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Abstract— Sensor coverage is a fundamental sensor networking
design and use issue that in general tries to answer the questions
about the quality of sensing (surveillance) that a particular sensor
network provides. Although isotropic sensor models and coverage
formulations have been studied and analyzed in great depth
recently, the obtained results do not easily extend to, and address
the coverage of directional and field-of-view sensors such as
imagers and video cameras. In this paper, we present an optimal
polynomial time algorithm for computing the worst-case breach
coverage in sensor networks that are comprised of directional
“field-of-view” (FOV) sensors. Given a region covered by video
cameras, a direct application of the presented algorithm is to
compute “breach”, which is defined as the maximal distance that
any hostile target can maintain from the sensors while traversing
through the region. Breach translates to “worst-case coverage”
by assuming that in general, targets are more likely to be detected
and observed when they are closer to the sensors (while in the
field of view). The approach is amenable to the inclusion of any
sensor detection model that is either independent of, or inversely
proportional to distance from the targets. Although for the sake of
discussion we mainly focus on square fields and model the sensor
FOV as an isosceles triangle, we also discuss how the algorithm
can trivially be extended to deal with arbitrary polygonal field
boundaries and sensor FOVs, even in the presence of rigid
obstacles. We also present several simulation-based studies of
the scaling issues in such coverage problems and analyze the
statistical properties of breach and its sensitivity to node density,
locations, and orientations. A simple grid-based approximation
approach is also analyzed for comparison and validation of the
implementation.

I. INTRODUCTION

The incredible continuing drop in the cost of low power
CMOS imagers has recently made them extremely attractive
additions as potential, large scale, sensor networking compo-
nents. In addition to these enablers that provide the push, the
numerous uses of video surveillance for security, monitoring of
habitats, road traffic, public venues, and many other scientific,
consumer, industrial, and military applications provide the
necessary pull for more rigorous studies of these types of net-
works. Although in many senses, video surveillance networks
are similar to traditionally envisioned, modeled, and now in
some cases deployed “sensor networks”, at least two attributes
make them unique, requiring more specialized attention: First,
streaming video data typically requires much higher bandwidth
than the typical low data-rate sensor networks that periodically
sample temperature, humidity, light, pressure, velocity, seismic
activity, etc. Second, the directionality of the sensors in terms

of their sensed regions become significant system design
and use issues with typical video and image sensors. The
directionality property and the limited field of view of such
sensors and their impact on the overall system coverage is our
main topic of interest here. More specifically, our strategic and
long term goals with this work is the formal study of sensor
network coverage, the associated deployment and scheduling
problems, as well as statistical and theoretical properties of
large scale sensor networks that are comprised of field-of-view
sensors (such as video cameras).

In this paper, we begin by first establishing a mathematical
model for representing the field of view using convex poly-
gons. More specifically, and without the loss of generality, we
start by discussing triangular view regions. We then formulate
a sensing model on which we base the remainder of the
approach and algorithms. The main highlight of the paper
is the provably optimal algorithm for finding the breach in
FOV sensing networks, which indicates the minimum observed
distance to any sensor that any target traveling through the
field must have, even if the target optimally tries to avoid
the sensors. We later discuss how breach is a measure of the
worst-case coverage and how one might interpret this result.

A. Paper Organization

In the next section, we overview the sensor networks
coverage related work and background information. Section
III presents our assumptions and technical preliminaries, in-
cluding the details of our FOV sensing model. Section IV
contains the formal problem statement, the main algorithm
and proof, as well as several simple illustrative examples. The
algorithmic discussion is followed by several empirical results
and analysis in section V.

II. RELATED WORK AND BACKGROUND

The diverse constraints and performance metrics that arise
in various sensor network applications naturally lead to often
very different sensor coverage semantics. The famous Art
Gallery Problem for example, deals with determining the
number of observers necessary to cover an art gallery room
such that every point is seen by at least one observer. This
problem has found many applications such as for optimal
antenna placement problems in wireless communication. The
Art Gallery problem was solved optimally in 2D [1] and
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was shown to be computationally intractable in the 3D case.
Another example is the circle covering problem [2] that tries
to cover a plane by arranging identical circles on the plane.
However, coverage in the context of sensor networks can also
have other new semantics. In any case, the main question at
the core of coverage is trying to answer “how well” the sensors
observe a physical space, both spatially and temporally.

Reference [4] provides an in-depth survey of several sen-
sor coverage techniques and algorithms in wireless sensor
networks. A number of efforts have tackled the analytical
treatment of coverage or tried to find bounds on the various
parameters involved. For instance, by placing sensors on a
grid, [5] analytically determines the bound on the number of
hops required to communicate and the necessary and sufficient
conditions on connectivity and coverage. Reference [10] takes
a different view of a similar problem by considering the
coverage when sensors provide imprecise detections. As a
related study, the density thresholds for a number of tasks
in distributed sensor networks is presented in [12].

Computing a connected sensor cover for efficient query
execution is the subject of [11]. The presence of mobility
can add a new significant dimension to self organization and
coverage problems. For example, [8] presents an algorithm for
improving sensor coverage by utilizing node mobility.

Circular communication and coverage extents have been the
model of choice in a number of recent studies. For example
[6] considers the case where sensor and communication radii
are equal and proposes to preserve area coverage by using
surface coverage relay dominating sets as the communication
backbone. Study of the power levels sufficient to induce a
particular coverage radius and connectivity is studied in [7].
In a similar context, a heuristic method used for performing
power efficient coverage organization and scheduling of the
sensors is described in [27]. Clearly channel randomness can
have significant impacts on communication connectivity in a
network, and thus, [9] studies the problem of coverage and
connectivity when such channel randomness is present.

Huang et. al. consider an extension of the basic circular
0/1 coverage model as the k-cover problem where each
area is covered by at least k sensors [14]. They show that
they can reduce the search complexity by only checking the
perimeter of the boundary of each sensor region which can
be done quite efficiently. They also extend the treatment of
this coverage problem to the 3D case in [15]. The work
in [28] deals with scheduling myopic sensors to optimally
observe targets in a field, by using a combination of linear
programming and bi-partite matching algorithms. There, each
sensor is characterized as having a finite energy and assigned
to monitoring one target at a time. The observability of each
target is characterized by an energy consumption coefficient
with respect to the sensor that is doing the monitoring.

Zhang and Hou discuss the problem of maintaining sensing
coverage and connectivity in large sensor networks by first
proving that sensor coverage implies connectivity when the
transmission range is at least twice as large as the sensing
range [20]. The best-case coverage problem presented in

[29] is revisited in [13] and reformulated by constraining
the problem space to the relative neighborhood graph. This
structure can be constructed locally and using a localized
search approach, the optimal solution to the new reformulated
best-cover problem is obtained.

Distributed coverage optimization algorithms have also nat-
urally attracted a great deal of attention. In [17] each node
dynamically decides an activity schedule for itself to provide
varying levels of guaranteed coverage. As another example,
[18] proposes a “Coverage Connectivity Protocol” (CCP)
that when combined with SPAN [19] can optimize both the
coverage and connectivity in the network using a rule-based
distributed algorithm. The relationship between sensor duty
cycle and level of redundancy for a fixed performance measure
is also an interesting attribute of this problem. Reference [16]
address this and propose an algorithm for determining sleep
schedules for the nodes.

The exposure model presented in [30] has also sparked
a number of research efforts on the topic. For example,
[21] presents a solution to analytically compute single-sensor
exposure using Variational Calculus. Clouqueur et. al. tackle
the challenge of expressing exposure in terms of detection
probabilities of moving targets [22], [24]. They also formulate
a sequential sensor deployment strategy using exposure as the
“goodness metric”, in order to facilitate better collaborative
target detection [23], [24]. Exposure of targets with variable
speed is computed by augmenting the computation framework
presented in [30] with additional edges in the exposure search
grid in [25]. In addition to variable speed targets, the new
framework also deals with obstacles that may be present in
the coverage field. The related problem of finding maximal
exposure paths is the subject of study in [26].

The algorithm presented in [29] optimally solves the worst-
case breach problem for isotropic sensors and is revisited here.
Below, we discuss the more general problem, in the case where
each sensor may only have a limited field-of-view in the field
(e.g. cone).

III. COVERAGE TECHNICAL PRELIMINARIES

Before presenting the details of the problem, we describe
our assumptions, sensing model, and other background in-
formation. Throughout this paper, we assume that a sensor
network with n sensors (S) is deployed in a polygonal field A.
Without the loss of generality, our examples and discussions
focus on square fields. Also, in order to formulate the coverage
problem in section IV, we specify I and F corresponding to
arbitrary initial I and final F locations of a moving target in
the field. In case of a square field, I and F may for example
be opposing boundary edges or corners of the field.

For each deployed sensor si ∈ S we know the location
(xi, yi) as well as the orientation parameters necessary to
model the FOV. We model the field of view Γi using an
isosceles triangle (2D cone approximation) as shown in figure
1. For each sensor si, the parameter αi is the horizontal angle
to the boundary edge of Γi, βi is the FOV vertex angle at si,
and di is the length of each side of Γi that is adjacent to si. In
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Fig. 1. Field-of-view Γi of sensor si.

section IV-D we discuss how Γi can trivially be generalized
to more complex shapes, including obstacles, while preserving
the optimality of the coverage algorithm. Note that an isotropic
sensor can be approximated using a number of such adjacent
triangles to cover βi = 360◦.

A. FOV Sensing Model

Given the definition of the field-of-view Γi of a sensor si

above, we assume a target detection model that is inversely
proportional to distance. This assumption is based mainly on
the observation that in many instances, due to the nature of
stimulus signal energy propagation in space, the Euclidean
distance to a sensor directly impacts the observability of a
phenomenon. More specifically, suppose F (p) represents the
probability of detecting the presence of an object (target)
at point p. Given two positions p1 ∈ Γi and p2 ∈ Γi

for a specific target, we assume F (p1) > F (p2) ⇐⇒
dist(si, p1) < dist(si, p2). Here, dist(si, p) represents the
Euclidean distance between the sensor si and point p.

The FOV sensing model holds for all points that are strictly
within the bounded region of Γ. The treatment of the boundary
edges may become problematic due to the binary nature of this
coverage model. Unless stated otherwise, in all our subsequent
discussions we assume that movements along the boundary
edges of Γi cannot be detected by sensor si.

B. The Voronoi Diagram

As discussed in [29] and below, we rely on the inherent
properties of the Voronoi diagram in solving for the worst-
case breach coverage. In 2D, the Voronoi diagram of a set of
discrete sites (points) partitions the plane into a set of convex
polygons such that all points inside a polygon are closest to
only one site. This construction effectively produces polygons
with edges that are equidistant from neighboring sites. Figure 2
shows an example of a Voronoi diagram for a set of randomly
placed sites. For a detailed survey of Voronoi diagrams and
their applications, please refer to [3].

However, some of the lines at the boundaries of the Voronoi
diagram extend to infinity. Since in our coverage problems we
are dealing with polygonal boundaries that are finite in size

Fig. 2. Bounded Voronoi diagram example.

(e.g. FOV regions), we must clip the Voronoi to within the
boundary polygons. To do this, we introduce extra edges in
the Voronoi diagram corresponding to the boundary edges and
discard any line segments that lie outside the boundary of the
field. In subsequent discussions, when we refer to the Voronoi
diagram, we are actually referring to these bounded versions
as shown in figure 2 for the case of a the rectangular boundary.

IV. WORST-CASE FIELD-OF-VIEW SENSOR COVERAGE

Now that we have established the FOV sensing model, let
us consider how it translates to a coverage problem. Suppose
that there is a target that is moving in the sensor field. From
the perspective of analyzing the quality of sensing coverage,
a worthwhile question to ask here is what is the worst-
case coverage that we can expect from the network, even if
the target is optimally trying to avoid detection. This worst-
case coverage directly depends on the closest distance of the
moving target to any sensor, which we call “breach distance”,
since that is when the target is observed the best. From the
perspective of the target, one would like to maximize the
breach distance to avoid detection. From the perspective of the
sensing network, one would like to minimize breach distance
for better detection.

Consequently, to find the worst-case breach distance, we
want to find the distance from any sensor to the closest
observed point that an agent traveling on any path in the sensor
field must encounter at least once. We formalize this notion
in the following subsection.

A. Worst-Case Coverage and FOV Maximal Breach Path

In order to introduce the FOV worst-case coverage problem,
we first formally define breach for a target movement path in
the FOV sensor field. This definition of breach is an extension
of the definition in [29] with the addition of the requirement
that the observed point lie within the FOV of the sensor.

Definition - Breach: Given a path P connecting areas I
and F in A, breach is defined as the minimum Euclidean
distance from any point p on P to any sensor si ∈ S, if
p ∈ Γi. We denote breach of a path P as Br(P )

The formal problem statement corresponding to the worst-
case FOV coverage decision problem thus becomes:
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Problem - Worst-Case FOV Coverage: Is there a path
connecting the areas I and F in A, such that Br(P ) ≥ ε?.

The variable ε here represents the threshold on the
acceptable level of breach. Given an efficient solution to the
decision problem above, a binary search on ε then yields the
maximal breach that exists in a given sensor deployment.
The following definition follows from the notion of maximal
breach:

Definition - Maximal Breach Path: A path PBr

connecting areas I and F in A is a Maximal Breach Path if
Br(PBr) ≥ Br(P ) for all paths connecting I and F in A.

As discussed in [29], for the isotropic sensing models,
limiting the search space for breach paths to only the edges
of the Voronoi diagram is sufficient to guarantee optimality.
The Maximal Breach Path is clearly not unique. The only
requirement is that the closest distance on any observable point
on the path is as large as possible among any path between
the specified starting and ending points in the field. Here, we
extend this notion further, and claim that when the sensing
model is generalized to the FOV sensing, it is sufficient to
search the path space comprising of the line segments formed
by the intersections of the FOV polygons and the Voronoi
edges within any region that is observed by more than one
sensor. Only the sensors observing a shared region are used
in constructing the Voronoi edges in that region. As stated
above, we first focus on triangular FOV regions and square
fields, and later discuss how the result generalizes to more
general polygonal fields and FOV regions.

Note that intersecting the the FOV regions and the local
Voronoi edges in the shared regions results in what we call a
planar Field-of-View and Local Vornoi graph GFOV V (V,E)
with edges E corresponding to the line segments formed by
the intersections, and vertices V corresponding to contact
at the end points of the segments. By construction, any
line segment (edge in E) is either inside a Γi for some
sensor si and therefore observable, outside Γi, or along
the boundary of Γi. In both latter cases, the edge is not
observable by sensor si. Figures 4 and 5 show several
simple examples that are explained in section IV-B. As an
additional note, throughout our discussions here we will
assume that the start and end points are placed along the
boundary of the field A, typically on opposite ends of the field.

Definition - FOV-Voronoi Graph - GFOV V : The graph
GFOV V corresponding to a set of sensors S with field-of-view
set Γ and a finite field A is constructed by intersecting the
edges of all the regions Γ with the Voronoi edges in each
resulting polygon that is observed by more than one sensor.
Only the sensors observing a shared polygon are used in the
construction of the Voronoi edges in that polygon.

Theorem 1: At least one Maximal Breach Path must lie on
the line segments of GFOV V .

Proof: To prove Theorem 1, we use induction on the number
of sensors to prove that the path search space resulting from
the construction of GFOV V contains a Maximal Breach Path
PBr. In other words, we show that it is sufficient to limit
the continuous search space for breach paths to the graph
GFOV V as constructed above. We discuss the correctness of
the algorithm for finding the actual Maximal Breach, given a
graph GFOV V , after this proof has been established.

For the base case of the induction, it is easy to see that
Theorem 1 holds for one sensor. Given the field A and a sensor
s1 with FOV Γ1 it is sufficient to limit the search for a PBr

to movements along the boundary edges of A and Γ1 since
the penalty associated with the sensing model is convex with
respect to distance from si.

For the induction step, let us suppose that the solution space
contains a PBr for the sensors s1...sk−1. Now we introduce
sensor sk and the associated Γk in the field. If a PBr is
not observable by sk, i.e. it lies completely outside Γk, then
nothing changes; The search space still contains a maximal
breach path.

However we must consider the case where parts of a PBr

from the k − 1 sensor solution space now lie within Γk, and
thus, may no longer be a maximal breach path. We make the
following two observations:

1) With respect to sk only, and similarly to the base-case of
the induction, movement along the boundary of Γi is the
best strategy.

2) With respect to other sensors s1...sk−1, we either already
have the best strategy (induction assumption and the item
1), or we must compromise with new sensor sk if portions
of the path is now in the observed region with sk.

For case 2, the optimal movement strategy to maximize
breach in any shared region is along the Voronoi edges
corresponding to the sensors observing that shared region.
Thus, the solution space is still guaranteed to contain a PBr.

�

Now that we have all the necessary pieces in place, let
us focus our attention on the algorithm for finding maximal
breach by performing a binary search on breach (ε), and
checking the existence of a PBr such that Br(PBr) ≥ ε. The
first part of the algorithm listed in the pseudocode in figure 3
generates GFOV V (E, V ). Each edge ej ∈ E in graph GFOV V

is assigned a weight according to (1):

Wej ,si
=

{
dist(ej , si), if ej ∈ Γi

∞, otherwise
Wej = min Wej ,si , for 1 ≤ i ≤ |S|

(1)

In (1), the function dist(ej , si) refers to the minimum
distance from the sensor si to the line segment corresponding
to edge ej . The algorithm then performs a binary search
between the smallest and largest non-∞ edge weights in
GFOV V . In each step, breadth-first-search (BFS) is used to
check the existence of a path from I to F using only edges
with weights that are larger than the search criteria ε. If a path
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Procedure FOV Maximal Breach {
Generate GFOV V (E, V ) of A, S, and Γ
For each edge ej ∈ E

Compute Wej according to (1).
min weight = min edge weight in G
max weight = max edge weight in G �= ∞
range = (max weight − min weight)/2
ε = min weight + range
while (range > binary search tolerance){

Initialize graph G′(V ′, E′)
for each vj ∈ V

Create vertex v′
j in G′

for each ej ∈ E
if Wej ≥ ε

Insert edge e′j in G′

range = range/2
if BFS(G′, I, F ) is successful

ε = ε + range
else

ε = ε − range
end if

}
εmax = ε

}

Fig. 3. Pseudo code for calculating maximal FOV breach.

exists, ε is increased to further restrict the edges considered in
the next search iteration. If a path is not found, ε is lowered
to relax the constraint on the search. Upon completion, the
algorithm has found a the Maximal Breach Path PBr, which
is a path from I to F with its smallest weighted edge being
as large as possible. The breach in this case is εmax found in
the binary search phase of the algorithm.

We must note here that the Maximal Breach Path is not
unique. In fact, in general, there are many paths that can
qualify as a Maximal Breach Path. However, they all use edges
with weights that are larger or equal to the εmax determined
in the binary search phase of the algorithm, with at least one
edge that has a weight equal to εmax. The εmax found by this
algorithm is the minimum distance from sensors that an agent
traveling on any path through the field A, from I to F , must
encounter at least once. If new sensors can be deployed or
existing sensors moved such that this εmax is decreased, then
the worst-case coverage is improved.

B. Illustrative Examples

To illustrate the inner-workings of the algorithm, consider
the two simple examples labeled case 1 and case 2 in figure
4. In both cases there are two sensors A and B monitoring the
field. The start and end points for the movement are labeled.
The FOV regions are shaded with the corresponding Voronoi
edge intersections. Remember that all edges are weighted
equal to their closest distance to any sensor, if they are inside
a shaded region. Boundary edges of a shaded region that are
not inside another region have infinite weight (they do not cost
anything to travel on). For case 1, a PBr can consist of moving
along these vertices in sequence: {c3, d, c,m, h, g, c1}. In this
case, breach occurs at the location marked by the square and

labeled as “breach”. This is the point at which the path is
observable and closest to both sensors simultaneously.

In case 2 in figure 4, sensor B faces away from sensor A and
their fields of view do not intersect. Sensor A is placed just
outside the corner c4 and thus, traveling along the boundary
edge of the field through c4 is undesirable. In this case, an
optimal PBr consists of the vertices {c3, a, b, i, j, c1} with
breach occurring at a. The Voronoi edge ch is no longer
relevant here since only sensor A can observe it.

Fig. 4. Example - Cases 1 and 2

For illustrative cases 3 to 8 shown in figure 5, we are
interested in finding a PBr from point s to e. In all cases
we assume that we cannot pass through a sensor node vertex
that is at the boundary of the field. For example in case 3,
we cannot pass through points a and b along the boundary of
the field. We observe the following:

Case 3: PBr : {s, a, c, e}, breach at c.
Case 4: PBr : {s, a, c, d, e}, breach at c.
Case 5: PBr : {s, b, d, f, e}, breach at d.
Case 6: PBr : {s, a, c,m, r, o, j, c4, i, e}, breach at c.
Case 7: PBr : {s, a, d, n, r, q, t, x, e}, breach at n.
Case 8: PBr : {s, a, d, w, u, c, t, p, e}, breach at w.

C. Algorithm Complexity

Given n sensors, the best known algorithms for the gener-
ation of the Voronoi diagram have O(n log n) complexities.
In 2D, Voronoi diagrams are essentially linear complexity in
terms of vertices and edges. So for n sensors, |V | and |E|
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Fig. 5. Illustrative examples for the FOV breach coverage algorithm.

(vertices and edges) in the Voronoi graph are both O(n).
There are 3n line segments corresponding to the FOV triangles
(higher constant for higher degree polygons). Consequently,
intersecting the FOV lines with the Voronoi graph edges results
in O(n2) edges and at most O(n2) vertices. Due to the relative
sparsity of the search graph (which is also planar), the BFS
and binary search phase for finding the breach path have a
complexity of O(n2 log range) in the worst case, where range
is the difference between highest and lowest weighted edges
in the search graph. In our implementation and experiments,
the complexity of the algorithm is dominated by the Voronoi
diagram generation and FOV intersection procedures which
both have large constant factors in their complexity.

D. Generalization of the FOV coverage

Let us now briefly discuss extending the presented algorithm
for computing FOV breach coverage to deal with other types of
field of view polygons and the possible inclusion of obstacles
in the optimization framework. In terms of the FOV polygons
with higher number of edges, it is easy to show that any convex
polygon can be modeled with successive triangulations rooted
at the sensor vertex, and thus, treated the same as multiple
adjacent triangular FOV models. This enables a much greater
flexibility in modeling the field of view of the numerous
sensors that may be deployed in such applications.

Similarly, it is also possible to deal with rigid (polygonal)
obstacles that block portions of the FOV by using separate
triangulated regions to represent the visible and limited view
parts. A detailed formal treatment of this topic is beyond our
scope here. There are also a number of related results from

computational geometry that deal with path traversals in fields
containing obstacles. For example [31] discussed an efficient
algorithm for computing the Euclidian shortest paths in a
field where polygonal obstacles are present. We are currently
investigating the integration of such efficient shortest path
results with our maximal breach paradigm to aid in finding
more physically and practically meaningful breach paths than
the worst-case versions computed by the algorithm here.

V. EMPIRICAL STUDIES

In order to perform empirical evaluation of our algorithm,
we implemented a stand alone C++ simulator. A number of
interactive functions are provided by the simulator in order
to facilitate testing. Through the GLUT and OpenGL libraries
the simulator is able to produce a graphical representation of
the solution generated where individual pieces of the solution,
such as Voronoi edges, FOV edges, sensors, and path segments
can be turned on and off for ease of viewing. The critical
regions (breach) of the solution is highlighted as well. Other
edges can be shaded based on their weight in order to verify
the solution by inspection. Figure 6 is an example screenshot
of the program output. Graphical output of the simulator can
be disabled in order to run batch simulations for generation
of empirical data. In this mode only the breach value is
produced before the program is terminated. In order to verify
correctness of the algorithm, the simulator can also compute
an approximate solution using a grid. In the grid-based mode
the simulator generates a uniform grid, the size of which can
be specified, and uses it as possible edges for target travel
in the field. Figure 7 illustrate the grid solutions to the same

This full text paper was peer reviewed at the direction of IEEE Communications Society subject matter experts for publication in the IEEE SECON 2006 proceedings.

341



simple deployment solved in figure 6 using grids of size 8, 15,
and 30. In addition, we were curious to learn how much the
inclusion of Voronoi edges impact solution quality and thus,
we added another mode to generate solutions to using only
FOV edges in the search for a path. Figure 8 shows the FOV-
only solution for the same deployment case as the previous
figures.

Fig. 6. Example of FOV and Localized Voronoi based breach solution:
breach =239.305

Now let us focus our attention to some statistical empirical
results. The first case we consider is expected coverage levels
for random deployments. When deploying a sensor network
randomly, it is often desirable to be able to achieve a certain
level of coverage. Figures 9, 10 and 11 illustrate how the
number of nodes in a deployment, the angle of the FOV and
the range of the FOV affect breach coverage. Each parameter
was varied over approximately 40,000 simulations of 500x500
maps. In figure 9, the FOV angle and range were 60 degrees
and 100 respectively while the number of nodes ranged from
0 to 400. In figure 10, 100 nodes where simulated with a FOV
range of 100 while the FOV angle varied from 0 to 180◦. In
figure 11, again 100 nodes where simulated but with a FOV
angle fixed at 60◦ while the FOV range varied from 0 to 700.
The sharp drop in probability of a full breach path in each of
the graphs makes it clear there is a distinct inflection point at
which coverage is achieved when varying the given parameter
in each case.

Inspection of Figure 9 shows that a random deployment of
110 nodes results in only 2% probability of a “full breach” path
existing. “Full breach” refers to the condition that a completely
unobserved path exists in the network connecting the initial
and final regions. In each of the figures 9, 10, and 11 we
show the average breach if a full breach condition does not
exist. The dip in the average breach in figure 9 is due to the
fact that for a small number of nodes, the probability that a
full breach path exist is very high, resulting in a small number
of simulation instances to calculate average breach. In other
words, the average breach results are less meaningful when
full breach probability is high.

In Figure 10 the average breach actually begins to increase
for FOV larger than 140◦. This is due to how we set the trian-
gle FOV approximations. With larger angles the approximated
FOVs begin to cover significantly less areas. It is important

Fig. 7. Example of the grid based solution with grid size of 30 (top, breach
=230.217), 15 (middle breach =229.401), and 30 (bottom: breach =236.212).

to note however that the triangle approximation still provides
an upper bound on the breach and the probability of a full
breach path existing. It is interesting to note here that unlike
the average breach, the probability of full breach does not
deviate noticeably after FOV grows beyond 140◦. To address
the large-angle FOV problems here, one could model the FOV
using polygons with more edges that can better approximate
circular or other wide-angle fields of view.

Inspection of figure 11 reveals that after a certain threshold,
breach levels off and becomes unaffected by any further
increases in FOV range. Interestingly, before breach levels off,
smaller values of FOV range result in smaller values of average
breach. However, this is only due to the fact that breach is
limited by the range of the FOV and so in the relatively few
cases where a full breach path does not exist the breach must
be small due to the small FOV range. In fact, for ranges smaller
than 60, the average breach graph does not exist due to the
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Fig. 8. Example of the FOV-only solution: breach =212.635

lack of non full breach simulation cases.
Figure 12 shows a histogram of the difference in breach

generated by the FOV-only method and the voronoi method. In
this case we considered 10,000 randomly generated 500x500
maps, with 100 randomly deployed nodes at random orien-
tations, each with an FOV range of 100, and FOV angle
of 60◦. In figure 12 we see that approximately 42% of the
simulations resulted in no difference between methods. There
is a small number of simulations that resulted in a positive
difference between the FOV-only method and the voronoi
method, however this difference is smaller than the error
margin of the simulator. Finally, the differences that lie below
zero correspond to suboptimal breach paths generated by the
FOV-only method and account for approximately 57% of the
solutions generated.

Lastly, we study how locations and orientations of the
sensors impact the breach coverage, as shown in figures 13
and 14. Here, again we consider 10,000 cases for each of
the specified conditions. In figure 13, nodes where randomly
moved while keeping FOV direction (orientation) constant.
In figure 14, nodes where randomly rotated while keeping
their position fixed. The map size was again 500x500 with
a FOV range of 100 for all sensors. In the histograms, a
wider distribution indicates that a given configuration is more
sensitive to variation to movement or rotation, which in turn
implies there would be a greater benefit in more judicious
deployment for those configurations. Inspecting figure 14
reveals that as the number of nodes increases, direction of the
FOV becomes less important in determining breach. However
as FOV angle changes, the distribution remains relatively
unchanged indicating the number of nodes present, and not
the FOV direction, determines the relative importance of FOV
angle. Inspection of figure 13 on the other hand reveals that
the distribution of breach changes both with number of nodes
and FOV angle, confirming our intuition that node placement
becomes more important as the number of nodes and FOV
angle decrease.

VI. CONCLUSION

We presented the worst-case breach coverage formulation
for field-of-view sensors in sensor networks. A polynomial
time algorithm for breach calculation was also presented which
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Fig. 9. Probability that a full-breach path exists and average breach
vs. number of nodes in a deployment.
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Fig. 10. Probability that a full-breach path exists and average
breach vs. FOV angle.
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Fig. 11. Probability that a full-breach path exists and average
breach vs. FOV range.

relies on a novel method for limiting the continuous domain
search space for breach path calculations to the segments of
the FOV and local Voronoi edges, while guaranteeing that
an optimal solution will still be found by the algorithm. The
algorithm can easily be extended to handle arbitrary polygonal
field of view models, as well as obstacles blocking the view
from sensors. In addition to detailing the algorithm and the ap-
proach, empirical results show how several statistical attributes
of breach with respect to FOV angles, node locations, and
orientations, and comparison with a simple grid-based approx-
imation algorithm. The FOV coverage alogrithm as presented,
has direct applications in sensor networks that rely on video
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without voronoi edges.

and imager based sensors for detection and surveillance. More
specifically, given a deployment, the algorithm can rapidly
determine the closest observable distance to a sensor that any
target must have at least once when traveling between two
given regions.
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Fig. 13. Distribution of breach while varying node positions but keeping rotations fixed.
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Fig. 14. Distribution of breach while varying node rotation but keeping position fixed.
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