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Abstract — This paper explores fundamental relations
between critical parameters of distributed sensor net-
works (DSN) that detect and locate radiation sources.
The paper presents mathematical analyses and Monte
Carlo methods that help understand fundamental trade-
offs between the time to detect radiation sources, the
probabilities of false positives and negatives, system
cost, numbers of sensors, locations of sensors, mizes of
sensors of different capabilities, benefits of data fusion,
and communication load.
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1 Introduction

Goals: In this paper we study distributed sensor net-
works (DSN) that detect and locate radiation sources.
We develop formulae, asymptotic analyses, and Monte
Carlo simulations to help understand basic tradeoffs
between critical parameters such as the time to de-
tect radiation sources, the probabilities of false positives
and negatives, system cost, numbers of sensors, mixes
of sensors of different capabilities, and communication
load. Governments monitor borders, ports, and public
gatherings to ensure that the public is not exposed to
dangerous nuclear radiation; however, this paper does
not deal with concepts of operations because our goal
is to gain insight into key issues, and we do so by ana-
lyzing simple problems.

How much does data fusion help in detection?
We study basic questions: How much does data fu-
sion help in detecting dangerous radiation? And how
should we quantify the benefit of fusion? If data fusion
doesn’t help much then a simple algorithm can be used
for detection: each sensor independently claims that a
threat is present when the radiation (number of pho-
tons) measured by a sensor exceeds a threshold. We
suggest that an effective way of quantifying the benefit
of fusion is the time gained by using fusion: How much

quicker can a system using fusion detect a threat than
a system in which sensors operate independently? We
explore these issues using both mathematical analyses
and Monte Carlo simulations.

How dense a sensor network is required? An-
other important design criterion is the density of sen-
sors, i.e., the number of sensors per unit area. Is there
a minimum density required for the system to detect
threats in reasonable time? Costs of high density net-
works can be contained only if each sensor is inexpen-
sive. Isotope identification requires sensors that mon-
itor and analyze energy spectra, and such sensors are
not cheap. This raises the question: should combina-
tions of sensors with different capabilities be used? And
what combinations are effective? We use mathematics
and simulations to study these issues.

Where should static sensors be placed and
how are threats localized? An obvious placement
of sensors is in the form of a regular grid. We explore
the question: are there better placements, and what
algorithms help in producing better placements? We
present algorithms and experimental results for deter-
mining the locations of threats, and we suggest an ap-
proach for identifying mixtures of isotopes using fewer
expensive sensors.

2 Related Work

DSNs are ideal in situations where the area to cover
is too large for traditional portal style detectors [21][1].
DSN have the advantage that they are portable, flexible
in configuration, easier to deploy, and are more fault-
tolerant [14]. Their main disadvantage comes as the
need to deal with the spatial and temporal noise in-
troduced by combining heterogeneous sensor data from
various locations: overcoming this issue an active area
of research. Indeed, data fusion is not always beneficial,
as we will show in later sections.

The major challenge of detecting radiation in an ur-
ban environment is to distinguish signal (e.g. pho-
tons from radiation sources of interest) from noise (e.g.



background radiation from natural gamma ray emitting
materials). The detection process is very often cou-
pled with localization. Robust localization algorithms
can enhance detection accuracy [12][17][7]. A collection
of methods have been presented to solve the detection
and localization problem, including deterministic solu-
tions such as inverse-law inference [4], Maximum Likeli-
hood Estimator [6], or probabilistic solutions such as 2-
dimensional least squares fitting (LS) [8][7], sequential
probability testing (SPRT) [9][16][15], Bayesian poste-
rior estimation [3][20][11], Extended Kalman Filter and
its variants [7]. Data fusion from multiple sensors is
either incorporated into these algorithms or added as
an additional step.

Detection and localization of radiation source(s) is
essentially limited by the 1/r? factor. The signal to
noise ratio (SNR) can be dramatically improved if the
sensors are close to the source. This observation sug-
gests the usefulness of a mobile sensor network. The re-
cent work on mobile sensor networks focuses mainly on
directed information driven redeployment algorithms
[18][19]. The same technique can be applied to fast
sample the background radiation in a field [5]. It can
also be extended to efficiently place sensors for moni-
toring purpose as we will show in the later section.

Our work builds on top of the existing research and
goes towards a fundamental understanding on the char-
acteristics of radiation sensor networks. These analyses
will help provide insights into the factors affecting the
design and deployment of successful DSN in real world
situation.

3 Does Fusion Help For Detec-
tion?
Data fusion is clearly beneficial for locating and identi-
fying a source, but it is not obvious how much it helps
for detection, if at all. The argument lies in the funda-
mental measure for detection - the signal to noise ratio
(SNR). Naively combining data (e.g. summing all data
together without any filtering) improves signal strength
but also adds in noise, which may decrease SNR. We
thus ask the questions: How much does data fusion help
to detect the presence of a source of radiation? Or, is
independent analysis by each sensor in the network ad-
equate? If independent analysis is almost as good as
data fusion then communication between sensors can
be simplified until detection takes place. For example,
if background radiation has been characterized in the
area under surveillance and if independent analysis is
sufficient then the algorithm for each sensor is simple:
Raise an alarm when its count of photons exceeds a
threshold. (Or, if spectral analysis is used, raise an
alarm based on the counts of photons in different en-
ergy windows.) If, however, data fusion is required then
each sensor’s measurements must be communicated to
nodes of the sensor network where measurements are

aggregated. If data fusion does help then a follow-up
question is: How much does it help? And this question
raises another one: How do we quantify the degree of
help? We explore these issues next.

3.1 Classical Statistics Analysis

We consider the case where the background has been
characterized and remains unchanged for the duration
of the experiment. The experiment consists of a number
of tests for detecting a radiation source in a given region
which we assume is homogeneous without structures
that absorb photons. On a given test either no radia-
tion source is introduced into the region, or a shielded
radiation source within the region is unshielded when
the test starts. The problem is to detect the radiation
source, if one is present, with probability at least bPTP
(lower bound on the probability of a true positive), and
to claim erroneously that a radiation source is present,
when one is not present, with probability at most bPFP
(upper bound on the probability of a false positive).

We first consider systems that use simple detectors
that count the total number of photons but do not
measure their energies. The null hypothesis is that no
source is present. The alternate hypothesis is that there
is at least one source present. The null hypothesis is
rejected if and only if some function of the detectors’
photon counts exceeds threshold(s); different functions
and thresholds are used according to whether decisions
are being made with or without data fusion.

Assume that the estimation of whether a source is
present or not is made at a given fixed time T'. Let c[j]
be the random variable which is the number of photons
from the background detected at sensor j in time 7.
c[j] is identically distributed for all sensors j. Let I" and
o be the mean and standard deviation of this random
variable.

We begin with an analysis of a situation where the
field is a square with a sensor at each corner. We com-
pare the case where each of the four sensors makes in-
dependent decisions with the case where the data from
the four sensors is fused.

No fusion: The null hypothesis is rejected if the
photon count for any sensor exceeds I' + Ko where K
is a constant determined by the bounds, bPTP and
bPFP, on the probabilities of true positives and false
positives.

With data fusion: The photon count data from
each of the sensors can be fused in several ways. We
explore a simple way which builds upon the idea used
for the no-fusion case. The null hypothesis is rejected
if and only if any of the following conditions described
hold:

1. The photon count for any sensor exceeds I' + K; o,
where K7 is a constant. This corresponds to the
no-fusion case except that the threshold K; is dif-
ferent from (and is larger than) K. If the source is



near a corner of the square then the photon count
for the sensor at that corner is likely to exceed this
threshold. If, however, the source is far away from
every corner then this threshold is unlikely to be
exceeded.

2. We compute the average of the counts of each pair
of neighboring sensors - there are four such pairs.
If the average of any of the pairs exceeds I' + Koo
then reject the null hypothesis. The reason for fus-
ing data from adjacent pairs of sensors is to deal
with the possibility of a source being along an edge
of the square, near the middle of the edge. For ex-
ample, if the length of the square is 20 meters, and
the source is midway along an edge of the square
then 2 is 100 for the two nearest sensors and is 500
for the two farthest sensors, where r is the distance
between the source and sensor.

3. Compute the average of the counts from all four
sensors and reject the null hypothesis if the count
exceeds I' + K30 where K3 is a constant. This
threshold deals with the possibility of a source near
the center of the square.

The values of K1, K5 and K3 are determined to satisfy
the given bounds on the true positive and false positive
probabilities. Note that by setting K; to K and K
and K3 to infinity, the data fusion algorithm becomes
the same as the independent algorithm. Therefore, we
can ensure that the fusion algorithm is at least as good
as the independent algorithm; we will, however, set the
values of K; so that the fusion algorithm performs bet-
ter than the independent algorithm.

Analytical Results We derive formulae for the case
of two detectors and use Monte Carlo methods for the
case of four detectors. First consider two detectors a
distance R apart. Let G, and F, be the cumulative
distribution and probability mass functions for a Pois-
son random variable Y with parameter p; thus G, (n)
is the probability of Y < n, and F),(n) is the probabil-
ity of Y = n. Let I' be the expected count of photons
from the background at a sensor in time 7. The de-
cision strategy is to declare that a source is present if
and only if:

1. When data is not fused: the count of any sensor
exceeds a threshold Q). The threshold @ is '+ Ko
(rounding off to integer values).

2. When data is fused: the count of any sensor ex-
ceeds a threshold Q1 or the sum of the counts of
the two sensors exceeds a threshold Q2 (or equiva-
lently, the average of the two values exceeds Q2/2).

Probability of declaring that a source is
present: The number of photons received by a sensor

in time T is a Poisson random variable with parame-
ter p where p = I'T" when there is no source present
because the sensor only records background photons
which arrive at rate I', and g = (I'+ A)T when photons
from radiation sources arrive at rate A in addition to
the background rate of I". The value of )\ is determined
by the location of the source and its strength.

Let ps[u] be the probability that an algorithm de-
clares that a source is present when the count at each
sensor is a Poisson random variable with parameter p.
Since a false positive is a declaration that a source is
present when there is only background radiation, and
a true positive is a declaration that a source is present
when there is both background and source radiation,
we have the following relationship:

(PFP = ps[T]) A (PTP = ps[T" + \))

No fusion case: In this case a source is not declared
when c¢[1] and ¢[2] are both less than Q. Therefore:

pslp] =1 — GL(Q)?

A ROC (Receiver Operating Characteristic) curve plots
ps[[] on the x-axis and ps[[’ + A] on the y-axis for dif-
ferent values of @ and a given fixed \.

Fusion case: In this case the algorithm claims a
source is present when c[1] or ¢[2] exceeds @1 or their
sum exceeds Q2. Therefore, the algorithm declares the
presence of a source when (a) c[1] is greater than or
equal to @ , or (b) ¢[1] is less than @ and c[2] is
greater than either Q[2] — ¢[1] or Q1. Since the two
disjuncts are mutually exclusive their probabilities are
summed:

psli] = (1 - G(Qu)+
Q1
/0 Fu(ell])) - (1 — Gu(Min{Qs — c1], @1})) del1]

Figure 1 shows the ROC curves for the independent
and fusion algorithms for T = 3, 15, and 50 seconds.
The values of the thresholds, @1 and @2 could be op-
timized for each value of PFP and PTP; however,
in these plots, the same values of Q; and Qo were
used throughout a plot.The value of A used in these
plots corresponds to a 1 millicurie point source of Ce-
sium placed along the line joining two sensors 20 me-
ters apart, where the location of the source is equally
likely to be any point on the line between 1 and 19
meters. Absorption in the air is ignored in this calcu-
lation. The graphs show that the fusion algorithm pro-
vides better results. For T' = 3, the fusion algorithm
behaves slightly worse than the independent algorithm
for extremely high false probabilities; this is because
the values of Q; were not optimized for that case.

The analytic results suggest that fusion does help,
but not by much. Why? Fusion helps because the val-
ues of )1 and @5 can be adjusted so that the fusion
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Figure 1: ROC curves of detection with two sensors
with and without data fusion. I' = 87, A = 2007,
R = 20. Note the x-axis is on log scale.

algorithm is the same as the independent algorithm for
some values of these parameters and better for other
values — fusion provides more degrees of freedom. The
following example illustrates why fusion doesn’t help
much. When a source is within 6 meters of a sensor
(and therefore more than 14 meters from the other sen-
sor), the ratio of the counts of the two sensors is greater
than (14/6)? = 5.44; so the distant sensor adds rela-
tively little value. Thus for at least 12 of the 20 meters,
data fusion helps but not by much. Moreover, the sin-
gle sensor threshold, @)1 has to be larger in the fusion
algorithm than in the independent algorithm to ensure
that the false alarm rates don’t increase; thus, for some
identical counts of the nearer sensor, the independent
algorithm will detect the source whereas the fusion al-
gorithm will not.
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Figure 2: PTP as a function of time to detect while
fixing PF'P = 0.01 using optimized @1 and Q2

Figure 3: Source detection capability for four sensors
arranged in a square, without (left) and with fusion
(right).

We can measure the performance gain in terms of the
amount of time. How much time do we save to reach a
desired PTP and PFP by using fusion? Figure 2 shows
that it takes approximately 19 and 23 seconds to reach
PTP = 0.99 with and without fusion, respectively. In
other words, the gain from fusion is 4 seconds.

Fusion with Four Sensors Next we present the case
where four sensors are arranged in a square and a ra-
diation source is placed within that square. Figure 3
shows the detection capability of the four sensor en-
semble, with and without fusion, as a function of the
source position. The vertical axis is the logarithm of
the detection variable K; the higher the value the bet-
ter. The points at which it is most difficult to detect
a source are those along the edges and the middle of
the square, and the plots show that fusion does help,
but like the 2-sensor case, it doesn’t help a great deal.
Quantitatively, in this experiment, fusion decreases the
time to detect by approximately 10%.

4 How Dense a Sensor Network
is Required?
The results for data fusion algorithms are better than,
but similar to, results for independent sensor algo-
rithms. Therefore, we carry out an asymptotic analysis
of sensor density requirements based on the indepen-
dent sensor algorithm [2]. Let I" be the rate at which
photons from the background are measured by the sen-
sor, and let A be the rate from a source if one is present.
The value of A depends on the location and strength of



the source, but for the time being let’s assume that A
is given. Let i,y and o0,y be the mean and stan-
dard deviation of the number of photons measured by
the sensor in time T when there is no source present;
and let psource and Tgource be the corresponding values
when the source is present. Using Gaussian approxima-
tion of Poisson distribution with high mean, we have:

(tnur =TT) A (psource = (I'+ A)T)
(Unull = ‘/ﬁ) A (Usource = (F + )‘)T)

The no-fusion algorithm rejects the null hypothesis
(and claims that a source is present) when the count
in time T exceeds a threshold . Recall that bPFP is
the given upper bound on the probability of false posi-
tives and bPTP is the given lower bound on the prob-
ability of true positives. For this analysis assume that
false positives and false negatives have equal weight,
i.e., bPTP =1 — bPFP. Let K be a positive real value
such that the probability of values in a standard normal
distribution exceeding z is bPFP. Then

Q—TT = KopuulT]
Since false positives and negatives have equal weight:
A+ )T = Q = KosourceT]
Summing these two equations and substituting for o:

.
VT H+ VAT

When the source intensity A is much lower than the
background intensity I':

A<D = Kzﬂ (1)

2VT
When a source is r meters away from the sensor, for
large r, the rate of photons from the source detected by
the sensor is A\, where

2 (2)

A is a constant determined by the strength of the
source, and « is the photon absorption rate, per meter,
in air. To a first approximation, A is the rate of pho-
tons per second measured by a sensor when the source
is one meter away. From the previous equations
21,4 2ar
%<<e°”r2: = T%% (3)

We use this equation to analyze the following situations.

1. Increasing distance between sensors: When
r is large, the time T' to make a decision increases
more rapidly than the fourth power of r. For ex-
ample, with A = 200, K = 3.2, and r = 20 meters,
then a 25% increase in r requires a 150% increase
in T. Thus timely detection forces dense deploy-
ments of sensors.

+9 Detectors of 1 Crystal +16 Detectors of 6 Crystals

Fraction Detected

Time (seconds)

Figure 4: Increasing the density of detectors improves
detection. The graph compares detection efficiency us-
ing 9 single-crystal detectors with that obtained using
16 six-crystal detectors, under otherwise identical con-
ditions.

2. Shielding radiation sources: If the source is
shielded so that the rate at which photons are de-
tected is halved (and therefore A is halved), then
the time T to detection is quadrupled.

3. Increasing sensor density: Let D be the sen-
sor density: it is the surveillance area in meters-
squared divided by the number of sensors. To a
first approximation sensor density is proportional
to 1/ r2 where r is the average spacing between sen-
sors laid in a grid. For large r we see that:

T increases more rapidly than T'/D?A?.

Figure 4 shows the benefits of dense networks. A
sparse network (9 sensors with a single crystal per sen-
sor) won'’t detect threats rapidly, whereas dense net-
works (16 sensors with 6 crystals per sensor, increasing
photon measurement rates by a factor of 6) can. Dense
networks are expensive if each sensor is carried by a
security officer; however, if sensors can be placed on
street lights or in traffic cones, and the communication
demands are low then dense networks are feasible.

Dense coverage and limited budgets suggest the use
of inexpensive sensors; however, isotope identification
requires more expensive sensors that can monitor en-
ergy spectra accurately. We discuss source localization
and identification, and the impact of cost constraints
on network design, later in the paper.

5 Where
Placed?

Sensor placement is a difficult optimization problem be-
cause the objective functions, such as minimizing time
to detection, are not convex and have multiple minima.
Next, we compare placement of identical sensors on a
uniform grid with a greedy algorithm and a genetic al-
gorithm. We study a greedy algorithm for two reasons:
(1) If sensors are added to the network incrementally
— as for example, if security personnel equipped with
sensors join teams that have already been deployed at

Should Sensors Be



a site — then placing additional sensors where they can
do the most good may be more feasible than rearrang-
ing the locations of all the existing sensors. (2) The
greedy algorithm is simple and we can prove a bound
on the goodness of the algorithm compared with the
optimum solution.

5.1 Greedy Algorithm

Assume that the surveillance area is gridded, and asso-
ciate a random variable with each cell in the grid. The
random variable takes on the value 1 if there is a source
in that cell and 0 otherwise. The a prior: probability
of a source in each cell is given. In this calculation
we assume that each cell has the same probability p
of containing a source. Consider a point on the grid
and assume that there is a sensor at distance d from it.
Measurements by the sensor over some time interval T'
will allow an algorithm to compute the posteriori prob-
ability that the cell contains a source. The smaller the
distance d the more certain we are about the presence
or absence of a source at that point; equivalently the
posteriori probability density will be heavier near 0 or
1, and thus the entropy associated with that random
variable is reduced.

Assume that M sensors are deployed over the surveil-
lance region. Let D be the vector of sensor locations
with D[j] being the cell of the j-th sensor. Let f;(D,p)
be the posteriori probability of there being a source at
cell 7 given sensor placements D and a priori probabil-
ity p. We seek to compute D that minimizes the total
entropy F(D) =

Z fi(D,p)log fi(D,p) + (1= fi(D, p))log(1—fi(D, p))

The greedy algorithm adds one sensor at a time, in-
creasing the length of D by one. We determine the
location of the first sensor to minimize f(DI[1]), i.e.,
assuming that there is only one sensor in the field at lo-
cation D[1]. The first security officer coming to a field,
assuming that he or she is the only one, will move to
location D[1]. Given the locations D[j] of M sensors we
determine the location of the (M + 1)-th sensor as fol-
lows: We assume that D[1],..., D[M] are fixed and we
determine the location [ of the (M + 1)-th sensor that
minimizes F(D+1). This corresponds to the (M +1)-th
security officer moving to the location that best helps
the existing deployment of the previous M officers.

Function F' has two important properties that ensure
the greedy algorithm is within (1 — 1/e) ~ 63% of the
optimum [13]: (1) F is monotone, i.e., adding sensors
doesn’t make the objective function worse and (2) F
is submodular [10], i.e., there is a decreasing marginal
benefit from adding more sensors.

In the calculation, we use the following heuristic.

M
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Figure 5: Sensor placement layouts. The dotted line
connects positions in the order they are chosen by the
greedy algorithm at each step. The order starts from
the center.
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Figure 6: Comparison of greedy and grid sensor layout
using ROC curves. The source strength is 200 cps at
1m. The background strength is 8 cps.

where K decreases as distance d.

The performance of this layout with 9 sensors in a
100 x 100 m field (Figure 5(b)) is compared against
a grid layout (Figure 5(a)) in simulation. Each curve
in Figure 6 is compiled from 10,000 runs of 7" seconds
with a randomly placed source and 10,000 runs with no
source. At T' = 60 seconds, the new layout outperforms
the grid layout by =~ 5%.

5.2 Genetic Algorithm

Heuristics, such as genetic algorithms, are employed to
get good solutions to difficult optimization problems.
We compare the results of genetic algorithms with uni-
form grid layouts. In the experiment, the genetic al-
gorithm (GA) uses a population of 400 chromosomes.
Each chromosome encodes the coordinates of M sen-
sors. Initially, the coordinates of the sensors are chosen
at random. At each epoch, each chromosome deter-
mines the value of the objective function for its layout
of sensors. The best chromosomes (those with largest
values of the objective function) are mated, mutated
and proceed to the next epoch. In these experiments,
a heuristic was used to compute the objective function.

Figure 7 illustrates a typical result from the GA for



Figure 7: A candidate optimal layout for 9 sensors
(shown as yellow discs), as suggested by the GA. The
red shading indicates the sensitivity.detection sensitiv-

ity.

a set of 9 sensors in a field of 100 x 100m. The layout is
equivalent to tesselation of the field by discs of radius
proportional to the sensor sensitivity.

Summary Uniform grid layouts of sensors are not
optimal. Simple greedy algorithms that minimize en-
tropy do reasonably well, and these algorithms can be
adopted when the number of security personnel avail-
able is not known for certain, and where security officers
arrive at a scene incrementally, in small groups. Genetic
algorithms and other heuristics do better than uniform
grids, and we are exploring these heuristics further.

6 Localization and Identification

The location of the source can be estimated with or
without data fusion. An algorithm in which each sensor
operates independently estimates the source location to
be at or near the sensor with the maximum counts (or
the maximum standard deviation departure from back-
ground). Data fusion algorithms can aggregate data
from multiple sensors to triangulate or otherwise esti-
mate source locations more accurately.

The count ¢;(T) of photons at a single detector ¢ in
an interval of duration 7" is (I'+ A)T where T is the rate
from the background and A is the rate from the source.
The rate A at the detector is inversely proportional to
the square of the distance, ignoring the attenuation due
to absorption in the air (which plays only a small role
at the distances considered here). Therefore

A
(xi - xs)g + (yz - ys)2

where A is a constant determined by the source
strength. The equation has three unknowns, x, ys, A.
If the detected count rate is measured at three detectors
whose locations are known, we obtain three simultane-
ous equations, which can be solved to obtain the source
location (zs,ys). In general, for N detectors, where
N > 4, the problem is over-constrained, and we use the
following heuristic to determine the unknowns.

First, we select the group of four detectors in the
network with the greatest aggregate count. Taking each

a(T) = ( +I).-T (4)

git
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Figure 8: Localization error as a function of time using
fusion with unknown background.

detector ¢ in turn from this group we evaluate Y;, an
estimate for A, for each grid position (x,y) in the field:

Ti = (Ci/T = T)((xi — 2)* + (y: — 9)*)

If the source is located at [z,y] then the value of T,
should be the same for each detector i. Thus a measure
of the likelihood of the source being located at (z,y) is:

i=4

L(l‘,y) = Z(Tz(x7y) - T)Q

i=1

where Y is the average over all (z,y). We estimate
the position of the source to be the grid position with
the maximum likelihood. Figure 8 plots localization
error in a four detector square of 30 meters apart. This
simple method, though lacking the sophistication and
accuracy of other more complex methods, is shown to
do reasonably well in a noisy environment.

Source identification Source identification is based
on the energy spectrum of photons at a sensor. Identify-
ing mixtures of isotopes can be carried out by analyzing
the intensity recorded by sensors of spectra in energy
intervals near the peaks for candidate isotopes. Sensors
that record energy spectra accurately are more expen-
sive than sensors that merely count the total number of
photons over wide energy intervals. One way of dealing
with cost constraints is to use dense inexpensive sensors
to detect and localize sources, and then use a few, more
expensive, sensors to identify isotopes of a source at a
specified location.

An approach we are exploring utilizes directional-
ity data provided by higher-end sensors. Sensors with
directionality capability can reconstruct the direction
of incoming photon stream either through intelligent
placement of crystals or Compton Scattering effect. It
is thus possible to orientate the sensors to get better
SNR, which essentially determines the effective range
of a sensor. For example, a directional sensor of res-
olution # = 27/36 can detect a source at 30 meters
away just as effectively as a source at 5 meters away



using a nondirectional sensor (6 = 27) given that SNR
increases as r2e~"/0I'. Directionality also allows for
localization with as few as two sensors instead of three
as current methods require.

The directional sensor is used only after a source is
detected and localized to within a few meters by rela-
tively inexpensive, dense, nondirectional sensors. The
directional sensor, capable of measuring energy spec-
tra accurately, gets measurements from the source with
little interference from the background.

7 Conclusion

This paper explored basic questions about systems for
identifying dangerous sources of radiation in the pres-
ence of natural background sources. This paper studied
fundamental questions such as: How much does data fu-
sion help and how dense a sensor network is necessary?
The paper used mathematical analysis and Monte Carlo
methods to understand fundamental tradeoffs. The in-
sight that the analysis provides adds to the substantial
amount of earlier work. A great deal of work remains to
be done particularly with regard to different concepts
of operations.
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