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Abstract the average chlorophyll level for algae predictions in a ma-

rine biology setting; seismic sensors might monitor the-min

In this paper, we study the problem of choosing the imum vibration level at a possibly dangerous frequency for
"best” subset ofk sensors to sample from among a sensor a building.
deployment of, > k sensors, in order to predict aggregate Due to the severe energy constraints inherent to sen-
functions over all the sensor values. The sensor data be-sor networks, it is desirable to minimize the amount of
ing measured are assumed to be spatially correlated, in thesensed data needed to estimate such aggregate functions,
sense that the values at two sensors can differ by at mos@nd thereby reduce the power needed for sensors to make
a monotonically increasing, concave function of their dis- data measurements and transmit them through the network.
tance. The goal in our work is then to select sensors soThe problem then is to decide which sensors’ data are
as to minimize the error, assuming that the actual values at most valuable to estimate the aggregate function accyratel
unsampled sensors are worst-case subject to the constraint There is clearly a tradeoff between the amount of sensor
imposed by their distances from sampled sensors. data needed, which translates into increased energy expen-

Even for the mean, maximum, and minimum, the problemditure in the sensor network, and the accuracy of estimation
is NP-hard; we present approximation algorithms to select of the aggregate function.
near-optimal subsets of k sensors that minimize the worst- Suppose that the sensor network hasensors, but due
case prediction error. In general, we show that for any to energy constraints, we are allowed to sample only up to
aggregate function with certain concavity, symmetry and & < n of them, to estimate a particular aggregate function
monotonicity conditions, the sensor selection problem canof interest. We then need to choose the “bést&nsors that
be modeled as &-median clustering problem, and solved Will help us predict the aggregate function with minimum
using efficient approximation algorithms designed fer error.
median clustering. In order to reduce the number of measurements, one ex-

Our theoretical results are complemented by experimentsploits thespatial correlationof sensors, i.e., the fact that
on two real-world sensor data sets; our experiments confirm sensors which are “near each other” tend to have “similar
that our algorithms lead to prediction errors that are usu- Vvalues™* Generally, it is believed that a good sensor set to
ally less than the (normalized) standard deviation of tte¢ te  measure should be “spread out”, i.e., cover the entire area
data, using only around 10% of the sensors. well.

In this paper, we formalize the underlying sensor selec-
tion problem, and provide precise characterizations of the
objectives quantifying “spread out” for different aggrega
functions. We assume that the sensor nodes are embedded
in some metric space.The distancel(i, j) between two

Sensor networks are becoming increasingly popular for nodesi, j in this metric gives a hard upper bound on the
instrumenting and observing natural and industrial envi- difference between the sensor readingsaid;j. The goal
ronments. A major objective for such deployments is to is to devise algorithms that choose a Seif sizek to sam-
monitor statistical information about the phenomenon be- ple, and output an estimate of the aggregate function value,

ing sensed over potentially large areas. For instance, tem FY— - ion is th o i

H : H ndeed, spatial correlation is the reason that any disciepéoyment,
peratu re s_ensors mlght monitor the maXImum_ tempe_raturehowever dense, can give an accurate estimate of an aggfegetien over
in a chemical reaction; chlorophyll sensors might estimate yat is intrinsically a continuous domain.

2This space may be significantly different from the actual 2-3e
*Supported in part by NSF CAREER award 0545855, and NSF grant dimensional Euclidean space; for instance, walls coulgeaqhysically
DDDAS-TMRP 0540420 proximate nodes to measure very different phenomena.

1 Introduction




so as to minimize the worst-case estimation error for the1.1 Related Work
function, over all sensor values (both observed and unob-

served) satisfying all the distance constraints. (Foripeec Finding “good” sets of sensor nodes to sample is one of

definitions, see Section 2.) the central problems faced by designers and users of sen-
Our main technical contribution is a characterization of sor networks. The general problem has been phrased in an
the worst-case sensor values for average, maximum andptimization framework based on utility functions by Byers
minimum, as well as aggregate functions with certain sym- and Nasser [10] and Bian et al. [8].
metry and concavity conditions (Section 3). In particular, ~ The most common approach to formalize the problem is
we obtain the following two results: to treat the sensor readingsrasdom variabledor which
statistics such as mean, variance, and covariance are known
Such statistical models can then be used to estimate unob-
served sensors’ values from other correlated sensor read-
ings. For example, using joint Gaussian models, Deshpande
et al. [13] show that the number of sensors whose values
need to be retrieved can be decreased significantly. Under
similar assumptions, Anstreicher et al. [5, 4] formalize th
2. If the goal is to estimate the minimum or maximum information gained from a sensor seas the joint and con-
using up tok sensors, the optimum solutighis the ditional entropies of. Thus, the optimization problems are
optimum solution for thé-center problem with metric ~ maximum entropy sampling and maximum entropy remote
d. That is, it minimizesnax; d(i, S). sampling. Similarly, Guestrin et al. [15] considered the re
lated sensor placement problem using a mutual information

. . objective.
Since both of these classic problems have good (and prac Staying within the framework of random variables, an

tical) approximation algorithms, the corresponding senso it tive is t inimize th ted d di
set selection problems can be approximated efficiently. atternative Is fo minimize the expecte (squared) pre Ic-
tion error, using linear regression [21]. The problem is

In general, we show that for any aggregate function with heny equivalent to the well-known problem of subset se-
certain symmetry, monotonicity and concavity properties, |ection for regression [24] and to sparse approximation of
the optimum solutiors’ can be computed as a solution 0 & gjgnals over dictionaries [26]. Regression assumes knowl-
k-median problem. edge of the variables’ covariance matrix, which can be ap-

In Section 4, we evaluate the performance of these al-proximated using the empirically observed covariance. An
gorithms on two real-world sensor data sets, collected fromessentially equivalent approach was recently proposed by
a 54-node network at Intel Labs Berkeley [1], and a 23- Liaskovitis and Schurgers [22].
node network at the SensorScope Grand St. Bernard De-  Our work differs from all these approaches in that we do
ployment [2]. We use one portion of the data sets to learn annot focus on stochastic dependencies between variables, bu
appropriate distance metric, and then observe the accuracyather on the case of adversarially chosen values subject to
of prediction of the aggregate function on another portibn 0 hard constraints. Our goal is thus to minimize the worst-
the data sets. The results show that our algorithms lead tacase prediction error, instead of the expected error.
very good accuracy for predicting both the maximum and  The idea that good sensor sets to sample should provide
the average values over the entire network, using a muchsome notion of “coverage” of an area is of course ubiqui-
smaller subset of sensors. The subsets chosen by our akpus in the community, and many different variants have
gorithms exhibit errors that are usually five times less than peen suggested to formalize the notion of coverage (see,
the (normalized) standard deviation in the data, using onlye g., [3, 23]). Correlations among sensor values has been
around 10% of the sensors. exploited to reduce energy consumption in various ways.

In the process, we also observe that the metrics inferredOne approach, orthogonal to ours, is to compress data while
from the measurements deviate significantly from the Eu- forwarding them [25]. Several other papers exploit correla
clidean metric. While this is hardly surprising (various tions to reduce the number of transmissions, while explic-
man-made and natural phenomenaincrease or decrease catly considering the network structure used for forwarding
relations independently of distance), it stresses thetfiatt ~ data (e.g., [16, 29]). Yet another paradigm that takes advan
correlations and distances between measurements should dage of correlated sensor information is Distributed Seurc
learned from past measurements rather than identified withCoding, where all sensors are assumed to have perfect in-
physical distance. We also note here that we only exploit formation about all correlations in the network, and can in-
spatial correlations in the data, but no temporal correfesti dividually compress their data before transmission [28].

The latter is an interesting direction for future extension The idea of sampling sensors to evaluate an aggregate

1. If the function to be estimated is the average, and up to
k sensors can be measured, the optimum solu§iah
the optimum solution for thé-median problem with
metricd. Thatis, itis optimal to minimizé_, d(i, S).



function has also been suggested by Bash et al. [7] andRemark 2.2 The constraint that readings differ by at most
Ganeriwal et al. [14]. Their focus, however, lies more on the distance may seem overly restrictive, and it may seem

the question of how to generate a uniformly random sensordesirable to add a functiop : Rt —
in a decentralized way, and on how to interpolate data basedspecification, requiring thate; — x;| < ¢(d(4,

on those samples.

2 Preliminaries and Notation

We first define some notation. Bold-face letteralways
denote vectors, whose entries ate We writex;,,,, to de-
note the vector whose entries agree withexcept theith
entry, which isv instead. Whenever we write < x’ for
vectorsx andx’, we mean that the inequality holds fait
coordinates. We will explicitly allow vectors with some un-
defined entriesl. In particular, we will frequently refer to
the vector with itsi** component equal to if i € S, and
equal tol fori ¢ S, and denote it bp(S).

We formally define the framework in which we are op-
timizing the sensor selection. Thesensor$ {1,...,n}

R* to the problem
j)). How-
ever, so long ag is monotone non-decreasing, concave,
and satisfieg)(0) = 0, replacing each distancé(i, j) with
d'(i,7) := ¢(d(i, 7)) can be easily seen to give rise to a new
metric space in which now; — z;| < d'(, ). Thus, the
addition of a “correlation decay function” of the distance
does not add expressive power to the model.

The purpose of the sensor network is to estimate some
aggregate functiory'(x). Standard examples of such ag-
gregate functions are theveragef(x) = + 3. a;, or
the maximum or minimuny (x) := max; z; or f(x) =
min; ;.

Due to energy constraints, the algorithm is only allowed
to sample up t& of the readings;. Thus, an algorithm will
first compute, in polynomial time, a s6tC {1,...,n} of

are assumed to be embedded in some metric space. W& sensors to sample. By retrieving their values, the algo-

used(i,j) to denote thedistancebetween sensorsand

j. These distances satisfy the usual metric constraints, i.e 331(-3)

symmetry €(i,j) = d(j,4)), non-negativity (i, j) > 0),
and the triangle inequalityd(s, j) + d(j,k) > d(i, k)

rithm will learn a valid S-assignment vectox(S), where
=1 (undefined) fori ¢ S, andmgs) =ux; fori e S.

To this S-assignment, the algorithm will then apply an ag-
gregate functionf (possibly different fromf) to compute

for all 4, j, k). We extend the notation to sets, and write its outputf(x(S)). The goal of the algorithm is to minimize

d(i,5) := minjeg d(i, j) for the distance of locationfrom
setsS.

The sensor reading at locatiois denoted byt;, and the
vector of all sensor readings by The distances impose

its estimation error f(x(8)) —
estimation error minimization

In this paper, we study this problem from a worst-case
perspective. That is, we want to design algorithms which

f(x)|. We call this problem

hard constraints on how much the readings of two sensorsyij| minimize the estimation error under the assumption of a

1 andj can differ. We define aalid assignmenof sensor
readingsx to be one in whichz; — z;| < d(i, ) for all

pairsi, 7. Validity of assignments is precisely the sense in

worst case valid assignment. Formally, the goal is to choose
f andsS so as to minimizenaxyyaiia | f(x) — f(x)]|.
In this setting, it is convenient (and common) to think

which we quantify the informal notion that “nearby nodes ¢ the valuesx as being chosen by adversarywith full

have nearby values”. We use the assignment L to ex-
press that the reading at locatiois unknown. Avalid S-
assignmenis then a valid assignment for whiah #_L for
alli € S. (Thus, a valid assignment is a vafid, ..., n}-
assignment.)

knowledge of the algorithm. So long as the algorithm is
deterministic (we briefly discuss the very interesting éssu
of randomized algorithms in Section 5), the adversary can
predict at the outset which sstthe algorithm will choose,
and hence we can think of the process as follows: First, the

Remark 2.1 We stress here that the metric space need not,algorithm chooses a sét Then, the adversary (knowing
and usually will not, coincide with the 3-dimensional Eu- the aggregation functiofi used by the algorithm) reveals a
clidean space in which the sensors are actually placed. valid S-assignmenk to the sensors iy. Using this assign-
For instance, building walls may result in two sensors with ment, the algorithm now computes and outpfits), after
short Euclidean distance measuring distinct phenomena;which the adversary chooses and reveals the valid assign-
conversely, two distant rooms could be on the same air-mentx’ that includes the values for the remaining sensors

conditioning control, and temperature readings in those tw

rooms would be very close to each other. Thus, in general,
the metric should be inferred from past measurements oralso be valid.

(in S).
The values the adversary chooses in the final step must
Formally, we say that is a valid S-

domain knowledge, rather than identified with Euclidean extensionof the S-assignmentx if x’ is a valid assign-
distance (we discuss this point in more depth in Section 4). ment, ande; = z; for all i € S. Given a setS and valid

3In principle, our approach can be extended to deal with amitafi
metric space, e.g., a continuous space into which sensashbaiplaced.
The necessary modifications are fairly straightforward.

S-assignment, we are interested in the worst-case pre-
diction error the adversary can cause against the optimal
aggregation functiorf. Formally, we definel(S,x) :=



maxy |f(x) — f(x')|, where thex' range over all valids- Furthermore, the worst case error is exactly(S) =

extensions ok. The worst-case error for a sample Seis L. Digs di, S).
thenE(S) := maxx F(S,x), wherex ranges over all valid
S-assignments. Proof. Consider any validb-assignmenk. For anyi ¢ S

In our analysis, we will frequently want to reason about and; € S, the distance constraintimplies thgt-d(i, j) <
the largest or smallest possible values that the adversary; < z; + d(i, j) for all valid S-extensions<’ of x, i.e.,
could choose for sensors outside We therefore define  x~ < x’ < x™ forall valid S-extensions’ of x.
two specificS-extensionsc™ andx~ as follows: For all;, Since an adversary having revealedn S can always
z = min;(z; + d(i, ), andz; = max;(z; — d(i, j)). choose either to extend it 1o~ or tox™ after the algorithm

(Notice that fori € S and validx, the definition implies  has outputf(x), the optimum algorithm must be the one
x} = x; = x;.) Using triangle inequality, it is then easy to  outputtings (f(x*) + f(x7)) = 1 -3, (= + ;). Oth-

?

verify the following: erwise, the adversary could choose the one amongnd
. N B _ ) x~ farther away fromf(x) and guarantee a worse predic-
Proposition 2.3 x™ andx™ are valid S-extensions of. tion error. Notice that botlx ™ andx~ can be computed by

an algorithm in timeD(kn) onceS andx are known.
When the algorithm makes this optimal choice, the pre-
diction error will be exactly

We will see below that given a choice of a sefand a
valid S-assignmenk to S, the optimum aggregation func-
tion f can be computed in polynomial time. Thus, the crux
of the problem is to choose the sgtto sample so as to _ _
minimize 5(8), P FO) =BG+ F67) = JU6H) = F6x))

Our algorithms for subset selection will be based on O i
known algorithms for the metrié-median and metrié-
center problems. We therefore define those problems for-

mally here. oF o
K3 K3

By definition ofx™ andx—, we get that

minjes(z; + d(i, j)) — max;jes(z; — d(i, j))
(zj +d(i, j)) — (x; — d(i, 7))
2d(i, j),

A

Definition 2.4 (k-median) Given a distance metrid and
a numberk, select a sefS of k£ nodes so as to minimize

>-:d(@,5). , . o _

forall j € S. In particular, this implies that;” — z; <
Definition 2.5 (k-center) Given a distance metrid and 2d(i, S), and the maximum error the adversary can achieve
a numberk, select a set5 of & nodes so as to minimize is E(S,x) < 1-3.d(i, S).

max; d(i, 5). On the other hand, if the given assignmend{®), then
z} = d(i,S) andz; = —d(i,S), giving an error ofl -
3 Characterizing Optimal Algorithms >, d(4,S) against the best algorithm. Thus, choosing
achieves the upper bound, and must be optimal. |

In this section, we analyze the problem from the adver-
sary’s perspective, and show that both for the average and The proof explicitly gives us the optimum aggregation
minimum/maximum objectives, the adversary’s strategy is function f for the algorithm as a corollary:
to reveal identical readings at all locationsSh This ob-
servation in turn can be used to rephrase the algorithm’s seCorollary 3.2 Given a choices of a sensor set and afi-
lection as clustering objectives (mettienedian and metric ~ @ssignmenk that has been revealed, the optimum predic-
k-center, respectively), for which good approximationalgo tion function is f(x) := 5(f(x*) + f(x7)). f can be
rithms are known. computed in timé& (kn).

Subsequently, we generalize the insights from the argu- ) ]
ment for average, and describe sufficient conditions under BY Theorem 3.1, the optimum s&tthe algorithm should

which the adversary will reveal identical readings at all lo ch0ose to sample is exactly the one minimizing d(i, 5).
cations. But this is precisely the objective function of the well-

known k-median problem. Since thé&(i, j) are assumed
to be a metric, the problem of selecting the optimum set

3.1 Predicting the Average _ . : _
S to sample is equivalent to the metkemedian problem,

We first consider the case wheiix) = 1 3~ z;. giving us the following corollary.

Theorem 3.1 For any setS, the adversary’s best strategy Corollary 3.3 1. For every:= > 0, there is a polynomial-
is to reveal identical readings of O at all € S. That is, time (3 + ¢)-approximation algorithm for the problem
E(S) = E(S,09), of choosing thé:-element se§ minimizing£(S).



2. UnlessNP C DTIME[nC(ogloen)]  there is no  Corollary3.6 1. There is a 2-approximation algorithm
polynomial-time algorithm approximating the best set for the problem of choosing the-element set’ mini-
selection to withinl + 2/e (wheree is the basis of the mizing E(S).

natural logarithm).
2. UnlessP = NP, there is no polynomial-time algo-

The corollary follows directly from the corresponding rithm approximating the best set selection to within
results of Arya et al. [6] and Jain et al. [19] for the metic 2 — ¢, for anye > 0.
median problem. Since we use it in our experimental eval-
uation, we will describe the local search based algorithm of ~ The corollary follows from the corresponding results

Arya et al. in more detail in Section 3.4.1. for metric k-center due to Hochbaum and Shmoys [17]
and Hsu and Nemhauser [18], respectively. The greedy

3.2 Predicting the Maximum or Minimum 2-approximation algorithm we use is described in Section
3.4.2.

We now consider the case wh¢fix) = max; x;. (The
case of the minimum is analogous.) Similar to the case of 3.3 A general result
the average, we first show that for any given sulisetf

sensors, the adversary achieves worst-case &rf8) by We now derive a more general condition under which the
showing the vectod(S). adversary’s best strategy is to reveal the veotst.
Theorem 3.4 For any subsetS of sensors, E(S) = Definition 3.7 (0-centered)We say that an aggregation

E(S,019). That is, the adversary can maximize the pre- functionf is O-centered it satisfies the following four con-
diction error by showing value 0 at all sampled locations.  ditions:
Furthermore, the worst-case error is then exactly

B(S) = 1 max; d(3, S). 1. f is monotonically non-decreasing in all its variables
and has well-defined first and second partial deriva-
Proof. Let x be any validS-assignment. By the same tives.

reasoning as before, the optimum algorithm must out- ) o ) )
put L(f(x*) + f(x7)), which in the case of predicting 2. The partial derivatives are symmetric around 0 in each

. . . X o
the maximum equals} ((max; minjes(z; + d(i,j))) + variable, i.e., for alli and j, we have;-f(x) =
max; max;jeg(r; — d(i,4))). The first term can be upper 5 [ (Kjay)-

bounded bymax;(d(i, S) + max,ecs ;) = max; d(i, S) + )
max;cs x;, and the second term always attains its maxi- 3. For all 7, %f(x) < 0 wheneverr; > 0, and
mum for somei € S, so it equalanax;cg z;. Thus, the '
worst-case prediction error is

Fx) = 5(fxH) + f(x7) < gmax;d(i,9).

On the other hand, if the adversary chooses the \&lid
assignmenk = 0(5), the error is exactly(S,05)) =
1+ max; d(i,S). Thus, itis optimal for the adversary to show

0(%), proving the theorem.

8‘9,—;f(x) > (0 whenever; < 0.

4. Partial derivatives are maximized near 0, in the sense
that 52- f(0iz,) > 52 f(x) for all i.

A sufficient condition for being 0-centered is ffis of
the form f(x) = >, fi(z;), where eaclyf; : R — Ris a
monotone function which is concave &1 and convex on
R~. In particular, the condition thus applies to the sum and

Again, a corollary of the proof of Theorem 3.4 is an op- average functions. _ _
timal prediction function for the algorithm to use. We first prove a lemma showing that the largest differ-
ences in a 0-centered function are achieved around 0.
Corollary 3.5 Given a choiceS of a sensor set and an . .
S-assignmentx that was revealed, the optimum predic- Lemma 3.8 For any vectorsg, b with z; > 0 for all i, a
tion function isf(x) := 3 ((max; minjes(z; +d(i,4))) +  O-centered functiof satisfiesf (x) — f(—x) = f(b+x)—
maxjcs 2;). f can be computed in tim@(kn). f(b—x).

By Theorem 3.4, the algorithm should choose theSet  Proof. Definex to be the vector Withvl(-j) = —ux; for
minimizing max;¢ g d(i, S). This is the objective function ; < j andz") = z; fori > j. Thus,x(® = x, and
of the (metric)k-center problem. Thus, the problem of se- x(m) — —x, and we can write a te|escoping series
lecting the optimum sef' to sample is equivalent to the
metrick-center problem, giving us the following corollary. fx) = f(=x) = S (f(x0D) — f(xD)).

=



We next show that for afl, we havef (x(i-1)) — f(x®) =
f(zD) — f(—2z™), wherez() = OZHQE is the vector with
entrieSzj(Z) = 0 forj # 1, andz For this pur-
pose, fix an, and for eachy defrney(w') as the vector with
ygi’j) = —x, for r < min(i,j) orr = i, yﬁirj) = g, for
i <r < g, andy™ = 0forr > j,r # i. In addition,
definey ) := y*7) | i.e. 39 agrees withy (7, except
for the sign in coordinate

We claim thatf (§(77-1) — f(y®-D) = f(§09) —
f(y)) for all j. Notice that we can equivalently rewrite
this claim as f(y()) — f(y"=D) = f(§@)) —
f(3@i=D). Forj = 4, this claim is trivial. For other
4, we will express the differences as integrals of differ-
entials, and apply condition 2. Specifically, by substi-
tuting; the definitions, we rewrite the left-hand side as

(3,3
fo7 =t

(z 7)
i (yyjt))dt. But by definition ofy (/) andy (%7,
the two onIy differ in the sign of thé'® coordinate, so the
second property in the definition of being 0-centered im-
plies that52- f(yﬁﬂz) = 2 (yﬁﬂZ) and the two inte-
grals are equal proving the cIarm

By induction over j, We therefore also obtain that
FEE0) = iy 0) = fgtm) = fy® ”>) But notice
thaty(i,()) _ Z()yy(27()) _ 7Z(z)’ andyzn _ X(ifl)
andy®™ = x@ proving that f(x(=1)) — f(x(i)) =
f(z) — f(—2z). Thus, we obtain that

f(x) = f(=x) S (f(2) -
Similarly, we can write

fb+x) = f(b—x) .
St (f(b 4+ x07) — f(b+x®)).

We will use conditions 3 and 4 of the definition of being
0-centered to upper bound each term of the telescoping su
FO+x0=D)— f(b+x®) < f(zD)— f(—2). The idea
is again to write a difference as an integral of differestial

_{L‘L

Similarly, the right-hand side is

f(=2)).

1)

f(b+x<i—1>) f(b+x<i>)
— ORI Ex) A (o)
O o,
For simplicity, we writeh(t) = 72 f(0i;), { :=

b; — x; andu := b; + x;. Condition 3 in the definition of
being 0-centered implies thatis monotone decreasingin
fort > 0, and monotone increasing fox 0, and condition
2 implies thath(t) = h(—t) for all ¢. First if¢ > 0 mono-
tonicity immediately implies thaf," h(t)dt < f( t)dt.
Similarly for u < 0. Next, once we havé <0 g u, as-
sume w.l.o.g. that 4+ ¢ > 0 (the case: + ¢ < 0 is symmet-

ric). Then, because(z_g)/2 h(t)dt < fﬁ'z—f)ﬂ h(t)dt =

nﬁly thatz]” < x;, +d(i, S) andz] > z;,

fé_u)/g h(t)dt by monotonicity,

u (u—2)/2 U
[, h(t)dt f(u r)/zh ()t + Jiy_py 2 h()dt
< f(z u)/2 h(t)dt.

But (¢ —u)/2 = —x; and(u — ¢)/2 = x;, SO we obtain that

D0 f(Oi)dt < [T 2 f(0)dt (3)
Combining Equations (1), (2) and (3), we obtain that
fo+x)—fb-x) < 3, f(z?)— f(-2)
= fx) - f(==x).
[ |

Using the above lemma, we can now prove that the
worst-case prediction error fgrwith setS sampled is max-
imized when the adversary reveals the ve&téy.

Theorem 3.9 If f is O-centered, then for any subsgtof
sensors,B(S) = E(S,09). That is, the adversary can
maximize the prediction error by showing the value 0 at all
sampled locations.

Furthermore, the worst-case error is then exactly
E(S) = 3(f(A) — f(—A)), whereA is the vector of dis-

2
tances fromS, i.e.,A; = d(i, S).

Proof. Let x be any validS-assignment. By the mono-
tonicity of f (condition 1), the maximum of is achieved by
xT, and the minimum by~ (both over validS-extensions).
Thus, the optimum algorithm must outpgt(f(x") +
f(x7)), leading to a worst-case error b f (x ) — f(x7)).

For eachi, let j; € S be the closest sensor tpso that
d(i,j;) = d(i,S). Then, the definitions ot ™ andx~ im-
—d(i,S). Writing

for the vectorb; = «;, for all ¢, the previous argument
then gives thak™ < b+ A andx~ > b — A. The mono-
tonicity of f thusimplies thaf (x7)—f(x~) < f(b+A)—
f(b — A). The latter, in turn, is at most(A) — f(—A)
by Lemma 3.8, s&(S,x) < 1(f(A) — f(—A)) forall x,
and thuse(S) < 3(f(A) - f(—A)).

On the other hand, for the vectofS), we obtain that
xt = Aandx™ = —A, giving E(S,08) = E(S). =

As before, the proof also gives us the optimum aggrega-
tion function f for the algorithm:

Corollary 3.10 Given a choiceS of a sensor set and an
S-assignmenk that was revealed, the optimum prediction
function is f(x) := 1(f(x*) + f(x)). Assuming that
f can be evaluated efficiently, can be computed in time
O(kn).



Using the observation made in the proof of Lemma 3.8, guaranteeing 4+ ¢ approximation. (We noticed that in our
together with the error bound proved in Theorem 3.9, the experiments, the performance with= 1 was not signifi-

worst-case error incurred when sampling Ses F(S) = cantly different from the performance with= 2.)

32 (F(Oimagi,s)) — f(Oie—agi,s)))- Writing g;(z) :=

f(0imz) = f(0is—), the erroris thus of the for(S) = 342 Thek-center algorithm

1 . . . .

5 2.;9i(d(i,5)), where eacly; is a monotone increasing . .
concave function witty; (0) = 0. For k-center, Hochbaum and Shmoys [17] give a simple 2-

In general, it is not clear how well clustering prob- @approximation algorithm based on parametric pruning and
lems with such objective functions can be approximated. greedy selection. The 2-approximation is also best passibl
However, if we make the additional assumption that unlessP = NP [18].

f is symmetric in its arguments, i.e., that(x) = We use a simple greedy algorithm with the same ap-
F(@r(1)s- - - Tn(n)) TOr every permutatiom of {1,...,n}, proximation guarantee, and based on similar ideas: Sgartin
we obtain that all functiong;; are equal, soE(S) = from one arbitrary sensét = {i}, the algorithm repeatedly

%Zi g(d(i,5)). It can then be seen that by replacing the adds taS the locatiory maximizingd(j, S), and terminates
metric with d' (4, 7) := 3g(d(i,j)) (which is a metric by ~ once[S| =k. . o

the properties ofy), we obtain the equivalent problem of Letj be a point farthest frorfy, i.e., maximizingi(j, .5),
choosing$ to minimize ", d'(i, S). Thatis, for symmet- ~ andd = d(j, S). Then, by the choice of the algorithii,uU

ric 0-centered functiong, the problem reduces fomedian ~ {j} is a set at pairwise distance at ledishence, any sef’
again. of at mostk points must have distance at le&s to at least

one of them. Therefore, the algorithm is a 2-approximation.
(The analysis sketch is analogous to the parametric pruning
analysis of Hochbaum and Shmoys [17].) We refer to this
algorithm as thgreedy algorithm fok-center

3.4 Approximation Algorithms

Here, we describe the approximation algorithms Ker
median andk-center used in our experiments. Both are )
well-studied NP-hard optimization problems [27]. 4 Experimental Results

We validate our methods on two real-world data sets.
The first data set consists of a 54-node indoor sensor de-
For the metrict-median problem, since the discovery of the ployment at Intel Labs Berkeley [1]. The measurements
first constant-factor approximation by Charikar et al. [12] were collected over a one-month period in March 2004.
(based on LP-rounding), a series of papers ([20, 11, 6], They comprised light, temperature, and humidity measure-
among others) has led to improved approximation boundsments, measured at each of the sensors every few seconds.
and more practical algorithms, using a variety of tech-  The second data set consists of measurements from 23
niques. On the other hand, Jain et al. [19] have shown an apsensors from the SensorScope Deployment [2], deployed
proximation hardness result df- 2 /e for metrick-median outdoors at the Grand St. Bernard Pass. These measure-
unlessNP C DTIME[pCUoglogn)], ments were collected over a one-week period in October

We use the approximation algorithm feirmedian dueto 2007, and comprise temperature, humidity, wind speed, ra-
Arya et al. [6]. It is based on a simple local search proce- diation and soil moisture values, measured at each sensor
dure, and can be stated as follows. every few minutes.

The algorithm, with a parameter, starts with an ar- While both data sets contain measurements for multiple
bitrary subsetS of k& sensors, and keeps improving it by physical attributes, our experiments focus only on thetligh
swappingp sensors at a time, until the maximum possible data from the Intel data set (measured in Lux), and the rel-
improvement is “small”. Specifically, for some polynomial ative humidity data from the SensorScope data (measured
q(n) and a parameter, the algorithm tries all set§’ c S in percentage). We restrict our attention to these two at-
of size|S’| < p, aswell asall” C S of size|T| = |S’|, and tributes because they exhibit larger standard deviathoens t
updatesS to SUT' \ S’ if the objective functiord_, d(i, S) the others. The other attributes (in particular, tempeejtu
decreases by at least afaclerm. Aryaetal. [6]show  show less spatial variation, so high prediction accuracy fo

that this algorithm gives 8+ 2 + ¢ approximation, i.e., the ~ them would be statistically less significant.

algorithm outputs a sef such that the total distance of all

nodes fromsS is within a3 + 2 + ¢ factor of the total dis- 4.1 Estimating the Distance Metric

tance from the best sét*. We call this algorithm théocal

search algorithm fork-median In our implementation of Our algorithms require knowledge of the distance met-
this algorithm, we chose the value of the paramgter 2, ric d(i, 7) on sensors constraining the difference in sensor

3.4.1 Thek-median algorithm



readings. Our experiments have shown that the best such  using this distance metric to get a $£bf k£ sensors.
metric tends to be rather independent of the Euclidean dis-
tance between sensors. When trying to fit a mathematical
function of the Euclidean inter-sensor distances to the dif o . L
ference in values at the sensor nodes, the result has high jective function/ (x), and calculate the prediction er-
! (8)y —

sum-of-squares fitting errors. This is not particularly-sur ror[/(x'>) = f(x]]
prising, given that the Euclidean distance ignores impurta We evaluated our prediction errors in two ways. The first
physical parameters such as walls or presence or absence afivolved estimating the standard deviation of the sensors
shade. in the training data set, and comparing our prediction er-

We therefore use an empirical method to directly esti- ror with the standard deviation. The second involved com-
mate the distance metric, using a training data set. Specifiparing our prediction errors with the average and minimum
cally, we partition our data sets intmining instancesand prediction error obtained by using multiple randomly gen-
thetest instancesT he training instances are used by the al- erated sets of sensors, using the same test instances.
gorithm to estimate the distances, and the test instanees ar
used to evaluate the subsequent prediction accuracy. Thus¢.3 Light Measurements
the sensor network can adapt its sampling strategy based on

4. Foreach testinstance, use the readings dt femsors
and the prediction functiofi(x(®)) to estimate the ob-

the correlations estimated from past measurements. In this set of experiments, we use our algorithms on light
Each training instance consists of snapshots in time of measurements from the Intel Labs sensor deployment. We

all the sensor values. For each sensor fiif), we com- perform our analysis using data for ambient light (measured

pute the largest difference in values betwéand; over all in Lux) detected at each sensor, taken over a period of 9

training instances, and use the difference as an estimate oflays from March 1st to March 9th. We cleaned the data by
d(i, j) for the future. It is straightforward to prove that the Uusing a median filter to eliminate outliers.

function estimated in this way forms a metric. In effect, we ~ We do not consider measurements after 9PM and before
are embedding the sensors from the Euclidean space into &AM, since we observe that the mean and standard devi-
new metric spaceé. This eliminates the dependency on the ation during these times are usually very close to zero. In
physical coordinates of the sensors, while allowing signifi other words, there is no challenge in providing accurate pre

cantly better performance in our experiments. dictions, and good performance on these data would not be
indicative of the quality of our or other algorithms.
4.2 Experimental Methodology We start by calculating the standard deviation of the test

data to estimate the dispersion of the data. This helps us
We considered one attribute each from the two data setsgauge the statistical significance of results for any predic
light from the first data set, and humidity from the second tion algorithm on this data set. Figure 1 plots the coefficien
data set. For each data set, we fixed the valué ¢the of variation (the ratio of standard deviation to the mean) fo
number of sensors to sample) to be around 10% of the totalthe light measurements over different days and times. The
number of sensors. standard deviation varies from 50% to as much as 130% of
We report on three sets of experiments: estimating thethe mean, with an average standard deviation of 71% of the
maximum and average functions for the light measurementsmean.
in the Intel Labs deployments, and estimating the average Our experiments on this data set involve predicting the
function for the humidity measurements in the SensorScopeaverage value and the maximum value in the sensor deploy-
deployment. (An estimate of the maximum humidity in the ment using measurements from just 5 sensbres 6).
SensorScope deployment performed similarly.) For each The data from March 1st and 2nd were used for train-
experiment, we used the following methodology: ing instances, and the remaining seven days (March 3rd to
. ) ) 9th) provided the test instances. Based on the data from
1. Sample the entire set of sensors multiple times over the first two days, a distance metric was learned which was

time wm(_jo_w t‘.) generate a set of training instances. then used for both the maximum and the average prediction
Each training instance corresponds to a snapshot Offunctions

all the sensor readings in the deployment at a partic-

ular time. Similarly, sample the set of sensors multiple

times over another time window to generate a set of

test instances. We first present results for prediction of theeragevalue.

2. Cleanthe training and test instances to remove outIiers.We run ourk—medlan approximation algorithm on t.h'S dis-
tance metric to choose a subsedf 5 sensors that will sub-

3. Estimate the distance metri¢i, j) based on the train-  sequently be used for prediction, i.e., we compute an ap-

ing instances, and run the sensor selection algorithmsproximate 5-median solution.

4.3.1 Predicting the Average



Coefficient of Variation
Prediction Error Percentage

3 9AM

3 9AM

Figure 1. Coefficient of variation over light Figure 2. Predicting the Average: Prediction
measurements. error using the k-median algorithm.

For each day, our algorithms use only the readings from ‘ ‘ ‘ ‘ ‘
the sensors irf to estimate the average light value at all o
the sensors. We evaluated the performance at 3-hour inter ] B
vals from 9AM until 9PM. Since sensor readings were not
always available at the precise same time for all locations,
and to reduce the impact of noise, we compare against the
average over a 10-minute window centered around the time
of prediction.

In Figure 2, we plot the percentage error in prediction of
the average light measurement using our algorithm, for all 7
days and times from 9AM until 9PM. Our prediction error
varies from 0.3% to 31%, with an average prediction error  Figure 3. Predicting the Average: Compar-
of 10.1%. Notice that this constitutes a seven-fold reduncti ison of the k-median algorithm against the
compared to the standard deviation value. minimum and average of 20 random trials.

We next compare the prediction error against that ob-
tained by using 20 different random subsets of size 5 on
each day of the test instances. We report the minimum and
the mean of the errors obtained by the random subsets. Figthe days of the test data. We report the minimum and mean
ure 3 plots the prediction error using okimedian based  prediction error over 50 repetitions of this experimentr Fo
algorithm versus those obtained by the “best” random selec-sets of 5 nodes, the mean prediction error over 50 random
tion (corresponding to the minimum error over all the thals iterations is 18.1%, while the minimum prediction error is
and a “mean” random selection (corresponding to the mean12.7%. Notice that the best such set can only be determined
error). Over the seven days of test data, the average predicin retrospect, yet thé-median algorithm outperforms the
tion error using the subsét (10.1%) significantly outper-  best fixed set over 50 random trials. For 10 nodes, the mean
formed the “mean” random selection and was even betterprediction error is around 13.5%, while the minimum error
than the “best” random selection (18.8%) using 20 trials in is 10.1%. It took 15 sensors for the average prediction error
each day. Note that for the random selection comparisonsover 50 iterations to exceed our algorithm’s performance.
the randomly chosen subsets are allowed to change fromOur results can be interpreted as showing that the use of the
day to day (as opposed to our algorithm’s use of the samek-median algorithm gives a twofold saving in the number of
subsetsS for all the days). sensors that need to be sampled, while providing the same

In separate experiments, we pick random subsets of 5 (oraccuracy as random sampling. Table 1 summarizes these
10 or 15) nodes and use them to predict the average over altesults.
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Scheme Avg Error - Minimum Error on the performance of the 5-center solution. Table 2 sum-
5-median 10.1 - marizes these results.
5 random samples 18.1 12.7

10 random samples 135 10.1 Scheme Avg Error  Minimum Error
15 random samples 9.7 7.7 S-center 14.9 -
5 random samples 23.7 17.2
Table 1. Predicting the Average: Comparison 10 random samples 19.8 151
of the k-median algorithm against random tri- 15 random samples 14.7 10.7

als with larger subsets.
Table 2. Predicting the Maximum: Compari-
son of the k-center algorithm against random

L ) trials with larger subsets.
4.3.2 Predicting the Maximum

Next, we look at results for predicting tmeaximumvalue
among all sensors, using a subset of just 5 sensors. Using

the greedyk-center approximation algorithm with = 5, 4.4 Humidity Measurements
we choose a subsét of 5 sensors subsequently used for . _ .
prediction, i.e., a 5-center solution. In a third set of experiments, we use our algorithms

The prediction error over the seven days of test data®n humidity measurements (measured in percentage) taken
varies from 0% to 59%, with an average prediction error of from the SensorScope sensor deployment, an outdoor envi-
14.9%. As before, we compare this performance against theonment. The data were recorded over a period of 4 days
minimum and mean error from 20 random sets of 5 nodesfrom October 1st to October 4th, 2007, at intervals of a few
chosen each day. Figure 4 plots the prediction errors forminutes. We cleaned the data by using a median filter to
our k-center algorithm versus the random trials for all 7 remove outliers.
days. Our algorithm significantly outperforms the errorcor ~ Figure 1 plots the coefficient of variation (the ratio of
responding to the mean of the random trials, and most of theStandard deviation to the mean) for the humidity measure-
time also does better than the minimum of the random trials Ments over different days and times. The standard deviation
for each day. varies between 4.2% and 18% of the mean, with an average

standard deviation of 10.4% of the mean. Thus, the outdoor

humidity data have intrinsically less spatial variancentha
e the indoor light data. (The other measured quantities & thi
Minimum of 20 randorn trals ] data set varied even less.)

Mean of 20 random trials

45

a0t

Prediction Error Percentage

Coefficient of Variation
=
S

Figure 4. Predicting the Maximum: Compari- ;
son of the k-center algorithm against the min- : i

9

imum and average of 20 random trials. Rt

Day Hour

9PM

As in the case of estimating the average, we also com-  Figure 5. Coefficient of variation over humid-
pare our algorithm against 50 trials of a randomly chosen  jty measurements.
set of 5, 10, or 15 sensors that is kept constant over all days.
As earlier, the mean and minimum prediction error over 50
random trials of 5 sensors was worse than that of our algo- Our algorithm used the data from October 1st as train-
rithm, and it took 15 randomly chosen sensors to improve ing data to construct the empirical distance metric. The

10



measurements of the remaining three days were used as test Scheme Avg Error  Minimum Error

cases. 3-median 2.2 -
Based on the estimated metric, we ran thmedian ap- 3 random samples 2.6 1.7

proximation algorithm witht = 3 to choose a subsét of 6 random samples 2.0 1.3

3 sensors. That subset was then used to predict the average 9 random samples 1.1 0.47

humidity for the remaining three days. As before, we eval-

uated the prediction at 3-hour intervals, and smoothed out Table 3. Predicting the Average: Comparison

the measured values over 10-minute windows. of the k-median algorithm against random tri-
Figure 6 shows the prediction error (in percent) in esti-  als with much larger subsets

mating the average over the three days at 3-hour intervals.

The error varies from 0.34% to 7%, with an average pre-

diction error of 2.2%, roughly a five-fold improvement over

o ate for later days.
the standard deviation. ys

5 Conclusions

We presented an optimization formulation for finding the
best set of sensors to predict an aggregate function. We as-
sumed worst-case behavior of the actual values subject to
hard, metric-induced constraints. For computing the aver-
age resp. maximum, this led to proving an equivalence with
selecting ak-median respk-center solution. Our experi-
ments on real-world data showed that these approaches can
be expected to choose good sets for prediction in practice.

Many interesting questions remain for future work. For
9PM instance, the behavior of sensors at distashoeed not be
symmetric. In particular when distances are inferred from

20

15

10

Coefficient of variation

» O

Day 2 oM Hour past data, it may be known that sengsrvalue is always
at least as large as sensis, and they differ by at most
d(i, 7). This will lead to an asymmetric notion of distance.
Figure 6. Predicting the Average: Prediction In future work, we intend to investigated whether analogous
error using the k-median algorithm. properties can be proved, perhaps leading to equivalence

with the asymmetric versions éfmedian ork-center.
The general framework we provide in Section 3.3 gives

As before, we compare the prediction error against the a characterization of the adversary’s behavior. However, i
best and average of 50 random trials, each choosing 3, 6foes not guarantee the existence of a good approximation
or 9 sensors. Once chosen, the set is used to predict thalgorithm to optimize the particular objective function at
average humidity over all three days of test instances. Thehand. Extending the known algorithms fermedian and
mean prediction error of 50 random iterations choosing 3 k-center to different coverage problems would be very in-
sensors is 2.6%, and the minimum is 1.7%. For 6 sensorsteresting. Indeed, this question is meaningful even when th
these values improve to 2.0% and 1.3%, respectively, andadversary will not reveal identical values at all locatioims
for 9 random samples to 1.1% and 0.47%. The results areparticular, it would be intriguing how well one can approx-
summarized in Table 3. imate themedianof all sensor values.

In this case, the performance of thenedian algorithm Much like standard adversarial analysis (e.g., in online
is not significantly better than that of a randomly chosen setalgorithms [9]), the adversary in our model is very power-
of the same size. The reason partly lies in the low spatial ful, in that he knows all choices that will be made by the
variance of the data, and partly in the high temporal vari- algorithm. A standard way to guard against such worst-
ance. Simply by the law of large numbers, after sufficiently case behavior is via randomness, and the assumption that
many trials, the error of random sets will likely be small; the adversary knows the randomized algorithm, but not the
due to the small spatial variance, the number of such trialsoutcome of the algorithm’s coin flips. Devising a random-
needed is not very high. More importantly, the high tem- ized algorithm for selecting a good subsgéto sample in
poral variance evident in Figure 5 suggests that the distanc this framework is quite intriguing.
learned from the first day of data may not be most appropri-  For example, if the sensors are evenly (and very densely)

11



spaced on a line, then the best deterministic algorithm [15] C. Guestrin, A. Krause, and A. Singh. Near-optimal sens

should choose the midpoint of the line. However, choos-

ing the point: half the time, anct the other half results in
an expected error ony/3 of the deterministic strategy. In
ongoing work, we are investigating the best possible distri

bution to use for sampling sets, on a line or in more gen-

eral settings. Even for the line, this problem is non-tiivia

the maximum improvement possible over the deterministic

strategy appears to lie strictly betweérand%.
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