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Abstract—We present a low-complexity, accurate and robust  In fact, even the WLS algorithm can become prohibitively
localization algorithm suitable for large scale Wireless Sensor complex when the location of a large number of sensors
Networks (WSNSs). The algorithm is a clusterized version of is to be estimated from an even larger number of ranging

the Weighted Least-Squares (WLS) localization technique which .
we recently introduced in [1]. The WLS algorithm is a low- measurements. Indeed,if and»n denote the number of nodes

complexity localization technique that owes its high-accuracy to and the dimension of the Euclidean space, respectively, then
the ability to complete and approximate the Euclidean Distance the order of the complexity is estimated to ¢ N7)3, when
Matrix (EDM) samples constructed from incomplete and error- 3 | evenberg-Marquardt algortihm [7], specially designed for
disturbed ranging information collected from the sensors. The nonlinear Least Squares problems, is used. Due to the reasons
performance of this algorithm is, however, known to decrease . A L

sharply [1] when the completeness is not sufficient to ensure outlined above, clustgrlzatlon is |m_perat|ve in order to.further
the uniqueness of the network (Graph) realization [2] The reduce the Computatlona| Comp|eXIty of the WLS algo”thm to
clusterization procedure is based on recent Graph-theoretical the level required for coping with large-scale WSNs.

results [3] showing that the elements of the second smallest |n so doing, however, it is desirable not to cause deterio-
eigenvector of the Laplacian matrix of a Graph are strongly a4ion on the accuracy of the localization algorithms. Adding
correlated with the proximity of its vertices. This Graph- - . - .
spectrum analytical tool is utilized here to separate the network to these conflicting requirements _for low complexity and_ h'g_h
into sub-groups that satisfy the completeness constraints of the accuracy are further challenges inherent to the clusterization
WLS technique. The resulting clusterization procedure, which technique in itself. Specifically, it is desirable that the cluster-
relies solely on connectivity information, allows the WLS to jzation procedure be independent of error-perturbed quantities
be applied into smaller parts of the network, each exhibiting ¢,ch a5 ranging and sensor location estimates, so as to prevent

a prescribed completeness level, leading simultaneously to ath inducti f in the | lizati lgorith d vi
significant improvement in accuracy and to a reduction in the € Induction ot errors In the localization algorithm and vice-

computational demand of the WLS optimization. versa.
In this work, we present a clusterized version of the WLS
|. INTRODUCTION sensor localization algorithm that satisfies the latter require-

ment in which it relies solely on connectivity information. The

Large-scale Wireless Sensor Networks (WNSs) are typicaiyusterization technique is based on recent Graph-theoretical
composed by power-limited, unevenly spread, low-cost dgesults [3] which establish the relationship between the el-
vices. The localization problem in such WSNs is challenged ynents of the second smallest eigenvector of the Laplacian
two conflicting conditions, namely, the requirement for lowmatrix of a Graph and the proximity of its vertices. This
complexity techniques and the frequent occurrence of err@saph-spectrum analytical tool is utilized here to separate the
and erasures on ranging measurements. network into sub-groups, hereafter referred tachssters that

In [4], a solution for the source localization problem fronsatisfy the completeness constraints of the WLS technique.
imperfect and incomplete ranging was presented, which maderhe remainder of the paper is structured as follows. In sec-
use of the Semi-definite Programing-based Eucildean Distanigm Il, terminology and mathematical notations, used through-
Matrix completion technique proposed in [5]. Later, we ineut the paper, are defined. In section Il the proposed algorithm
troduced a low-complexity alternative to that technique [ljs described in detail. The performance of the technique is
where the EDM completion/approximation problem was restudied in section IV and a conclusion is given in section V.
formulated as a Weighted Least-Squares optimization, which
benefits from closed-form gradient and Hessian functions
similar to those derived in [6] to provide for highly accurate We begin with some notations. Let a network be represented
localization at low computational costs. by a weighted grapléz,, ~(V, E, W), with the verticesV =

While both the WLS and the SDP-based localization afw,...,vy} defined in the Euclidean space of dimensign
gorithms are effective in mitigating the incompleteness ofith edgese;; € E and weightsw;; € W where the subscript
EDM samples, both these techniques are ultimately limitég indicates the link between the verticésand j. Edges
by the conditions for the unique realization of the Graprepresent communication links, while weights correspond to
corresponding to the network [2]. the squared Euclidean distance between devices.

II. PRELIMINARIES



The matrix containing the measured distances will be r&s based on graph-spectra analysis. In particular, we exploit a
ferred to as &uclidean Distance MatriXEDM) sample, and well known property of the spectrum of the Laplacian matrix
will be denoted byD. As defined in [4], a sampld is of the graph associated with a meshed network, which estab-
said to be arimperfectandincompleteEDM. Let the matrix lishes a correlation between the eigenspace and the structural
X € RY¥*7 be a realization of the graph where titb-row property of the graph [9].
vector indicates the coordinates of tith-node.

Let C be the binary-valued adjacent matrix of the graph Topology Example
Gy.N(V,E, W), with ¢;; = 1 and ¢;; = 0 indicating the  sof ‘ ‘ ‘ 3]
existence and the non-existence of a link betwegandv;. sl g s |
Hereafter, the matrixC will be referred to as theonnectivity N /
matrix. The connectivity of a network will be measured in “f 3 7 ]
terms of itscompletenesswhich is defined as: sl 1 i
[ )
A @307 f
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We shall also make use of the notion of Laplacian matri¥; 2o vy 1
L of the graphG,, v (V, E,W), which is defined as, 5.0 y 6 O |
>
L=M-C, @ .l . |
20 2
whereM is a diagonal matrix whoseth diagonal elementy;; Al » © L : i
is equal to the number of connections'per corresponding node,07 1.61.2 ©
hereafter referred to asode-degregwhich can be computed  °; m > P m = p = 0
directly from C using x—axis (in meters)
. Fig. 1. Example of a network with 20 nodes, located within a squared area
M = diag[1,---,1] - C). (3)  of 100 x 100 meters.

While the focus of this work is on robust clusterization  Second Lower HE genvector of the Laplacian Matrix
methods, the general localization problem underlining the
discussion, is formulated as a non linear weighted least square
optimization [1]:

(DY o (A(D) - @ -1

: 01r-
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where {D} denotes a set of EDM sampled, is a function
that aggregates the multiple samplgsis a weighting function
that returns a confidence measure of the aggregated dista
estimates and, finallyD is a function that gives the EDM

onent Magni t ude
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associated to a coordinate mati g 02
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[1l. CLUSTERIZEDWLS ALGORITHM ~ osl , |
A. Spectral Analytical Cluster Identification
In general, a cluster identification problem is a classification -o4; L . L P T P S—
problem in which similar objects are grouped or, more pre- I ndex

cisely, in which a complete data set is partitioned into subsetg. 2. Sorted components of ti¥ad smaller eigenvector of the Laplacian
(clusters), so that the data in each subset share some comf#fx for the graph in 1.
trait, such as proximity, as defined by some metric. In our It was recently shown [3] that clusters in a given Graph can
context of localization for WSNSs, a cluster can be defindae identified by sorting the elements of the second smallest
as a group of nodes sufficiently connected (meshed) to ogigenvector the Laplacian matixagainst the vertices (nodes)
another. indexes. In this method, the nodes forming a cluster are as-
This differs somewhat from classical clusterization protsociated with the elements of the second smallest eigenvector
lems [8], which often involve Euclidean metrics, such akaving similar magnitudes.
the Euclidean distance. Indeed, since distance measuremen#ss an example, consider a network wizh nodes, cluster-
available in WSNs localization applications are affected hiyed into two groups ofi0 nodes each, which can be easily
errors, classic clusterization algorithms may not be effectivédentified visually, as shown in figure 1. The figure shows
Therefore, the clusterization method here considered is inddso the connections amongst nodes, from with a connectivity
pendent on the noise-effected distance estimates and, insteaatrix C is constructed, and the node-degrees of each sensor,



from which a diagonal node-degréd is built. From C and Notice, however, that the clusters (nodes) associated with
M, the Laplacian matri. can then be computed. the connectivity matricezﬂgk“) and Cng) do not share

Consider the elements of the second smallest eigenvectoany common nodes. This prevents the WLS solutions obtained
b of L. Each elemeng; is related to one and only one sensobased on the corresponding set of distance estimates to be
v; in the network. Figure 2 shows a plot éf, sorted by merged back together.

magnitude and labeled by corresponding node indexes. We add also the constraint that such a division occurs only
Notice how the two clusters seen in figure 1 can be cleaiifyeach sub-cluster includes a minimum number of nodgs .

identified in figure 2, due to the large gap betwegn with Notice, however, that localization algorithms relying on

low (negative) and high (positive) magnitudes. ranging information can only estimate node locations up to,

From this exemplary result, the power and the simplicity qfe., rotations, translations, reflections and scaling. After the
the spectral-analytical cluster identification technique of [3Jodes in each cluster has been estimated using the WLS
can be appreciated. Notice, however, that the method offeligorithm, the different clusters must be re-connected. To this
little clue as to the connectivity between nodes belonging &nd, an overlap between adjacent clusters in added and the
different clusters. For example, the nodesand 11 appear Procrustes transformation [10] is applied using such common
adjacently in figure 2, but are in fact not directly connected ifodes as “pseudo-anchors”.
one another, as can be seen from figure 1. The selection of the pseudo-anchors is not trivial. Firstly,
B. Hierarchical Clusterization Method the general behavior of any localization algorithm indicates

The s i . . e : érTe quality of the node location estimate degrades at those

pectral-analytical cluster identification technique of [ .
odes with lower node-degree and moreover at those nodes

can be iterated so as to yield a hierarchical, multi-level cIuF- . .
o . . ocated at perimetrical border of the network. Secondly, a more
terization map of an entire network, as follows. Starting from

the graphg, the connectivity matrixC(®), the corresponding challenging condition to be required is that the pseudo-anchors
T : ' : have to ensure the uniqueness realization of the graph [2] after
Laplacian matrixL(*), and its second smallest elgenvectorrn rain
b(k) are computed, where the superscript indicates the levep 99 . .
of the hierarchical tree. For simplicity, we use a more practical gr!ter|a to select the
The vectorb® is then partitioned int@® complementary pseudo anchors, which verifies that a partition can occur only
arts[{b(k)} {b(k)}] accordingly to the following criteria: if each new sub-clusters have nodes connected with at least
P o gy 9 ' 1+ 1 links to the other subcluster and the union of such sets
(P} = (B pM) < 4B+ consists ofl nodes at least.
{b(.k)} = b*)\ {b(.k)} (4) Finally, after each cluster is localized independently and
I _ ! ~adjacent clusters are reconnected via Procrustes, the recon-
where - \ - denotes set-difference and the threshol is nected clusters are then brought into an absolute orientation

given by using the Procrustes transformation computed wlithanchor
" 0 if 3b, < 0and b, > 0: nodes located in the network. o
T =9 max(b®)4min(b®) . (5) In general, the procrustes transformation is performed as
5 if b, <0,0rb. >0Vr. follows:
Once the eigenvector is partitioned the two sub-gra@ghs Xpa=a-Y-Z+c ® e[(n) 1 (9)

and Go are uniquely identified by their connectivity matrix )
C§k+1) and C(2k-+1), which are obtained from the originaIWhere the scalaw, the n-by-n matrix Z and the 1-by-n

connectivity matrixC*) as follows: vector ¢ are the coefficients of this transformatioA. is a
(kt1) o subscript that indicates the anchors (or pseudo-anchors when
Cy = CW({i}, {i}), (6)  two subclusters needs to be merge¥)is the number of nodes
Cg’”l) = CHE {5}, D). (7) andY is the location estimated to be transformed.

. . Summarizing the clusterized WLS localization algorithm is
Once the network has been clusterized, the WLS algorltlgge% formed as follows:

[1] can be applied to each cluster independently. The increa:
completeness of each cluster and the reduced size of the s
graph results into a lower complexity optimization and a highly
accurate estimation of the corresponding nodes.

Let us assume, for instance, that the initial network can bg’)
partitioned intoQ clusters, each witlV, nodes. The optimiza-
tion of theg — th cluster will requireO(N, - n)® operations.
Therefore, the complexity reduction for the localization of all
nodes in such a network is proportional to

) Consider a network and model it with a gragh
2) Compute the completeness of the graph and the number
of nodes.
If the completeness is lower than a given threshold OR
the number of nodes is larger than a given value, then
continue to split the graph, otherwise go to 8.
4) Compute the 2nd lower eigenvector of the spectrum of

considered graph and sort it with respect to the magni-

tude.
f: O(N, - ) 5) Use the partitioning criteria to detect two sub-clusters.
q=1 ! 6) If the number of nodes per subcluster is larger than the

8=

O(N -n)3 ®) minimum required, then compute the intersection nodes,



; _ ; i Overl appi ng and Connectivity in a Typical Network
otherwise re-connect the subclusters into the original and 5 Anchors, 40 Nodes

go to 8. 30
7) Consider one subcluster at time and go to 2.
8) Store the discovered minimal cluster and check that all .
the subclusters has been analyzed.
9) If all the subclusters are minimal, then apply the WLS
localization technique at each one.
10) Start merging by procrustes transformation the subclus—
ters accordingly to their hierarchical generation. B
11) Apply the final procrustes transformation on the overalf |
network by using the knowledge of the true position of; O Nodes
O Nodes in Cluster 1 E

few nodes. (9/@ @ « Nodes in duster 2

20 m,,

] Anchor s

IV. SIMULATION RESULTS 51 O ]

To show the performance of the proposed clusterized WLS
algorithm, we consider a typicaD-network, which represents 0 © o 4 © ‘ o 0 | ©
a small warehouse of siZ# x 30 meters. The area includes © 5 1o (in Tﬁiters) 20 25 30
4 sub-areas of sizé x 9 meters located at the corner of the
warehouse. In each sub-ardatarget nodes (T) are randomlyFig. 3. Typical network with 5 anchors and 40 nodes. The connectivity is
distributed, while in the interspace amongst thémanchor shown only forl cluster.
nodes (A) are positioned forming a cross. It assumed that the Loca"th/'fnncgggcx(‘fm'jgg Ne““’o;k_l 5
radio connectivity for each node is limited up & meters 30 ; © ;
and the measurable distances are affected by error, generated %
from a Gamma distribution [11] witf) mean and standard %3 BP0 ® *

&

.. 25
deviationo.
© + % %

In figure 3, the clusterization of the network is illustrated.
Two clusters are highlighted, and only for one the connectivity 20 T ]
is shown, and it is verified that the algorithm found a group
of node that are highly meshed. The figure also shows tFa”,e15< P
overlapping between the considered clusters, which has b%n O True Locations
imposed during the clusterization identification. ; + Estimates (Clusterized)

Another qualitative result is shown in figuR? where we ~ *°f b x_Estimates (Non-Clusterized) 1
can appreciate the performance of the localization algorithm. Se¥xh % ®+ @ é}
The clusterized WLS performs as good as the no-clusterized, 5 »* x* ¥ i
with the further advantage of a lower complexity. It is also + 4 %
interesting to denote that the selection of those pseudo—anchor% o ‘ + e S
did not introduce a drastic error propagation, so that the final © 5 0 i melérs) 20 25 30
result does not degrade too much.

A second analysis is performed with respect to the neiseFig. 4. Typical network with 5 anchors and 40 nodes. Clusterized and non-
and two metric are used to evaluate the performance.  clusterized WLS are compared.

The first one, shown in figure 5, concerns the local error
introduced at each cluster and it is evaluated by comparing the
error between the reconstructed partial EDM and the parti
true EDMD = D(X). In other words, such a metric is definecfg
as follows:

chors amongst nodes that are estimates allows an error
ropagation. Indeed, such an effect is shown in figure 6 where

| L the previous local solutions are merged together. The metric
=7 Z(dl — 31)2, (10) used is the Root-Measn-Square-Error (RMSE), given by
1
whereL is the overall number of links in all the clusters ahd N

[X]ut: (v e [ X@DuL: (v-ay < ’F/VN_Av (11)

C(Q):

is the Euclidean distance computed from the node estimates.
The result, illustrated in 5, indicates that the clusterized
WLS has a tiny better performance than the other algorithm
at a local level. This is due to the high completeness of eachThe result, illustrated in 6, indicates that the error propaga-
cluster which allows to achieve lower error as shown in [1]tion has, indeed, deteriorated the performance of the cluster-
The second metric, instead, evaluates the error after taed WLS but, nevertheless, the a good trade-off with between
merging procedure. It is foreseen that the selection of pseugdomplexity and accuracy is met.



EDM Reconstruction Comparison
5 Anchors, 40 Nodes, size30x30m

The main problem of the proposed algorithm, as discussed
in the work, concerns the merging procedure, since it needs
to be performed over nodes that are estimated. In order to
mitigate the error propagation, further studies in graph rigidity

! —>— N‘o—CIusterized WLS
—O- Clusterized WLS
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Fig. 5. Comparison between the clusterized and no-clusterized WLS with
respect to error over the EDM.
RMSE Comparison (6]
40 Nodess, size30x30m
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Fig. 6. Comparison between the clusterized and no-clusterized WLS with
respect to rmse.

V. COMMENTS AND CONCLUSIONS

An efficient and robust clusterized WLS localization al-
gorithm for large scale WSNs is presented in this work. It
is based on a cluster identification method, localized WLS
optimization and sequential merging.

The cluster identification method is based on recent results
on Graph-spectrum theory and it only relies on the connec-
tivity information. In the context of localization for WSNs,
such a property allows to the cluster identifications without the
influence of the error in the distance measurement. Since only
the connectivity is required, the cluster identification method
can be performed before a priori and it can be used to find a
logic position of the device, such as: close to anchor A, in the
room X, etc.

need to be carried out.
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