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Constrained Localization in Static and Dynamic
Sensor Networks

Mona Mahmoudi and Guillermo Sapiro

Abstract—In this note we propose to introduce physical available. For example, if we are localizing active cellular
constraints in the localization problem in sensor networks. This phones in the heart of the winter in Minnesota, it is very
is based on extending the classical STRESS function from unlikely that they will be located in the middle of a lake

distance geometry and multidimensional scaling. We present the ith thin i Similarly. it i likelv that f
underlying framework and demonstrate its importance with three wi in 1ce. simifarly, It 1S uniikely that sensors for ocean

examples: penalizing the sensors for being in high elevation areas, Waves activity are located far inland. The same physical
removing sensors from forbidden areas, and forcing the sensors to prior knowledge is valid for chemical and control sensors
be on pre-described curves. We also extend the work to dynamic for example. This physical information is very common and
environments. imposes an additional constraint in the sensor localization
Index Terms - Sensor localization, sensor networks, STRESS proplem. Although multidimensional scaling has studied the
2:)??;;?;ht';‘”"'d'mens'ona' scaling, distance geometry, physical oqnqirained scenario [1], [5], this important problem has not
' been part of the sensor localization techniques developed in
the literature. It is the goal of this paper to present a simple
. INTRODUCTION framework for sensor localization with physical constraints
Automatic sensor localization is one of the most funzfmd. to show the _imporfcance of this type .Of constraint. Both
. static and dynamic environments are studied.
damental problems in the area of sensor networks. Senso . :
ext, Section II, describes the framework for sensor lo-

data needs to be registered to its physical location to be of. . ; . : ;
. . C calization with constraints. Experimental results for particular
use in the major applications of sensor networks. For lar

scale and inexpensive networks, it is not possible to inclu eysical scenarios are presented in Section Ill, while conclud-

GPS capability on every device. Therefore, automatic sens'%g remarks are given in Section IV.

localization based on pairwise (local) information has received

a lot of attention in recent years. The basic idea is to use . CONSTRAINED SENSOR LOCALIZATION

information such as signal strength, time-of-arrival, or angle- We now introduce the proposed framework for constrained

of-arrival, between a sensor or group of sensors and somenofie localization in sensor networks. We first start with the

their local neighbors (often denoted as pairwise or set-wiseatic scenario, which is easily extended to the dynamic case.

dissimilaritieg, to compute the physical coordinates of th€onsider a network withV nodes in aD dimensional space

sensors. See for example [4] for some literature on the subjégsually D = 2, 3). Letz; € R”, i = 1..N, be the coordinates

and details on the basic requirements of sensor localizatifgn each one of the sensors. We assume that we measure

algorithms. pairwise dissimilarities;; between sensotsand; at positions
Computing point (sensor) coordinates from pairwise dis; andx; as Euclidean distances:

similarities is a classical problem in distance geometry [2].

Such problems arise for example in molecular biology, where dij =l @i —zj ||= \/(xi —z;)T(z; — x;).

protein structures are to be determined from a few noisy mea-

surements of pairwise distances obtained from X-ray crystal-1Nese pairwise distances can be obtained for example via

lography or NMR. The same task is the fundamental prob|erﬁelceived signal strength or time of arrival, and are often noisy.
Iso, not all the pairwise distances need to be available, often

in multidimensional scaling [1], [5], where the primary goal it - X
to represent and visualize in low dimensional Euclidean spa@®ly Close-by sensors are considered available.
a set of pairwise dissimilarities obtained, for example, from Y& Propose to find the constrained sensor positions from the
psychophysical experiments. The sensor localization probl@Ygilable sed;; via the minimization of the following global
is nothing else than another application/extension of theSest function:
theories.
Often, in addition to the pairwise dissimilarities, some prior S= wii(0ij — dij (X)) + XD f(xs). 1)
or learned information about the physical environment is also i i

) o ) Here,w;; represents the accuracy of the measuremépts
We thank Alejandro Ribeiro for comments on the work here described. T

work here presented is partially supported by the Office of Naval ResearZﬁ,'g" Wij = 0 is a measurement between sensoend j is

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

Intelligence Agency. 1The framework introduced here, 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 [11].



not available),X stands for theN x D matrix of unknown we could think of an energy of the form
coordinates,d;;(X) is the Euclidean distance between the P - . _

. . — L . L +1 t t 12
searched coordinates for the sensoend j, f(x;) provides S = ZZwi‘j(éij—d” (X%) +>‘ZZ I (3™ =)= Vi |1
the penalty (constraint) for positioning sengoat coordinate b b (4)

"Ei’t and )\thls a scalar {)at[:;meter .t(;]aé ggnt_rol_;s t.ge trageoff The above formulations assume that the localization is
etween the accuracy 1o the provided dissimilariagsan simultaneously solved for all the frames, or at least for a

the constraints given by (-). The first sum is over all the block of them. We could also of course think of a “real time”

pa_lrrs, v;hﬂ:a tthe sgc?rr:d one 1s ovle ' -eat%h selnsor ) | STRE scenario, where the sensors are located for frarbased on
e first term in the energy (1) is the classica S[ﬁe location in previous frames and the current constraint. The

in multidimensional scaling [1], [5], and has been pre\/iouslﬁf)rmulas are equivalent, simply eliminating the summation
used for sensor localization, see [4] and references thered()ert ’

The novelty in our approach is in the introduction of the
second termy . f(x;). The penalty functiory can represent
probability of finding sensor at a given location, or can
penalize for locating the sensors in forbidden or unreasonabld=or the examples in this paper, we find it sufficient to use
areas. In other words, it provides constraints on the senstandard optimization techniques from the Matlab Optimiza-
localization that come from prior or learned knowledge abotibn and Statistics Toolboxes, e.gminsearchand mdscale
the sensors network physical environmént. [9], as well as standard majorization as commonly applied

Note that all practical algorithms for sensor localization th&40 the STRESS function when possible (in particular, when
follow energy functions of the form of the STRESS cost arfie constraint is quadratic), [4], [5]. While more sophisticated
prone to local minima. Distance functions, the dissimilaritiegptimization techniques could be used as well, this is beyond
4,5, are also affected by the environment and are usually noitlye scope of this paper, and efficient techniques, extending
As a consequence, it is likely they will locate the sensofer example the recent works reported in [3], [4], [7], [10],
in low probability or even forbidden areas. This can be eveas well as those with constraints in [1], [5], [6], should be
more severe when the localization solution is not unique duedeveloped depending on the particular constraint used. When
the noise or the lack of sufficient pairwise dissimilaritigs. the constrained formulation here proposed is used as a second
Some of these multiple solutions can be eliminated with ttsgep following an advanced non-constrained optimization al-
physical constraint. Thereby, using the cost function (1), evgerithm, see below for an example, the particular optimization
as a second refinement step, is crucial. This will be illustratési less relevant if a good initial condition has been achieved
below. (using the mentioned advanced optimization approaches for

un-constrained penalties). This is also true in the dynamic case,

A. Constrained sensor localization in dynamic environmentWhen theilocglization in tim¢ is used as initial condition to

' the optimization fort + 1. Finally, note that the local cost

The above mentioned framework can be readily extendggécomposition for the STRESS developed in [4] is also valid
to dynamic sensor network environments, that is, when thér the constrained STRESS here introduce, e.g., equations
dissimilarity measurements are available dynamically, we hagg-(4).

time Sampled dlSSlmllarltleéfJ The dynamiC STRESS then We first present examp|es of our proposed constrained

I11. EXPERIMENTAL RESULTS

becomes sensor localization framework in a static environment. In
S=3 "3 whi(sl; — dij(X1))?, (2) particular, three different selections for the penalty function
toij f in Equation (1) are presented. First, in Figure 1 we localize

and the goal is to locate the sensdfsat all the time frames. the sensors following a topographic map. We definto act
Different types of constraints can be added. For example, #@ & probability function, with probability proportional to the

could consider a smoothness constraint, where we penalize!f§a! elevation, the higher the point the lower the probability to
sensors moving from frame to frame: find a sensor there. In Figure 2, we penalize for sensors located

inside the two large lake areas. This is done by desigrfing
S =3 whi(dh; —dij(XN))*+A) > | ai* —2 |*. to be strictly positive inside the forbidden areas (lake) and
t g t i zero otherwise. Moreoverf increases with the distance to
) - /the border of the lake. Finally, in Figure 3, we constrain the
_)\ can de_pend on the expected velocity. Position constraints@$,sors to be on a given curve (the yellow line). This is done
in Equation (1) could be added as well of course. by defining f to be the unsigned distance to the curve. In
If the senso; is attached for example to a moving vehicleg|| these examples we start from a given configuration, blue
for which a rough estimate of the motidf is available, then squares for Figure 1 and green squares for figures 2 and 3,

2 , , _ __that can be obtained from any of the current state-of-the-art
Costaet al, [4], proposed an extra quadratic term in their modified

STRESS function that penalizes for individual sensoit® be located far and unconStrameq ser_]sor localization t.eChmquesv e.g., [4]_: (71,
from pre-established positions: > r; || z; — Z; ||, for confidence values [10]. Then, we minimize the energy given by (1), obtaining

r;. This is a particular case of the physically motivated constrained framewagike red dots as the new and now constrained sensors position.
here proposed. Energy based penalization in sensor networks are also studied

in [8], the particular penalization coming from acoustic models, and is not a n Figure 4 We explicitly simulate the_use of our framework
result of the general physical framework here proposed. as a “correction” step to un-constrained approaches, also



illustrating the importance of having constraints when thdistributed minimization algorithms have to be developed. For
pairwise distances are noisy and incomplete, as in all realisseme constraints, these are already available in the multidi-
sensor network scenarios. Using the same penalty as in Figomensional and distance geometry literature, while for others,
3, we first located sensors on the yellow curve, and thench as those coming from distance functions, they need to be
added noise to the pairwise distances and considered odéveloped (based on these available algorithms). Extending
the availability of distances between close-by sensors. Thige current work to angle-of-arrival information is of great
simulates a real scenario, with very conservative noise asignificance as well. These directions, together with the use of
missing data, see figure captions. The green dots show the technique for large real sensor networks, are the subject
result without constraint, usinmdscale® while the red ones of future research.

are the ones after our constrained correction. Not only the
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Fig. 1. The elevation data is used to define the penalty funcfiorhe higher

the area, the lower the probability of finding a sensor there. Note how the
blue squares, marking the original sensor locations, move to the red square
located at lower elevation regions. The elevation map goes from dark blue
representing low elevations, to dark red, representing high elevations. Thi
blue spots are zones of holes in the elevation information.

IV. CONCLUSIONS

In this note we have addressed for the first time the prob- | o
lem of static and dynamic sensor localization with physical \ o
constraints. We have extended the classical STRESS function =
from distance geometry and multidimensional scaling theories, -
which is frequently used in the sensor networks arena, to N
include an extra term that represents the available prior infor-
matlon about th? .phyS|caI enVIronment‘_ We exemp!lfled trﬁ:‘g. 2. Examples of placing the sensors outside of the lake areas. On the
ideas by constraining the sensors to be in low elevation are@g,left we see the results, where all the sensors have been moved out of the
outside of forbidden zones, and to be located on predefingie. Next we show the sensor positions for different values of the parameter
curves. Dynamic environments were exemplified as well. 7! it Eu 0 Lo, Serod T O ereentage deviation

The proposed algorithm can be used as a second St&he pairwise distance function, with respect to the initial condition of the
after constraint-free and efficient sensor localization tecpptimization, as a function ok (this corresponds to the figure on the top
nigues have been applied to the available pairwise dissimilari‘@ﬁt)'
measures. To efficiently use our proposed framework directly,

3To address the invariance to rotation/translation/symmetry, we use three
anchor points.



Fig. 3. Examples of placing the sensors in a curve, the yellow line. Results for two different valneseothown in the first figures, 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 third figure. In the last figure an
additional example is shown, where some of the pairwise distances between the sensors are not awgjlable in Equation (1)).

Fig. 4. Simulation of the use of our constrained algorithm to correct initial results obtained from other sensor localization techniques. Three examples are
presented, with different sensor configurations and noise levels. Although the sensors are originally located on the yellow curve, a small amount of noise (less
than 0.2% for the first two and 5% for the third), and a few of the largest pairwise distances missing (less than 30% for the first two and 42% for the third),
representing a very optimistic sensor network scenarios, leads to failures in the localization, green dots. Using this as initial condition to our constrained
optimization, brings the sensors to their legal position on the yellow curve, red dots. The overall position error is significantly reduced as well (about half of
the error without constraints).

g X

Fig. 5. Example of dynamic sensor localization. Three consecutive frames are shown on top. On the bottom we see how working without constraints (3
left frames), the localization (given by Xs) is far from the original positions (given by the squares), while very accurate localization is obtained when adding
the constraint (3 right frames). Same number of iterations where used for both cases. See mountains.ece.guifieg8ehsors for the video for these
examples.



