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ABSTRACT
Location-Based Services (LBS) are currently attracting many re-
search efforts due to the pervasiveness of mobile devices in our daily
life.Mechanisms tomonitor distributedly the remote (and sometimes
huge or dynamic) geographic areas referenced from location-based
constraints are needed in order to retrieve the required data. In some
cases (e.g., ad hoc networks), selecting the best places fromwhich
to scan a certain area is still an open problem; but moreover, it de-
pends on another open problem: We should know the actual area
that each object can scan (i.e., its communication coverage area)
from its location in order to be sure that the whole interesting area
is actually covered from a certain set of objects. Different disk-based
coverage area models are usually adopted; however, knowing the
real communication coverage area of an object is a very difficult
task. Therefore, when accuracy is important, there is a need of a
mechanism that estimates somehow the unknown real coverage
area that a certain object is able to see, anytime and anywhere.
In this paper, we face the problem of estimating the real (and

unknown) coverage area of a certain (mobile or static) object in a
wireless scenario by considering as input data just the location of the
devices that can communicate with that object at each time. To do
this taskwepropose different algorithms, including a combination of
all of them, and compare their accuracy and efficiency against a set of
synthetic and real scenarios with different topologies and obstacles.
We show that estimating the real coverage area of an object without
assuming a disk of fixed radius is not only possible, but also simple
and efficient.
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1 INTRODUCTION
Location-based services (LBS) are one of the most promising areas
in mobile computation, with an ever growing number of applica-
tions due to the huge amount of users of mobile devices. In many
cases, these services lead to the processing of location-dependent
queries [9, 15],which includeoneormore location-basedconstraints;
e.g., we could be interested in certain kind of objects in the scenario
located inside/near a specific geographic area.

To process location-based queries, we need mechanisms to mon-
itor remote (and sometimes huge or dynamic) geographic areas in
order to retrieve the required data. Under certain network infrastruc-
tures (e.g., ad hoc networks), selecting the best places fromwhich
to scan a certain area is still an open problem [1, 14]. Depending on
the particular application/environment, moving object trajectories
as well as map information of the scenario might be unknown. All
of these becomes even worse when the interesting area depends
on the changing location of one or several moving objects in the
scenario, leading to location and geometry changes of such an area
at any time. Thus, it is crucial to know the actual area that each
object can communicatewith (i.e., it covers) to be sure that thewhole
interesting area is monitored by a given set of monitors, and to be
able to assess the quality of the results retrieved.
Estimating the communication coverage area of static access

points has been studied before [7, 13]. However, to obtain the ac-
tual coverage area of a moving object becomes harder in a dynamic
scenario, where communicating objects are moving and their com-
munication range can vary dynamically. It is well known that too
many factors can ease or difficult communication between two ob-
jects (static or moving obstacles, rebounds that bring signals beyond
their expected range, speed of movement, energy consumption, en-
vironmental conditions such as rain or fire, etc.). Thus, any coverage
model adopted a priori is a heavy simplification of the real coverage
area. There exist many approaches [17, 18] that assume a simplified
modeling of the range area of objects (e.g., a disk of a certain radius
centered on the location of objects) but, unfortunately, these models
do not provide us with accurate information about which area is ac-
tually within our communication range. There also exist works (for
instance, [13]) trying to estimate the real coverageareabyusingextra
information like geographicmaps, types of obstacles (buildings, etc.),
and defining complex physical models of the behavior of wireless
communications. However, such information is not always available,
and when it is, it is costly to obtain it. Thus, as trying to estimate
the actual coverage area in the real world is inherently complex, we
advocate taking as basis only simple but solid input data: the location
of objects that we can communicate from our current location.
In this paper, we face the problem of estimating the real (and un-

known) communicationcoveragearea that a certain (mobileor static)
object in a wireless scenario is covering, anytime and anywhere. We
assume that different interesting information that couldhelp (such as
object trajectories, data obtainedpreviously, or scenariomaps includ-
ing roads, buildings, etc.) could be unknown, so we only consider as
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inputdata the locationsof theobjectsdetectedby theobject forwhich
wewant to know its coverage area1. Such information can be spread
and shared in many ways [5], but the main point is that such object
can communicate with the detected objects from its location. Using
that information,we propose four different coverage area estimation
algorithms based on known geometric methods as, for example, con-
vex hull or Delaunay triangulation, showing experimentally their
accuracy and performance in synthetic and real scenarios2. Besides,
taking into account the experimental results, we propose a hybrid
approachwhich combines such algorithms adapting itself depending
on the number of detected objectswhen absolutely no information is
available a priori. Apart from improving the selection/deployment of
the devices in amore efficientway, a good coverage estimation is also
required to improve the information about the reliability of the re-
sults given by a location-based query, allowing to assess their quality.
In the rest of the paper, in Section 2 we first show a motivating

example to illustrate the need of these estimation mechanisms in
the context of distributed processing of location-dependent queries.
In Section 3 we formalize the problem of estimating which area an
object is actually covering. In Section 4 we present four different
strategies to estimate such an area, taking as basis the location of
mobile devices within communication range. In Section 5 we de-
scribe the experimental settings and results obtained when testing
the different estimation strategies on different simulation scenarios
with different obstacle and object densities, and on a real scenario.
Related works are presented in Section 6, and finally conclusions
and future work can be found in Section 7.

2 MOTIVATING EXAMPLE
As a motivating example, let us suppose that a user wants to know
which of his/her friends are inside a certain area in the old part of the
citywhere they use to go. Let us assume that his/her smartphone has
an application which is able to leverage adhoc networks to process
location-dependent queries in a distributed way [9, 19]. Thus, in our
setup, every object is a node which can gather surrounding data
and can answer to location-dependent queries. The complete set of
objects forms a hive of potential query processing nodes.

In Figure 1, we can see the initial situation showing the interesting
area in purple; a personmoving down the street (the red dot), whose
device is a potential processing node; and its ideal (not considering
obstacles) and real communication ranges displayed in pink and
green, respectively.

At first, the red device detects some other devices, and the interest-
ing area (in purple) is out of range. As the red device moves into the
crowded area (see Figure 2), the number of devices detected within
the communication range varies, as well as its actual coverage area.
Notice that by considering the ideal coverage area (in pink) the red
device is supposed to intersect about 25%of the interesting area; how-
ever, due to the narrow streets the real coverage area ismuch smaller.
Finally, the red device gets closer to the interesting area (see Fig-

ure 3). Again, making the assumption that it is covering the ideal
area will be harmful: The real coverage area is much smaller due to
the narrow streets.
A location-query processor needs an estimation of the area that

eachdevice is covering to solve the query.Althoughwe could assume

1We assume that objects in range share their current location in collaborative scenarios.
2Notice that performance is very important as these estimation methods could be
invoked to take decisions at every second, which is very common in scenarios with
highly dynamic mobile objects and limited communication range.

Figure 1: Initial situation: In pink, the ideal communication
range; in green, the actual one; in purple, the area to be
queried.

Figure 2: Approach situation: The red device comes closer to
the interesting area.

that a certain geographic area is being covered by an object, we will
not be sure whether such an area is empty or it is out of its range
until any real object is detected over there (if that ever happens).
Therefore, relying on the objects in the scenario that a given object
detects from its location at a certain time could be a good starting
point to estimate its real coverage area. Moreover, it should be esti-
mated quickly, with a good accuracy, and, to be as flexible as possible,
making no assumptions about objects or scenarios (as some systems
do [19]). Finally, note that while we focus on communication ranges,
similar coverage estimation is actually required in a sensor network
where the nodes aremobile as well:We need to be aware of the areas
we are not communicating with, for example, to assess whether we
should deploy/move more sensors to a particular area.
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Figure 3: Final situation: The red device is able to retrieve
information from (part of) the interesting area (in purple).

3 PROBLEM STATEMENT
As aforementioned, there is a need for estimating which area an
object is actually covering. In our context, an object (a static or mo-
bile device) is able to communicate via a wireless interface within
a range. This way, each object is able to broadcast its position to
its neighbors, allowing them to maintain a table with their visible
objects. Different schemes might be adopted to achieve location
information spreading [5], but we only assume that the information
of the directly visible objects is available at every moment, i.e., in
one hop, without flooding the entire device network.
In order to formalize our problem, we introduce some notations

that we will use along the paper. Let us suppose that a device d ob-
serves (communicates with) n other devices,Vd = {d1,...,dn }. We
say that the devices in the setVd are the visible objects (or detected
objects) fromd .We assume that any deviced is located in the plane at
coordinates, pd = (x ,y). The real coverage area of a device d is the set
of points in the plane,Cd ⊂R2, where the deviced can communicate
with a device d ′, i.e., if a device was located at any point ofCd , then
it would be a visible object fromd . We denote by Pf (S), all finite sets
of a set S , and byCA the sets of all possible coverage areas in the
plane. Our goal is to estimate the real coverage area of the device d
using only the coordinates pi = (xi ,yi ) of the visible objects.
A coverage area estimator of a device d located at p0 with real

coverage areaCd is a function,
e : Pf (Cd )→CA

that associates a finite set of points,V ⊂Cd , to a setC , e(V )=C . We
say thatC is the estimated coverage area ofCd by means of the set
of visible objectsV .
A parametric coverage area estimator of a device d located at p0

with real coverage areaCd is a function,
pe : Pf (Cd )→Pf (CA×[0,1])

that is, a function that given a finite set of points inCd produces a
set {(Ci ,αi ) | 1 ≤ i ≤ k}. We say that αi is the threshold forCi to be
in the real coverage area. A parametric coverage area estimator ep
is an α-parametric coverage area estimator, if it holds that: for any
V = {p1,...,pk }, if (Ci ,αi ) ∈ep(V ) then αi ≥α .

Finally, we will refer as “holes” to the areas where the device
cannot receive communications from (i.e., they are not within its

coverage area). The reasons for their existence can be manifold (e.g.,
physical obstacles, weather conditions, or active jamming), but their
nature is out of the scope of our proposal.

4 COVERAGEAREA ESTIMATIONMETHODS
In this section, we will explain four methods to obtain a coverage
area estimator based on an adaptive disk, the convex hull of a set of
points, a polar grid, and the Delaunay triangulation.

4.1 Adaptive DiskMethod
This estimator is a variation of the disk model, a broadly adopted
coverage model [18], where the coverage area is assumed to be a
disk of a given radius r. This estimator returns a disk whose radius
is the distance to the furthest visible object (from those inVd ).

Regarding its complexity, this algorithm usesO(n) time to obtain
the result, where n is the number of visible objects from the device
(|Vd |).

4.2 ConvexHull Method
This method is an α-parametric coverage area estimator, which is
based on the recursive subdivision of the triangulation given by the
convex hull of the positions of the visible objects. The subdivision
criteria depends on a value αi calculated for each candidate triangle,
which in turns depends on a valueA that represents the size of an
“empty big area”. This method takes as input the location p0 of a
device d , the set of locations of visible objectsV = {p1,...,pn } from
d , and a value α ∈ [0,1]. Thus, the first step is to obtain such valueA,
for which we have to: 1) arrange the points inV in polar order with
regard top0; 2) calculate the areas,Ai , of the triangles formed by the
points {p0,pi ,pi+1}, 1≤ i ≤n (consider that pn+1=p1); and 3) find a
valueA that represents an outlier of the set of areas {Ai }. To do so,
we use the Tukey’s range test [16], which requires to calculate the
valuesQ1 andQ3, the lower and upper quartiles of {Ai } respectively,
and to obtain the valueA=Q3+1.5(Q3−Q1).
Once we have the value of A, we move onto the recursive sub-

division of the convex hull triangulation. If the method does not
have enough information (we do not detect more than one object), it
cannot estimate anything about the coverage area as it cannot build
the convex hull. If the set of objects has more than two elements, we
compute the convexhull of the set of the points in the scenario and its
triangulation from p0 (the location of d). In Figure 4, we can see the
convex hull of the objects and the six triangles,T1-T6, from d to the
vertexes of the convex hull. The reason to obtain the triangulation of
the convexhull is to find the directions from the deviced towhere the
objects are. For instance, inside the triangleT4 in Figure 4,we see that
there is not any object, so it can be deduced that there is a low proba-
bility thatT4 belongs to the real coverage area ofd . On the other hand,
if a triangle contains a lot of objects, as in triangleT3, the algorithmas-
signs to that triangle a high probability to be in the real coverage area.
Once the triangulation of the convex hull is done, each triangle

Ti is assigned a threshold which depends on three values, vD ,vA,
andvS . To explain how to calculate these values, let us suppose that
T is a triangle formed by p0,pi ,pj , then the values associated to the
triangles are:

vD =д(k)area(P)/area(T )

vA=1−min{area(T ),A}/(A+1)
vS = (4m−per (T ))/per (T )
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Figure 4: Convex hull of the visible objects and the division
in triangles.

where P is the polygon formed by all visible objects insideT ; д(k)
is the shifted logistic function,д(k)=1/(1+e−(k−10));A is the above
calculated area;m is the half of sum of the two edges of the triangle
T from p0; and per (T ), area(T ) are the perimeter and the area of the
triangleT . Intuitively, the valuevD considers the distribution of the
objectswithin the triangle. If therearemanyobjects arounda triangle
T , the valuevD will be close to one. But if we havemany objects that
donot coverT or just fewobjects insideT , thenvD will be a lowvalue.
The rationale behindvA is to compare the area ofT , a triangle of the
triangulation of the convex hull, with an “empty big area” A, i.e., an
area where we do not find any visible object, and so, we can assume
that it is not part of the real coverage area. If the area ofT is similar to
A,vAwill be close to zero, otherwise, to one. Finally, the valuevS con-
siders the shape of the given triangle. If the two sides of the triangleT
fromp0 are similar, thenT would be likely to be in the coverage area.
With the values vD ,vA,vS , we calculate the threshold αi of the

triangleTi : αi =max{vD ,vA,vS }. If αi is greater or equal than the
given α (i.e., the global parameter of the estimator), then (Ti ,αi ) is
added to the estimate the coverage area. Otherwise, the triangleTi
is divided in two triangles, R and S , the two triangles formed from
p0 to the midpoint of the opposite edge of the triangle, and the algo-
rithm follows recursively in triangles R and S . This is done aiming
at avoiding the obstacles in the scenario.

The time complexity of this method is dominated by the construc-
tion of the convex hull. By the Graham scan [6], the convex hull of
a set of points can be computed inO(n), if the points are sorted in
polar order, so we can expect a time cost ofO(nlog(n)).

4.3 Polar GridMethod
Amajor drawback of the previously described methods is that they
cannot detect holes in the real coverage area. Due to rebound effects
or weak signal mitigation, a device d could observe other devices
behind an obstacle. To take into account these situations, we intro-
duce twomethods in the following subsections. Let us start with a
method based on a polar grid.

A polar grid is a grid in polar coordinates of the points in the plane.
It is determined by a maximum distance ρ, the number r of divisions
for the module and the number s of divisions for the angle. Each cell
of a polar grid is a circular trapeze.Wewill denote the cell of the (i,j)
division of the polar grid byCi j (1≤ i ≤r , 1≤ j ≤s).

This estimation method is based on finding the directions where
the visible objects are situated by dividing the plane with a polar
grid, and counting howmany visible objects are inside each cellCi j ,

which we call the votes for the cellCi j . The polar grid is constructed
taking the maximum distance from p0 to the set of visible objects as
ρ, and the number of angle divisions is parametrized. Then, the votes
of a cellCi j are propagated to the cells betweenCi j and the device,
and, if a cell has one or more votes, such cell is considered to be part
of the estimated coverage area. Thus, the influence of each voted cell
propagates towards the center up to amaximumManhattan distance
of its number of votes.
Unlike the convex hull based method, this method returns a set

C as the estimated coverage area. Intuitively, the method avoids the
holes in the real coverage area by means of the propagation of the
votes. Suppose that, as in Figure 5, we have a cellCi j behind the hole
with four votes and another cellChj before the holewith also four
votes. Ifwe propagate the votes to the cells fromCi j andChj tod , that
is,we addonevote to the threenearest cells toCi j andChj ,we can see
a zone that has no votes and it could a hole in the real coverage area.

Figure 5: Propagation can avoid holes.

It is easy to prove that the time cost for this method belongs to
O(n), where n is the number of visible objects.

4.4 Delaunay TriangulationMethod
Let us note that the estimated coverage area in convex hull and
polar grid methods depends on the location of the device d . The
last of the proposed methods is based on obtaining the Delaunay
triangulation [2] of the detected objects, which makes the method
independent of the actual location of d .

The Delaunay triangulation for a set pointsV is a set of triangles
Ti such that no point inV is inside the circumcircle of any triangle
Ti . An interesting property is that the Delaunay triangulation max-
imizes the minimum angle of all the angles of the triangles in the
triangulation, and hence, maximizes the area of the triangles with
regard to its perimeter.
In Figure 6.a, we can see the Delaunay triangulation of a set of

points, and in Figure 6.b, the triangulation and a real coverage area.
Let us focus on the trianglesT1 andT2 in Figure 6.a: Since the Delau-
nay triangulation maximizes the minimum angle of each triangle,
and so its area, the triangles with a “big area” likeT1, or the triangles
with one very small angle and two large edges likeT2 are probably
part of a hole. We will use this intuition to calculate the coverage
area estimator based on Delaunay triangulation.
The process to obtain the estimated coverage area is as follows:

First, find the Delaunay triangulation, {Ti }, of the visible objects
and the location of the device d when possible (if there are less than
two visible objects, the method does not estimates any area); second,
prune all trianglesTi from the Delaunay triangulation that its area
or its edges are larger than an outlierA for the area or an outlier E
for the size of edges (calculated in the same way as the outlierA in
Subsection 4.2).
To evaluate the time cost of this method, we have to consider

the time complexities of obtaining the Delaunay triangulation, and
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Figure 6: Triangulation: a) Delaunay triangulation; b) real
coverage area vs. triangulation.

the implicit sort to find the outliers of the areas and edge sizes of
the triangles. The Delaunay triangulation can be done inO(nloд(n))
using the Fortune’s algorithm [2], where n is the number of visible
objects from the device. It is well known that the maximum number
of triangles for theDelaunay triangulation is 2n−5 and themaximum
number of edges is 3n−6 (see [2]), thus the sort of the areas and the
edges is dominated byO(nloд(n)). Therefore, the time complexity
of this method belongs toO(nloд(n)).

5 EXPERIMENTAL EVALUATION
In this section, we present the experimental settings to evaluate and
compare the different coverage area estimators using synthetic and
real scenarios. We firstly focus on the synthetic scenarios, detail-
ing the accuracy results obtained by the four algorithms presented
above, and also showing their feasibility in terms of execution times.
Then, we propose a combined approach to estimate the coverage
area depending on the number of visible objects, and validate such
a proposal in terms of quality of the area estimation. Finally, we
evaluate the algorithms against a real scenario dataset.

5.1 Synthetic scenarios
In order to evaluate the capabilities of a coverage area estimator, the
optimal situationwouldbe tohavemanyreal scenarioswith realmea-
sured coverage areas.However,wewanted to cover asmuchdifferent
scenarios as possible, making no assumptions on them (i.e., evalu-
ating as many different topologies as possible). As collecting a set of
different enough real coverage areas to obtain significant analysis re-
sults requires a huge effort, we chose to evaluate the estimation algo-
rithms exhaustively using a synthetic set of possible coverage areas.

In particular, we have built a set of 1,000 synthetic scenarioswhere
the coverage area is represented by a disk of 300 distance units with
a variability of ±5% in different directions3. The ideal coverage area
of each scenario is covered with holes up to a 90%, resulting in 10
different groups of 100 scenarios ranging from areaswith no holes to
heavily hole-covered ones ([80%-90%] of the area covered by holes).
Besides, for validation purposes, we adopt the 80/20 split often used
inmachine learning toproposeandvalidateacombinedalgorithmde-
pendingonthenumberof theobjectsdetected.The200validationsce-
narios also follows the distribution of the coverage areas explained
(i.e., 20 scenarios without obstacles, 20 with [0-10%] hole-covered

3We adopted a dimensionless quantity for the sake of generality, but the values are
based inWiFi distances and powers considered in [7].

area, and soon)4.Weadvocate theuseof theviewerproposed in [4] to
visualize and assess the scenarios and the results of each algorithm.

Each scenario contains also a set of visible objects (ranging from
2–1,000) randomly placed within the coverage area. Their position
represent a snapshot of the visible objects from a given reference
objectwhich is in the center of the scenario. In order to include uncer-
tainty about the actual location of the objects (e.g., due to imprecise
location methods or communication delays), the actual position of
each of the objects is considered to be within a disk centered in the
obtained location and of a radius of 7% of the coverage area radius,
what it is called the uncertainty location area [3] of an object. We
obtain this uncertainty value taking into account the work in [7].
The summary of the details of the scenarios and the uncertainty

settings can be seen in Table 1.

Table 1: Characteristics of the generated scenarios.

Number of scenarios 1,000 (800 for test, 200 for validation)
Hole-covered area [0%, 0-10%, . . . , 80-90%] (100 per step)

#objs 2–1,000
Uncertainty location ±7%

Toassess thequality of eachestimation,weuse theF-Measure [12],
awell-knownmetric in InformationRetrieval,which is the harmonic
mean of the precision and recall of the estimator. In this case, the
precision of a coverage area estimator is defined as the percentage
of the estimated area which belongs to the real coverage area (i.e.,
it is correctly estimated), and the recall is defined as the percentage
of the real coverage area which is correctly estimated. The number
of objects is swept in the tests focusing on the cases where the least
information we have (i.e., the cases where few objects are in the
scenario) to see how the lack of available information affects to the
different coverage area estimators.
To evaluate the coverage area estimators presented in Section 4,

we have implemented a prototype using Java 1.8 as programming
language, and the JTS Topology Suite 1.14 to perform all the geo-
metrical operations. To deal with the uncertainty in the locations,
our prototype, for each object, gets randomly 10 points within their
uncertainty location areas, calculates 10 estimated coverages areas,
and retrieves the estimation that represents the median in terms of
the size of the estimated area. Finally, the experiments were run on
a computer with an Intel i7-6700K processor running at 4.00 GHz
and 32 GB of RAMmemory.

5.1.1 Comparison of Estimation Algorithms. In Figure 75, we can
see the different average F-Measures obtained by the different esti-
mators on the 800 test scenarios (although we tested the algorithms
up to 1000 visible objects, due to space limitations, we show only
the F-measure up to 100 objects, since it tends to stabilize at about
this number of objects6). After evaluating different values for the α
parameter for the convex hull-based estimator, we saw that the ben-
efits of adding extra flexibility to our estimator were not meaningful
for comparison purposes above α =0.3, and, thus, we only include

4The datasets containing all scenarios and objects are available at http:
//sid.cps.unizar.es/SHERLOCK/coverageAreas/
5CH n = Convex Hull with α =n; PG n = Polar Grid with n×n grid; Triangulation =
Delaunay method; AdapDisk = disk with an adaptive radius; FixedDisk = disk with
a fixed radius.
6Thecomplete resultscanbe foundathttp://sid.cps.unizar.es/SHERLOCK/coverageAreas/
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up to that value for the sake of readability7. Besides we show the
different behaviors of 10×10, 20×20, and 30×30 polar grids.

Figure 7: Accuracy of each estimation algorithm.

From these results, we can conclude:
• TheAdapDisk estimator is the one that best behaves in the absence
of information (until 15 objects), but for the initial case, where
the traditional assumption (FixedDisk) obtains better results with
only 2 visible objects.

• The Convex Hull estimator, once it overtakes the AdapDisk esti-
mator, gets the best results until 150 visible objects varying its α
value up until 0.3.

• The results obtained by the Polar Grid estimator depend on the
detail of the grid used. The 10×10 grid has a good accuracy for a
low level number of objects, but it stalls and even degrades for a
higher number of objects due to the lack of detail; on the other
hand, the 30×30 one achieves the best results of polar grids, but it
requires much more information to get good results, and, besides,
it is always below the Delaunay estimator.

• Finally, the Delaunay triangulation estimator is one of the best
estimators under any number of visible objects in the scenario.
We can see how Convex Hull obtains similar results to Delaunay
triangulation for few visible objects despite the fact that it is not
able to discover blocked areas. As the amount of visible objects
increases, the Delaunay triangulation is the best estimator due to
its shape adaptation capabilities.

We also have to take into account the execution cost of each algo-
rithm as it must be re-evaluated continually. For that purpose, we
also measure the estimation cost depending on the visible objects.
The results can be seen in Figure 8 (FixedDisk is omitted as it consists
of returning a constant area). We can see how all of the algorithms
proposed are feasible for small amounts of visible objects (below 10
milliseconds up to 200 objects). Besides, we can see how convex
hull based estimators are the ones whose performance degrades
the most as the number of objects increases. Finally, we want to re-
mark that the adaptability and ability to detect holes of the Delaunay
triangulation does not imply high costs in performance.

With these values inmind,wewanted to propose an adaptive algo-
rithm,whichadopts different estimators dependingon thenumberof
objectsdetected. In the followingsection,we introduce it andvalidate
its results using the 200 scenarios reserved for the validation dataset.
7We did the experiments with α up to 0.9, but the differences were not informative
for comparison purposes.

Figure 8: Performance for the coverage area estimation
algorithms being evaluated.

5.1.2 ValidationExperiments. Apart fromstudying the feasibility
of our proposal, we wanted to see whether we could avoid choosing
a particular algorithm and using it in an isolated way. For that, we
adopted a hybrid strategy which selects automatically the estimator
that is expected towork the best for a particular number of visible ob-
jects according to the results obtained in the test experiments. In Ta-
ble 2, we can see the different selections of our combined algorithm8.

Table 2: Combination algorithm.

Visible objects Chosen algorithm
0-15 AdapDisk
16-149 CH 0 (16-59), CH 0.3 (60-149)

150-1,000 Triangulation

The results obtained in the validation scenarios by our combined
proposal can be seen in Figure 9.We can see how themixed approach
adopts the best algorithm in terms of F-measure, and behaves always
better than the assumption of a disk with a fixed radius.

Due to space restrictions, we cannot include the execution times
for these scenarios, but referring again to Figure 8 and taking into ac-
count that is a combination of the different estimators shown,we can
see how themixed algorithm is also feasible in terms of performance
(note thatwe are showing the execution times that have into account
uncertainty in the locations, which could be further adjusted).

5.2 Real scenario
Apart from the synthetic scenarios, we have also used a real dataset
of the signal strength of the GoogleWiFi measured in a 12 km2 zone
in Mountain View, one of the datasets used in [13]9. This dataset
is composed of approximately 75,000 wardriving measurements of
the signal strength corresponding to 168 WiFi access points. The
dataset contains the GPS coordinates of a location, an identifier of
an access point that covers such a location, and the signal strength
measured in decibels. There are about 20,000 different locations in

8For the sake of simplicity, algorithms CH 0.1 and CH 0.2 have been not used as their
differences with CH 0 are neglectable (e.g., thousandths of F-measure), according to
our results.
9Wewant to thank the authors for making it available to us.
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Figure 9:Accuracy of our combined algorithm.Detailed view
on up to 100 objects.

the dataset. As the authors did in [13], if there exists several mea-
surements for a location and access point, we consider the median
of such measurements as a single location.

Figure 10: Measurements of the GoogleWiFi (black points)
andWiFi access points (red circles).

As it can be seen in Figure 10, the distribution of the measure-
ments is not uniform, since they were captured along the roads. In
this context, we validate our algorithms predicting the real coverage
area of an access point as follows: 1) for a particular access point, we
consider that a location in the dataset is inside its real coverage area
if the signal strength for such location is above a threshold, whichwe
set at 25db as in [13]; 2) we consider that a location in the dataset is
not inside the real coverage area of an access point if the location has
a signal strength below the threshold, or the location has not a mea-
surement for suchaccesspoint; 3)weestimate the coverage areaof an
access point by means of our algorithms, using only a few locations
that are inside the real coverage area; 4) once we get the estimated
coverage area, we calculate the precision of the estimation as the
numberofwell predicted locations, i.e., locations inside theestimated
coverage area that are also in the real coverage area, divided by the

number of locations in the real coverage area; and 5) we calculate the
recall of the estimated coverage area as the number of well predicted
locations divided by the total number of locations in the dataset
that are inside the estimated coverage area. With these two values,
precision and recall, we calculate the F-measure of the estimation.
In order to get densely populated real coverage areas of access

points to validate our algorithms,weonly consider in our tests access
points with more than 400 measured locations, which results in 28
access points out from 168 possible ones. The algorithms estimate 10
times the real coverage area using from 3 to 200 random locations
that are inside the real coverage area of each access point (that is, we
make 10 tests using 3 random locations, another 10 tests using 4 ran-
dom locations, and so on). The precision and recall of the estimation
is the mean of the 10 tests.

Figure 11: Accuracy for GoogleWiFi scenario.

In Figure 11, it can be observed the F-measure of the algorithms:
• In this dataset, the Delaunay triangulation estimator has the best
behaviorwith only 15 locations, obtaining a F-measure close to 0.6
when 15 locations are used to estimate the coverage, which rises
up to 0.76 when 200 locations are used.

• When there is almost no information (3-4 used locations), the best
algorithm is AdapDisk, like in the synthetic scenarios.

• From 5 to 14 used locations, the convex hull algorithms have the
best performance with very similar results for values of α equal
to 0.0, 0.1, 0.2 and 0.3. Due to the bias in the measured locations,
the mixed algorithm obtained previously has worse performance.
In fact, these results do not contradict our proposal of the mixed

algorithm.We advocate using our proposed mixed algorithmwhen
any information about the possible positions of the objects is com-
pletely unknown; as we have seen, it should be adapted for scenarios
where more information is available (e.g., road networks), where the
results of the different approaches might vary. For example, accord-
ing to these results, the Delaunay triangulation method is favored in
road networks as the data distribution allows it to capture better the
coverage area with less data. Possible optimizations when further
information is available are left currently as future work.

6 RELATEDWORK
Theproblemof covering an area has been a subject of thorough study
and research in the area of Mobile Ad hoc Networks (MANETs), and
more specifically when it comes to deal withWireless Sensor Net-
works [18]. However, their focus is usually on how to deploy the
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different sensing nodes to cover completely (and provide different
redundancy levels) adopting predefined communication and sensing
ranges (e.g., [1, 14]).
Closer to our work, authors in [7] estimate the coverage area for

IEEE 802.11 compliant wireless LANs. In this paper, a method based
on convex hull properties is used to estimate the maximum radius
of a base station by means of the location information sent by a set
of mobile devices in scenarios where there are no obstacles, which
makes it not applicable to our scenario. In [13], the authors give a
physical model to predict the signal strength of a location from an
WiFi access point, and so, by means of an algorithm that sectorizes
the coverage area of the access point, decide if a location is in the real
coverage area. The physical model is deduced with the help of a map
where different features of the terrain are accessed to determine how
the signal is propagated. They require a previous training for the
physical model, and afterwards, they are bound to the use of maps;
while we are dealing with a completely agnostic situation.

Furthermore, the main and broad assumption regarding single
node coverage is that the communication range follows the disk
model [10, 11]. In this model, a sensor covers completely the sur-
rounding areawithin a range of a given radius (which is a function of
the power emission). More sophisticated approaches add a statistical
component to thismodel, using aGaussian component [17] or adopt-
ing the Elfes sensing model [8]. However, in the end, they adopt a
priori assumption on the coverage, without considering obstacles
in the scenario.
As far as we know, no other approach has been proposed yet to

estimate the actual coverage area just by taking into account the
location of detected objects, considering the existence of (static or
moving) obstacles, and in an accurate and efficient way that can be
reevaluated continually, overcoming the limitations of assuming a
disk with a fixed radius.

7 CONCLUSIONS AND FUTUREWORK
Asmoving object trajectories andmap information could be unavail-
able, in this work we have focused on the problem of estimating the
real coverage area of a wireless device using only the location of
the detected objects. We aimed at providing location-based services
with a better accuracy than assuming that such an area is a disk of
a fixed radius around such a device. In particular:
• We have formalized and presented four different approaches that
estimate the coverage area of an object.

• Such algorithms have been evaluated in many different synthe-
sized scenarios (with different obstacles and object populations),
and a real scenario to compare their accuracy and performance.

• We finally propose a combined algorithm that adapts itself, de-
pending on the number of detected objects, and always behaves
better than assuming a disk with a fixed radius.
As future work we plan to use and evaluate the proposed estima-

tion methods using a location-dependent query processor whose
goal is to retrieve data related to a certain geographical area, in both

synthesized and real scenarios. Finally, we also plan to improve the
different estimation methods by considering extra information from
the context, as the available locations of the objects in two or more
hops, or using temporal records of the detected objects, which could
help to improve the coverage area estimation.
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