄i,j corresponds to the mean of the distribution

that would have been obtained by (3). To enable the next

iteration of the algorithm in a “receeding horizon” fashion,

we update f(α) in each cell by approximating with a uniform

one as follows

δi,j , min {|c̄i,j − α1|, |c̄i,j − α2|}

α+
1 = c̄i,j − δi,j (17a)

α+
2 = c̄i,j + δi, j. (17b)

To speed up the map construction at the initial phases,

we consider the (remote) possibility that counts collected by

robots over particular cells may have been a result of radiation

from neighboring cells. In this case, the radiation intensity of

these neighboring cells is given by

ci,j =
n

∑

k=1

c̄k

fk(‖q − pk‖)

χdi,j(k)
) (18)

where ck is number of counts collected (remotely) by robot k,

χ the radiation sensor cross-section, fk(‖q − pk‖) is robot’s

k sensing performance function, and the function di,j(k) ,
∫ t

0
1

‖qi,j−pk(t)‖2 dt reflects the fact that the likelihood of reg-

istering counts from remote radiation sources drops with the

square of the distance to the source.

As the search progresses the system is able to narrow down

the possible source activities in each cell: the difference be-

tween α1 and α2 becomes smaller. Our metric for the com-

pletion of the task is based on the range of possible radiation

source activities in each cell. We take an average difference

between α1 and α2 over the entire area to measure how well

our estimated radiation map represents the actual radiation

distribution in the area. When the average difference between

α1 and α2 is below 1.5 counts/sec the algorithm terminates.

We use four robots, set to random initial positions (cells):

(11,57), (33,93), (46,25), (90,71). Each robot is considered to

be a point robot with a sensing radius of 5 cells. The sensor

cross-section, χ, for each robot radiation sensor is taken to be

1 cell.

Mutual Information Map
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(a) The shared mutual information map after the 500th step.
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(b) The shared mutual information map at the completion of
the search.

Fig. 5. Uniform reduction of mutual information over the area of interest as
a result of guided measurement.

The radiation mapping task takes 4201 time steps to com-

plete, although the estimated map does not change signifi-

cantly after 500 time steps (Fig. 6(b)). Mutual information

(Fig. 5(b)), is being drastically reduced (300 times) during

the whole period, but a clear picture of radiation hotspots

becomes available early on. The underlying reason is that by

prioritizing measurements in terms of information content, we

can avoid having the sensors wonder around aimlessly when

no indication about radiation activity increase can be available

from prior measurements. Comparing the actual radiation map

with the estimated map we see that the average difference in

radiation activity of each cell is 0.42 counts/sec. The average

difference between our possible range of source activities, α1

and α2, throughout the area is 1.4994 counts/sec.
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(b) The completed radiation map. The estimated map reveals the two
significant regions in our search area.

Fig. 6. Simulated radiation distribution mapping.

VIII. EXPERIMENTS

Rather than experimenting with actual radioactive material1

we use a light source to emulate radiation emission intensity

(Fig. 8). Each robot takes its light intensity measurement and

passes it through a Poisson distribution filter as the mean

count rate at that particular cell. This filter returns a randomly

distributed number from a Poisson distribution taken with a

mean of the measured light intensity.

A. Experimental Snapshots

The area over which radiation is mapped is discretized into

a 6 × 6 cell grid, and a uniform distribution between α1 = 1
and α2 = 10 counts/sec is assumed each cell’s radiation in-

tensity α. Localization of the robots is done through odometry

1Preliminary experiments with a 10 nCi Na-22 radiation source, using the
Khepera platform of Fig. 7 have been conducted by the first author at Los
Alamos National Laboratory facilities.

Fig. 7. A small radiation sensor (NaI scintillator), covered with copper tape
to reduce noise, and interfaced with a Khepera II robot for low-count radiation
detection.

Fig. 8. The experimental test bed with two mobile robots, each carrying
a cricket beacon. The origin of the coordinate system is at the near right
corner of the platform, and the light (simulating radiation) source in the far
left corner at position (6,6). A red light was utilized because IR sensors are
more sensitive to the red light wavelength.

and triangulation using distance measurements from Crossbow

Crickets attached on the robots (Fig. 8).

Fig. 9 shows the change in the information map and the

updated radiation intensity map after two updates (each update

takes 5 seconds). The completed radiation intensity map is

shown in Fig. 10 and is obtained after 17 updates.

IX. SUMMARY

We developed a control scheme for a team of mobile robots

with radiation sensing capabilities to build a radiation map

in a distributed fashion, as an automated means of obtaining

situational awareness in possibly radioactive environments.

Although our control scheme can be applied to radiation

“source seeking” type problems, the novelty in our approach

is that the robots prioritize their measurement collection

based on the information content of each prospective

measurement. Robot controllers require position information
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Fig. 9. Map estimate after two updates.
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Fig. 10. Map estimate after 17 updates.

from neighboring robots and need to share the mutual

information map, which is being updated on-line. We

established the stability of the closed loop, time varying

system by exploiting the asymptotic properties of the mutual

information in radiation measurements.
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