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Abstract: Localization is one of the fundamental problems in wireless sensor networks (WSNs), since locations of the
sensor nodes are critical to both network operations and most application level tasks. Although the GPS based localization
schemes can be used to determine node locations within a few meters, the cost of GPS devices and non-availability of GPS
signals in confined environments prevent their use in large scale sensor networks. There exists an extensive body of research
that aims at obtaining locations as well as spatial relations of nodes in WSNs without requiring specialized hardware and/or
employing only a limited number of anchors that are aware of their own locations. In this paper, we present a comprehensive
survey on sensor localization in WSNs covering motivations, problem formulations, solution approaches and performance
summary. Future research issues will also be discussed.
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1 Introduction
Wireless sensor networks (WSNs) have numerous appli-

cations that include object tracking, traffic monitoring, habi-
tat monitoring, measuring radiation levels from nuclear re-
actors, detecting seismic activities, navigating ships, and so
on. Recently, researchers have also started exploring smart
applications in the domain of pervasive computing by lever-
aging embedded processing with WSNs. In all these appli-
cations, sensor node locations are critical not only to the
application’s goals but also to the operations of WSNs.

In this paper, we attempt to present a comprehensive sur-
vey on the state-of-the-art research concerning localization
of nodes in WSNs from motivations to solutions. Our fo-
cus, therefore, is on WSNs that apply protocols and algo-
rithms with the underlying assumption that node locations
are known. We motivate the readers by identifying the ba-
sic problems in deployment, data gathering, and optimal re-
source usages; and thereby examine how localization be-
comes critical to the applications of WSNs.

An important problem in the deployment of WSNs is the
coverage. A coverage model of sensor nodes would depend
on the distance between the point of interest and the clos-
est node. Therefore, locations of sensor nodes constitute the
basic input for the algorithms that examine coverage of the
network [1].

Location-based routing (LR) protocols are based on the
location information of sensor nodes. The advantages of LR
protocols include better scalability and less overhead caused
by dynamic changes in topology [2]. Moreover, location-
aided routing (LAR) utlizes location information to obtain
a much smaller request zone than the potential searching
area for routing paths. A recent study [3] indicates that even
with the help of a simple anchor-free localization algorithm,
the LAR protocol performs as competitively as the short-

est path routing algorithm under ideal assumptions. Besides,
geographic addressing uses the physical locations of nodes
as global references to facilitate identification and commu-
nication within a network.

Beyond the networking protocols, most applications in-
volving WSNs use location information to interpret the
meaning of sensory data from different regions. For in-
stance, location information constitutes an essential ingre-
dient for reasoning about contexts [4], especially in smart
environments.

There exist well organized surveys on sensor localization
in the literature [5∼7]. Most of these works report either
early results on sensor localization, or on location methods
having origins in cellular networks or robotics. The focus of
this paper is an up-to-date comprehensive survey on local-
ization of sensor nodes in a WSN. Unless stated otherwise,
throughout the paper the term “localization” will mean sen-
sor localization.

The paper has been organized into six sections. Section 2
gives a taxonomy of localization schemes and formulates
the localization problem in multiple ways. Section 3 deals
with the algorithmic frameworks behind some of these so-
lution approaches. Section 4 provides a performance com-
parison on the efficacies of these localization schemes in
terms of their accuracies and costs. Section 5 briefly dis-
cusses open issues and future research directions. Finally,
Section 6 concludes the paper.

2 Taxonomy overview and problem formula-
tion

The problem of sensor localization is to determine the lo-
cation information of all or a subset of sensor nodes, given
the measurements of pairwise spatial relationships between
the nodes. Here, location information means any form of
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location indicator such as exact location, the deployment
region or the location distribution, while the measurements
on spatial relationship could be on the proximity (nearness),

the distance or the angle between nodes. A taxonomy of the
sensor localization problem is shown in Fig.1 according to
various combinations of inputs and objectives.

Fig. 1 Problem overview.

The nodes that are aware of their own locations are either
placed at fixed points or equipped with global positioning
system (GPS) devices. They serve as references to the other
nodes that are to be localized. In order to eliminate the in-
herent problem of low accuracy in proximity based localiza-
tion, additional measurements on distance, angle or both are
used. Distance measurements can be obtained by utilizing
the received signal strength indicator (RSSI), time of arrival
(TOA), time difference of arrival (TDOA), etc., while angle
measurements rely on compasses or special antennas [8].

In the absence of reference nodes, localization methods
focus on forming a map of nodes with respect to a stand-
alone coordinate system [9]. Knowing relative locations is
sufficient for certain applications. However, given the abso-
lute locations for a subset of nodes, relative locations can be
transformed into absolute ones.

The use of mobile reference nodes in localization is ad-
vantageous, because it provides additional measurements on
spatial relationships along their corresponding trajectories.
However, a mobile reference node, with relatively more re-
sources than an ordinary sensor node, is expensive. There-
fore, only a small number of mobile reference nodes can
realistically be used for localization. Yet mobile assisted
localization exhibits significant improvement over localiza-
tion methods employing static reference nodes [10].

Despite of range uncertainties and randomness in move-
ments of nodes, probabilistic methods manage to produce
good localization results on the distribution of the coordi-
nates or the probability of the presence of the nodes in cer-
tain regions [11].

Localization schemes can also be characterized by a set
of feature pairs. The schemes differ from one another in the
way the inputs are collected. The nodes could be static or
mobile, deployed indoor or outdoor, in a 2-D or a 3-D space.
Location measurements may or may not require additional
hardware. The use of additional hardware in a node should
be avoided, as it not only raises the cost, but increases both
form factor and operational resource requirements.

Another way to classify a localization process could be
on-demand or periodic. A sensor node may take an active
role in determining its locations, or it may wait for computa-
tion of location information by other devices. Furthermore,
a localization process may be centralized or distributed ac-
cording to the nature of the underlying algorithm.

Finally, the objectives of a localization process varies
from absolute to relative locations. Relative locations,
which involve virtual coordinates, are adequate for certain
applications. Depending on the application’s requirements,
either coarse- or fine-grain location information may also
suffice.
2.1 Localization problems

We categorize the localization problems into three
groups: proximity-based localization, range-based localiza-
tion, and angle-based localization.
2.1.1 Proximity-based localization

The proximity based localization problem can be formu-
lated in terms of a graph model. A WSN is represented as
a graph G(V, E). A subset of nodes, H ⊂ V , are aware of
their own locations (p1, p2, · · · , pm). The proximity mea-
surements are typically interpreted using two models: i) the
adjacency matrix, and ii) the distance matrix. The goal is to
estimate the locations (s1, s2, · · · , sn−m) of the remaining
set of nodes V -H . An example of sensor localization with
proximity information is shown in Fig.2. Different sensors
may have different number of reference nodes in their prox-
imity. The accuracy of location estimations increases as a
function of the number of reference nodes in the neighbor-
hood.

Fig. 2 Example of sensor localization with proximity information.

2.1.2 Range-based localization

The ability to measure the range of wireless signal trans-
missions is the key to range-based schemes. The pre-
requisite of range-based methods is to understand different
ranging techniques such as RSSI, TOA and TDOA.

Since the nodes are equipped with radios to perform com-
munications, the distance estimation based on received sig-
nal strength has attracted enough attention. However, RSSI
based range measurements suffer from noise and link relia-
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bility. Efforts were expended to obtain the mapping between
RSSI measurements and the associated distances to capture
the impact of multipath fading and environmental variations
on RSSI measurements in the indoor space [12]. Probabilis-
tic model of RSSI range measurements was also introduced
to address the uncertainties and irregularities of the radio
communication patterns. For instance, a log-normal model
was adopted in [13], which assumes that a particular RSSI
value can be mapped to a log-normal distribution of the dis-
tance between the two nodes, as in equation (1).

RSSI −→ log d ∼ N(μ, σ), (1)
where d is the distance between the nodes, and N(μ, σ) is a
normal distribution with mean μ and standard deviation σ.

Another common method for range measurement is
based on the time difference of arrivals (TDOA). The signal
could be radio frequency (RF), acoustic or ultrasound. An
example of utilizing TDOA was introduced in [14], where
radio signal and ultrasound pulses were sent simultaneously.
Given the time difference of the arrivals, the distance be-
tween the sender and the receiver can be obtained by mul-
tiplying the time difference by the speed of the ultrasound
signal. Similarly, ranging techniques based on time of ar-
rival (TOA), which relies on capturing the signal’s time of
flight, obtain the distance through multiplying the time of
flight by the speed of the signal [15]. The major challenge
facing TOA based techniques is the difficulty of accurately
measuring the time of flight, since the propagation speed
could be extremely high compared to the distance to be
measured.

Although computing distances between each pair of lo-
cations is trivial, the inverse problem of finding the node
locations given the pairwise Euclidean distances is far from
trivial. The latter can be formulated as a graph realization
problem that maps the nodes in the graph to the points in
an Euclidean plane so that the Euclidean distances between
nodes equal the respective edge weights. One basic diffi-
culty in the graph realization problem is the non-rigidity of
the graph. Given a set of nodes, and Euclidean distances
between node pairs as illustrated in Fig.3(a) and (b), the lo-
cations of nodes may not be unique. An example of a rigid
graph is provided in Fig.3(c), where the nodes get uniquely
localized given the distances. More discussions on graph
rigidity and network localization can be found in [16]. The
study in [17] proved that localization with distance informa-
tion in sparse networks is NP-hard, while localization with
distances of Ω(n2) pairs of nodes can be solved in polyno-
mial time, where n is the number of nodes in the network.

Fig. 3 Graph rigidity.

2.1.3 Angle-based localization

Angle-based localization helps the localization process
with additional angle measurements. However, the cost of
applying angle measurement is remarkably high due to the

requirement of antenna array or multiple receivers on nodes.
With the help of an antenna array, it is possible for the

nodes to measure the signal’s angle of arrival (AOA) [18].
Alternatively, the angles between different edges of the con-
nectivity graph can be obtained using multiple ultrasound
receivers [19]. The angle measurement indicates either the
angles to the neighboring nodes or to a certain axis, which
provides additional support to the localization or even en-
ables the nodes to be localized solely on the angle informa-
tion [20].

The difficulty of pure angle based localization has been
studied in [21]. Fortunately, the angle information can be
combined with the knowledge of proximity. More precisely,
it is possible to transform the proximity based localization
problem from NP-hard to polynomial time complexity with
the knowledge of angle information between all pairs of
edges in the network. Therefore, the AOA technique re-
mains an attractive option for localization applications de-
spite of its cost and difficulty in deployment.

3 Solution approaches
Five different localization techniques are discussed in the

following from the standpoint of algorithmic solutions.
3.1 Localization with proximity information

The basic idea behind proximity based localization is to
approximate node locations with as much accuracy as pos-
sible without additional hardware costs.
3.1.1 Anchor-based approaches

Anchor nodes (aka reference nodes, beacon nodes, land-
marks) are either deployed at known locations or equipped
with GPS devices. They feed their locations to the localiza-
tion process which propagates these to non-anchor nodes
according to the pairwise spatial relationships either be-
tween the anchor and non-anchor nodes, or between a pair
of non-anchor nodes.

The simplest possible anchor based localization is known
as the Centroid method [22]. It approximates the location
of a node by the centroid of the anchor locations within
its proximity. The accuracy of the Centroid method relies
heavily on the density of anchors. To tackle the problem of
low anchor density, modified centroid methods have been
proposed to allow anchors residing 2-3 hops away to be in-
volved in the localization of non-anchor nodes. However,
this leads to the propagation of localization errors along
with the location information. A weighted centroid method
was introduced to reduce error propagation [23] by assign-
ing different weights to the localized nodes on the basis of
densities of anchors in their vicinities. It assists in counter-
balancing the accumulation of location errors.

To avoid accumulation of location errors in propagating
location information, the Approximate PIT (APIT) test [24]
manages to infer the location of a non-anchor node from the
region it could possibly reside in. Each non-anchor node
runs the Point in Triangle (PIT) tests to find the triangle re-
gions it resides in. However, it is hard for the non-anchor
nodes to perform the exact PIT test. The authors presented
an approximate PIT test, in which the node is only required
to be able to determine if any one of its neighbors is farther
or closer to all the three anchors that form its residing trian-
gle. For better localization accuracy, the suggested degree
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of connectivity should be greater than six.
Considering the impact of anchor nodes on the per-

formance of proximity-based localization schemes, inten-
tional deployment of anchor nodes was exploited in [25].
As shown in Fig.4, the plane is divided into location re-
gions according to overlaps between sensing areas of the
anchors. The anchor node located at p0 sends out bea-
cons of the type {A,B, C}, and the centroid of the loca-
tion regions {A1, B1, · · · , B6, C1, · · · , C6} which defines
the overlapping regions of the anchor nodes located at
{p0, p1, · · · , p6}. On receipt of beacons from multiple an-
chors, a non-anchor node extracts the overlapping regions
of the anchors and estimates the centroid of the overlap-
ping regions as its own location. Unlike the Centroid and
the APIT schemes, the cell overlapping approach does not
accumulate errors in propagating the locations of anchors,
nor request RSSI readings for determining the residing re-
gions.

Fig. 4 Deployment of anchors.
To deal with low density of anchors, Gradient [26] and

DV-hop [27] methods localize the nodes with the help of
the radio range in addition to the proximity measurement.
The Gradient method estimates the distance between a pair
of anchor and non-anchor nodes by multiplying the hop
count of the non-anchor node with the radio range. After
approximating the distances to at least three anchors, a non-
anchor node applies multilateration to find its own location.
In contrast, the DV-hop method computes the average hop
distance as anchors exchange their locations and the pair-
wise hop counts. DV-hop also applies triangulation to local-
ize the non-anchor nodes after obtaining their distances to
the anchors.
3.1.2 Anchor-free approaches

The objective of anchor-free approaches is to find the
relative locations of nodes from a set of geometric con-
straints extracted from proximity measurements. Mullti-
dimensional scaling (MDS) has been adopted for local-
ization to obtain the approximates on the coordinates of
the nodes given the proximity measurements and the radio
range. As explained in MDS-MAP [28], the MDS based ap-
proach includes three steps. The first step is to form the dis-
tance matrix with distances between all pairs of nodes in
the network. In the absence of anchors, the distance is ob-
tained by multiplying the hop count with the radio range.
In the second step, Singular Vector Decomposition (SVD)
is performed to get an initial relative map of the nodes on
the plane. The last step performs the necessary flip, rota-
tion and scaling according to the distances between anchors
whenever applicable. Otherwise, the relative map would be
the result of SVD. The time complexities of the first two

steps are O(n3), where n is the number of nodes in the net-
work, while the complexity of the last step depends on the
network topology.
3.2 Localization with range information

The range based localization may or may not require an-
chor nodes as described below.
3.2.1 Anchor-based approaches

Multilateration can be applied to obtain exact coordinates
of a non-anchor node, given at least three anchors in the
non-anchor node’s proximity and the pairwise range mea-
surements between an anchor and the non-anchor node.
For instance, suppose coordinates of m anchors are avail-
able, and that the distances between nodes can be obtained
through ranging techniques. Let dij denote the distance
measurement between the ith anchor and the jth non-anchor
node. The multilateration problem concerning localization
is then formulated as follows:

dij =
√

(xi − xj)2 + (yi − yj)2. (2)

The estimation error, Ej , of the jth non-anchor node is
given by

Ej =
m∑

i=1

(dij − d̂ij)2, (3)

where d̂ij is the estimated distance obtained by substituting
the coordinates of the jth node with the estimated coordi-
nates in equation (2). Gradient descent can be applied to
obtain the coordinates of the jth node achieving the least
squared error.

Low density of anchors poses a challenge to the multi-
lateration approach. In order to apply multilateration, DV-
distance [9] follows the approach similar to DV-hop [27].
The distances of each hop are summed up to approximate
the distance between a non-anchor node and an anchor node
that is multiple hops away. The approximated distance is
then used in the localization process. One possible variation
could be to use the Euclidean distance instead of the multi-
hop distance. The Euclidean distance can be computed from
geometric relationships and the single hop distances. An
example of multihop localization is demonstrated in Fig.5.
According to DV-distance, the distance between the non-
anchor node A and the anchor node C can be approximated
to be dAB +dBC or dAD +dCD depending on a certain vot-
ing mechanism or other criteria. In contrast, the Euclidean
method manages to obtain the multihop distance dAC by ex-
ploiting the geometric property of the quadrilateral ABCD.
Given the set of single hop distances, the position of node A
is not unique. As shown in Fig.5, A′ leads to the same range
measurements as A. Therefore, additional neighbors and the
corresponding range measurements are needed to eliminate
the false estimation. According to the study in [29], “an
average of 11-12 degree of nodes in the ranging neighbor-
hood” is required to get 90% of the network to be localized
with a localization error of 5%.

Although the semi-definite programming (SDP) ap-
proach presented in [30] can be modified to incorporate the
range measurements in the localization process by replacing
the approximated distances with the measured distances, it
tends to produce large localization error when the anchors
are placed in the perimeter of the area. A different SDP
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problem is formulated in [31] to improve the localization
performance by relaxing the constraint from equality to in-
equality. To guarantee that the solution to the transformed
SDP is indeed the solution to the original problem, accu-
rate distance measurements of

n

2
(n + 5) pairs of nodes are

required. The computation complexity of SDP is O(n3).
Since it is expensive to apply the SDP method in the cen-
tralized localization process, a distributed SDP method was
presented accordingly to address the scalability issue.

Fig. 5 Multihop localization.
While simple MDS was proposed for localization with

proximity information, modified MDS methods were pro-
posed to localize neighboring nodes with range measure-
ments. An iterative MDS approach was presented in [32] to
deal with the absence of some pairwise distances. It differs
from the classical MDS approach by introducing weights
wij in the objective function. The weights corresponding to
the missing pair-wise range measurements are set to zero,
while the rest of weights are set to one.
3.2.2 Anchor-free approaches

With the help of a certain number of range measurements,
non-anchor nodes could get localized relative to one an-
other through multilateration. DV-coordinates discussed in
[9] exploit the above idea through a two-stage localization
scheme. During the first stage, neighboring nodes establish
a local coordinate system according to the range measure-
ments. The nodes then transform their local coordinates into
a global coordinate system in the second stage through reg-
istration with neighbors. Because of the insufficient or false
overlapping between neighboring nodes, the performance of
DV-coordinates suffers from error propagation in the second
stage.

The idea of DV-coordinates was explored further in [33].
It leads to the adoption of robust quad, which is the foun-
dation of the local coordinate system for avoiding flip am-
biguity. First, the clusters consisting of overlapping robust
quads are formed to establish the local coordinate system.
The rigidity of the robust quad guarantees that two robust
quads sharing three vertices form a rigid subgraph with five
vertices. Therefore, the rigidity of the clusters is maintained
by induction. Then, to mitigate the impact of noisy range
measurements, a threshold on the minimum angle of the ro-
bust quad was introduced. With all these efforts on reduc-
ing error propagation, the robust quad scheme significantly
reduces the location error compared with the other similar
approaches.

Triangulation, as proposed in [34], is able to set up a lo-
cal coordinate system with three nodes and their pairwise
distances. Similarly, any node can transform its locations to
the coordinate system of its neighbor with the knowledge of
the locations in the two coordinate systems and the pairwise

distances. Accordingly, the nodes in the rest of the network
can calculate their locations with respect to one particular
local coordinate system. However, the propagation of one
particular coordinate system involves high cost of collab-
oration among the nodes, which is clearly unfavorable for
energy starved WSNs.
3.3 Localization with angle information

If the nodes are enabled with AOA capability, localiza-
tion can be achieved through multilateration by transform-
ing the AOA measurements to multilateration equations. As
shown in Fig.6, anchors A, B and C are the ith triplet of an-
chor nodes in node S’s vicinity. Node S observes the angles
∠BSC and ∠ASC. Given the AOA measurements, a tri-
lateration equation can be formed according to the possible
locations of node S. As shown in equation (4), S is located

along arc
�

AB centered at (xOi
, yOi

) with radius ri.

(xS − xOi)
2 + (yS − yOi)

2 = r2
i . (4)

Upon obtaining a number of equations, the non-anchor node
can be localized through multilateration.

Regarding multihop localization based on AOA measure-
ments, the node performs induction on the orientation for its
neighbors in order to compute one non-anchor node’s orien-
tation for an anchor that is multiple hops away. Therefore,
the non-anchor nodes can be localized through multilatera-
tion after a sufficient number of equations are built.

Fig. 6 Localization with AOA.

3.4 Node mobility and localization

Mobility of sensor nodes has double impact on the local-
ization process. On one hand, the uncertainty of node move-
ments leads to increased difficulty of localization. While
on the other hand, mobile anchors provide additional mea-
surements to the mobility-assisted localization schemes.
Mobility-assisted localization relieves WSNs from the sig-
nificant cost of deploying GPS receivers and the pressure of
provisioning energy for interacting with each other in the
localization process.

Statistical approaches having capabilities to handle un-
certainty of node movements, can obviously tackle local-
ization of mobile sensor nodes. Monte Carlo localization
(MCL) method was adopted in [35] to solve the localiza-
tion problem in a mobile sensor network. The simultaneous
localization and tracking scheme based on Laplace method
(LaSLAT) [36] employs Bayesian filters to accomplish the
task of localizing mobile nodes, in which location estimates
are iteratively updated given batches of new measurements.
Extensive empirical studies have shown that LaSLAT can
tolerate noisy range measurements and achieve satisfactory
location accuracy.

A scheme exploiting the mobile anchors [10] proposed
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the localization of static sensors using one mobile anchor
equipped with GPS. As shown in Fig.7, the mobile anchor
periodically broadcasts beacon packets containing its coor-
dinates while traversing the area where static sensor nodes
are deployed. Upon receiving the beacon packets, a static
sensor determines its location relative to the anchor ac-
cording to the received signal strength (RSS) of the beacon
packet through Bayesian inference.

Fig. 7 Localization using a mobile beacon.
A novel idea proposed in [37] was to use extended

Kalman filter (EKF) instead of the non-parametric belief
model, which is a generalized form of particle filters. The
localization is assisted by a mobile robot, which is localized
simultaneously with the static nodes. Both the nodes and
the robot run EKF to update the location estimation upon
receiving RSSI information from anchors and the other lo-
calized nodes. They also broadcast the updated location es-
timations to the neighboring nodes for the next round of up-
date on the location estimation. The mobile robot is led to
the less localized area to provide more message exchanges
during its visit.

Another novel approach for localization of ground sensor
proposed in [38] relies on the use of an Unmanned Aerial
Vehicle that receives its location coordinates either from an
on-board GPS receiver or from a ground control station.
Both relative and absolute locations of the ground sensor
nodes can be accomplished by formulating a minimization
problem of the virtual potential field force which implies
least-square-errors in the results. The optimality of the lo-
cation estimates is guaranteed by the Lyapunov theory. The
proposed algorithm is able to deal with the scenarios when
the divergence of the extended Kalman Filter is caused by
the first order linearization of the non-linear system.
3.5 Probabilistic approaches

Probabilistic approaches are ideal for handling noisy
measurements in indoor localization scenarios where RSSI
measurements suffer from severe multipath effects. Two
distinct tracks are pursued in probabilistic approaches. One
relies on mappings between the RSSI measurements and the
locations, while the other manages to capture the statistical
relationship between the RSSI measurements and the dis-
tances. Both can work with off-line recording and on-line
measurements in localizing the nodes with RSSI capability.

RADAR [39] provides a method for mapping the RSSI
profile in a space. It consists of two stages. During the first
stage, RSSI values from multiple base stations (acting as
anchors) are recorded at various locations. A three-step lo-
calization process is then performed in the second stage. In
the first step, the object’s location in the signal space is rep-

resented by the sample mean of the multiple RSSI measure-
ments corresponding to the base station. In the second step,
an RSSI map of the space is generated from either the em-
pirical data or the propagation model akin to the empirical
data. In the final step, the sample mean of the RSSI values
from the base station is matched with its nearest neighbor in
the signal space.

The major difficulty of implementing RADAR comes
from the off-line recording of the RSSI from the base sta-
tions. In order to relieve the system from cumbersome off-
line preparation, a kernel based learning method was pro-
posed in [40]. The localization problem is formulated as a
pattern recognition problem with its kernel matrix being the
signal strength matrix. The method requires training data for
the learning process. However, the training data can be ob-
tained through automated signal collecting phase. The pat-
tern recognition algorithm focuses on determining the re-
gions that each node resides in. The centroid of the intersec-
tion region, which a node belongs to, is regarded as its lo-
cation. Though the localization process of the kernel-based
learning method can be performed locally, its training pro-
cess is inevitably centralized and computation extensive. A
fully distributed localization method without explicit statis-
tical model for range measurement was presented in [41].
Locations of nodes are represented by the exact locations
and the corresponding uncertainties. Each node computes
its belief on the location, which is a normalized estimate of
the posterior likelihood of the location. The node communi-
cates with neighbors on each other’s belief and updates its
location and the associated belief based on the information
from neighbors. The process iterates until certain conver-
gence criteria can be met. The fully distributed algorithm
relies on local information and message exchanges, which
invokes less communication and computation cost as com-
pared to centralized algorithms.

Model based localization can be viewed as alternative to
the map-assisted localization. Instead of deterministic re-
lationships between range measurements and location esti-
mates, model based localizations employ probabilistic mod-
els for range measurements and location estimates. For in-
stance, a method proposed in [42] is based on the prob-
abilistic model of RSS that is obtained in the calibration
phase using experimental data from an outdoor environment
without obstructions. In the subsequent localization phase,
anchor nodes and non-anchor nodes with updated estima-
tions on their locations send out beacons to the neighbors.
Upon receiving the beacon packets, the probability density
functions of the non-anchor nodes are updated accordingly.
Finally, the location of a non-anchor node is given by the
estimated coordinates with the highest probability.

There is also a reference to the use of Bayesian models
for the noisy distance measurements [43]. Before being ap-
plied in the localization process, the models are trained with
RSS measurements that are collected in an office building.
An observation on the training procedure is that the loca-
tions of the training data does not affect the localization
performance given the same sample size of training data.
This observation indicates a promising feature of using hi-
erarchical Bayesian graphical model. When gathering RSS
data for training the models, it is not necessary to collect the
location information of the RSS data.
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4 Performance comparison
This section focuses on the evaluation of localization

schemes. We compare a group of typical solutions that re-
veal the tradeoffs among different evaluation metrics.
4.1 Evaluation metrics

The three basic evaluation metrics consist of computa-
tion and communication costs, localization accuracy, and
network density.

Localization accuracy

Localization accuracy relies largely on the physical
sources of localization errors. The physical sources are rep-
resented by a wide range of noises and quantization losses
of range measurements. A summary on the range accuracy
of various ranging techniques was presented in [44]. Among
these techniques, the most attractive ones are those with low
cost and ready-to-use features like TOA or RSSI. The only
concern about these techniques is that they produce highly
noisy measurements and are over sensitive to environmental
effects.

Since range errors are inherent to WSNs employing sim-
ple and low-cost ranging hardware, it is important to deter-
mine the impact of range error on the performance of lo-
calization algorithms. According to empirical studies [45],
high node density and Gaussian noises are the two pre-
requisites for the use of the noisy disk model, which in-
troduces noise component in the popular Unit Disk range
model. It also suggests probabilistic approaches in reducing
the impact of range errors.

The Cramer-Rao lower bound (CRLB) is commonly
adopted in the error analysis of the localization schemes.
It is a lower bound on the variance of the estimator for
locations. Given the knowledge of the range distribution,
the bound on the localization error can be derived accord-
ingly [46]. Therefore, localization schemes are able to eval-
uate their performances by comparing the localization accu-
racy with the corresponding CRLB.

Computation and communication costs

As energy efficiency is critical to WSNs, it is necessary
to minimize both computation and communication costs in
any operation involving WSNs. Centralized localization al-
gorithms like the SDP or MDS-MAP demand range mea-

surements from all the nodes. This is expensive in terms of
forwarding the measurements to the processing node and
solving the high dimension matrix. Distributed algorithms,
on the other hand, require collaborations among neighbor-
ing nodes. In particular, the multihop localization faces the
tradeoff between the communication cost on propagating
the anchor locations and the degree of accuracy. The num-
ber of iterations in a localization process is apparently in the
center of the tradeoff between the energy consumption for
refinement of localization results and the degree of accuracy
achievable through refining.

Network and anchors density

The discussions on the localization algorithms suggest
that dense networks lead to better localization performance.
The anchor-based localization schemes require a high den-
sity of anchors that is essential to ensure low level of local-
ization error. However, a dense network does not necessarily
guarantee high accuracy in location estimations.
4.2 Summary of localization performances

As already discussed, existing localization solutions were
generally proposed to cater to the requirements of different
application scenarios. The difficulty of comparing their re-
sults is exacerbated by the fact that different test-beds were
built for the purpose of evaluations, at times restricted to
applications at hand. Still, we can summarize the perfor-
mance of solutions with respect to accuracy, communica-
tion/computation costs and node density.

Table 1 shows that the localization accuracy was exam-
ined on the basis of tradeoffs between accuracy, computa-
tional complexity, communication cost, deployment of an-
chors, density of non-anchors, etc. Apart from randomly
generated networks, a typical deployment of nodes is a grid
of non-anchor nodes within a particular area. The localiza-
tion accuracy is usually quantified using the average Eu-
clidean distance between the estimated locations and the ac-
tual locations normalized to the radio range or other system
parameters. For mobility-assisted localizations, the impact
of node density is not as important as for localization of
static nodes. In addition, communication/computation costs
may not be of the same importance to off-line simulations
as to real implementations.

Table 1 Performance summary of localization schemes.

Methods Accuracy Computation/Communication costs Node density

APIT [24] 40%R 10% message overhead of DV-hop 16 one-hop anchors

DV-hop [27]
30%R for isotropic topology

90%R for anisotropic topology
Number of messages exchanged: 7000 Nd=7.6 with 30% to be anchors

DV-distance [27]
15%R for isotropic topology

80%R for anisotropic topology
Number of messages exchanged: 7200 Nd=7.6 with 30% to be anchors

Euclidean [27]
10%R for isotropic topology

15%R for anisotropic topology
Number of messages exchanged: 8000 Nd=7.6 with 30% to be anchors

MDS-MAP [28] 50%R Computational complexity: O(n3)
Nd � 12.2

3 anchors at random positions

Kernel-based learning [40] 35.3%D
Worst case

Computational complexity: O(n3)

25 anchors covering
40 inches × 40 inches area

MCL [35] 20%R 50 samples from the full distribution
10 nodes in one radio range

4 anchor nodes in one radio range
RSS Model [13] 5%R O(n2 log2 n) 0.5 nodes/m2
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The table only shows typical values of the metrics, though
a series of metric values were reported in literature. For the
sake of conciseness, radio range and average node degree is
denoted by R and Nd, respectively, while D represents the
average inter-distance of anchors.

5 Open issues
Although there has been extensive research on sensor

localization, some issues still remain unresolved or unex-
plored as discussed below.

Energy consumption

Although energy consumption has been addressed in lo-
calization of WSNs, designing energy efficient localization
schemes is quite challenging. Incorporating energy efficient
design at the communication layers and all aspects of a lo-
calization algorithm for a WSN requires evolution of an ap-
propriate model for quantifying energy consumption. Obvi-
ously, this is a non-trivial task as it covers many unrelated
tasks such as localization related measurements, commu-
nication among neighbors and estimating locations, among
others.

3-Dimensional WSNs

The typical scenario for localization in WSNs is to de-
termine the locations of the nodes in a 2-D plane. How-
ever, many deployments are in a 3-D space. Therefore, it
leads to differences on both ranging results and localization
algorithms. Analysis on localization schemes focusing on
the 3-D space is of particular interest to real applications
of WSNs, especially when the difference between localiza-
tions in 2-D place and 3-D space is significant. For instance,
irregularity of the radio transmission has been investigated
in 2-D space [47], while its counterpart in 3-D space re-
mains unexplored.

Security and privacy

Security and privacy have always been major issues in
wide deployment of WSNs. On the one hand, knowing lo-
cations of nodes with good accuracy could be important to
some applications. On the other hand, revealing locations to
the applications that do not need them, may leave the WSNs
open to security and privacy attacks. For example, security
of WSNs could be very critical to operations of smart envi-
ronments. Although some research on security of localiza-
tion schemes has been recently reported [48, 49], the types
of attacks and the related countermeasures are restricted to
a few typical cases. Similarly, privacy of node locations is
not protected in most localization processes.

6 Conclusions
This paper dealt with the localization problems in WSNs.

In the literature, localization methods are normally referred
to either as range-based or range-free. However, such a
broad classification is grossly inadequate, because it re-
stricts classification to hardware requirements of the lo-
calization schemes. As discussed in this paper, we believe
a more elaborate taxonomy that also deals with the solu-
tion characteristics and application requirements would be
more appropriate. To justify the proposed line of investiga-
tion, we reviewed existing solutions, discussed the complex-
ities of using proximity information, range measurements
or both. In addition, mobility-assisted localization, localiza-

tion of mobile nodes and probabilistic approaches are also
reviewed in detail. Subsequently, a summary of qualitative
evaluation of important localization schemes is presented
on the basis of accuracy, computation/communication costs
and node density. Some open issues for further research
have been included.
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