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Constrained Localization in Sensor Networks

Mona Mahmoudi and Guillermo Sapiro

Abstract—In this note we show how to introduce physical is valid for chemical and control sensors for example. This
constraints in the localization problem in sensor networks. This physical information is very common and imposes an addi-
is based on extending the classical STRESS function from tjnna| constraint in the sensor localization problem. Although

distance geometry and multidimensional scaling. We present the . . - . . .
underlying framework and demonstrate it with three examples: multidimensional scaling has studied the constrained scenario

penalizing the sensors for being in high elevation areas, removing [1], [4], this important problem has not been part of the sensor
sensors from forbidden areas, and forcing the sensors to be on localization techniques developed in the literature. It is the

pre-described curves. goal of this paper to present a simple framework for sensor
Index Terms - Sensor localization, sensor networks, STRESS localization with physical constraints.
function, multidimensional scaling, distance geometry, physical  Next, Section I, describes the framework for sensor lo-
constraints. calization with constraints. Experimental results for particular
physical scenarios are presented in Section Ill, while conclud-
l. INTRODUCTION ing remarks are given in Section V.

Automatic sensor localization is one of the most fundamen-
tal problems in the area of sensor networks. Sensor data needs . )
to be registered to its physical location to be of use in the majorVVe now introduce the proposed framework for constrained
applications of sensor networks. For large scale and inexpé}’i’-de Iocal'lzatlon in sensor networks. Consider a network with
sive networks, it is not possible to include GPS capability off nodes in aD dimensional space (usually = 2,3). Let
every device. Therefore, automatic sensor localization based€ R, i = 1..V, be the coordinates for each one of the
on pairwise (local) information has received a lot of attentiopfNsors. We assume that we measure pairwise dissimilarities
in recent years. The basic idea is to use information suét between sensorsand; at positionsr; andz; as Euclidean
as signal strength, time-of-arrival, or angle-of-arrival, betwedlistances:
a sensor _an_d some of its local neighbors _(often denoted as 5y =l i — =z, ||= \/(xi — )T (2 — ).
pairwisedissimilaritieg, to compute the physical coordinates
of the sensors. See for example [3] for some literature onThese pairwise distances can be obtained for example via
the subject and details on the basic requirements of seneggeived signal strength or time of arrival, and are often noisy.
localization algorithms. Also, not all the pairwise distances need to be available.
Computing point (sensor) coordinates from pairwise dis- We propose to find the constrained sensor positions from the
similarities is a classical problem in distance geometry [23vailable se®;; via the minimization of the following global
Such problems arise for example in molecular biology, wheg@st function:
protein structures are to be determined from a few noisy mea-
surements of pairwise distances obtained from X-ray crystal- S = Zwij((sij —di;(X))* + /\Z fla;). (1)
lography or NMR. The same task is the fundamental problem ij i
in multidimensional scaling [1], [4], where the primary goal is Here, w,; represents the accuracy of the measureménts
to represent and visualize in low dimensional Euclidean spageg., w,; = 0 is a measurement between sensoed j is
a set of pairwise dissimilarities obtained, for example, frofot available), X stands for theV x D matrix of unknown
psychophysical experiments. The sensor localization proble@ordinates,d;;(X) is the Euclidean distance between the
is nothing else than another application/extension of thesgarched coordinates for the sensoend j, f(z;) provides
theories. the penalty (constraint) for positioning sensoat coordinate
Often, in addition to the pairwise dissimilarities, some priof, and \ is a scalar parameter that controls the tradeoff
or learned information about the phySical environment is al%tween the accuracy to the pro\/ided dissim”ariﬁ%sand
available. For example, if we are localizing active cellulafhe constraints given by(-). The first sum is over all the
phones in the heart of the winter in Minnesota, it is vergairs, while the second one if over each sensor.
unlikely that they will be located in the middle of a lake. The first term in the energy (1) is the classical STRESS
Similarly, it is unlikely that sensors for ocean waves activitiy multidimensional scaling [1], [4], and has been previously
are located far inland. The same physical prior knowledgged for sensor localization, see [3] and references therein.

The novelty in our roach is in the intr tion of th
We thank Alejandro Ribeiro for comments on the work here described. The € novelly our: approach 1S e oduction o €

work here presented is partially supported by the Office of Naval Researsi¢cond termy_, f(x;). The penalty functiorf can represent

the National Science Foundation, DARPA, and the National Geospatial-

Intelligence Agency. 1The framework here introduced, as well as the general theory of multidi-
Electrical and Computer Engineering, University of Minnesota, Minneapoaensional scaling, is applicable to other measures of dissimilarities, including

lis, MN 55455, {mahmo022,guill@umn.edu geodesic distances for example [6].
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probability of finding sensor at a given location, or can

penalize for locating the sensors in forbidden or unreasonab ?’n R - '

areas. In other words, it provides constraints on the senst  '""[ ®a ]
localization that come from prior or learned knowledge abou 2l ?t T ]
the sensors network physical environmént. 0} i

Note that all practical algorithms for sensor localization tha .
follow energy functions of the form of the STRESS cost are
prune to local minima. As a consequence, it is likely they will
locate the sensors in low probability or even forbidden areas BO0
This is also due to the noise in the available dissimilarities oot
d;;. Thereby, using the cost function (1), even as a secon & a ’ i
refinement step, is crucial.
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We now present examples of our proposed constrained
sensor localization framework. In particular, three differemtig. 1. The elevation data is used to define the penalty functicFhe higher
selections for the penalty functiogﬁ in Equation (1) are the area, the Iower_ the probgt_)ility of finding a sensor there. Note how the

. . . . blue squares, marking the original sensor locations, move to the red squares

presented. First, in Figure 1 we localize the sensors fOIIOW'ngo%ated at lower elevation regions. The elevation map goes from dark blue,
topographic map. We defingto act as a probability function, representing low elevations, to dark red, representing high elevations. The
with probability proportional to the local elevation, the higheplue spots are zones of holes in the elevation information.
the point the lower the probability to find a sensor there. In
Figure 2, we penalize for sensors located inside the two large
lake areas. This is done by designifigo be strictly positive  The proposed algorithm can be used as a second step,
inside the forbidden areas (lake) and zero otherwise. Moreovgfter constraint-free and efficient sensor localization tech-
[ increases with the distance to the border of the lake. Finalhiques have been applied to the available pairwise dissimilarity
in Figure 3, we constrain the sensors to be on a given cuiiv@asures. To efficiently use our proposed energy directly,
(the yellow line). This is done by definingto be the unsigned distributed minimization algorithms have to be developed. For
distance to the curve. some constraints, these are already available in the multidi-

In all the examples we start from a given configuratiormensional and distance geometry literature, while for others,
blue squares for Figure 1 and green squares for figures 2 &p@h as those coming from distance functions, they need to be
3, that can be obtained from any of the current state-of-thgeveloped (based on these available algorithms). Extending
art and unconstrained sensor localization techniques, e.g., [Bk current work to angle-of-arrival information is of great
Then, we minimize the energy given by (1), obtaining theignificance as well. These directions, together with the use of
red dots as the new and now constrained sensors positioor technique for large real sensor networks, are the subject
We used standard optimization techniques from the Matla future research.
Optimization Toolbox, e.gfminsearcH5], while more sophis-
ticated ones could be used as well. In particular, the local cost REFERENCES
decomposition for the STRESS developed in [3] is also valj - . ..
for the constrained STRESS here introduce, thereby IeadL?kacl)_rg and P. GorenerModern Multidimensional Scaling: Theory and

pplications Springer, 1996.
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represents the available prior information about the physical
environment. We exemplified the ideas by constraining the
sensors to be in low elevation areas, outside of forbidden

zones, and to be located on predefined curves.

2Costaet al, [3], proposed an extra quadratic term in their modified
STRESS function that penalizes for individual sensbit® be located far
from pre-established positions : Zl r; || z; — Z; ||, for confidence values
r;. This is a particular case of the physically motivated constrained framework
here proposed.
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Fig. 2. Examples of placing the sensors outside of the lake areas. On the top left we see the results, where all the sensors have been moved out of the
lake. On the right we show the sensor positions for different values of the parametdEquation (1). On the second row, left, we plot the energy (1) as a
function of the minimization iteration. On the second row, right, we plot the average percentage deviation of the pairwise distance function, with respect to
the initial condition of the optimization, as a function bf(this corresponds to the figure on the top right).
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Fig. 3. Examples of placing the sensors in a curve, the yellow line. Results for two different valueseothown in the first row, with a higher value on
the right (note how all the sensors are located on the yellow line). A different distances configuration is shown in the second row, left. In the second row,
right, an additional example is shown, where some of the pairwise distances between the sensors are not avgilable it Equation (1)).)



