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Abstract—In Wireless Sensor Networks (WSN), monitoring to compute the synopsis. Both energy efficiency and accuracy
applications use in-network aggregation to minimize energy gare important in time-critical monitoring. In many systems

overhead by reducing the number of transmissions. be_tween however, higher accuracy comes at a higher energy cost.
the nodes. We note that nearby sensor nodes monitoring an

environmental feature (e.g., temperature or brightness) tyjrally Olston et al. designed an adaptive bounded-width filter
register similar values. In this paper, we propose Clustered which trades precision for communication overhead [16].
AGgregation (CAG), which is a mechanism that reduces the Jainet al. tried to minimize resource usage under precision
number of transmissions and provides approximate results 10 requirement by designing a prediction system using Dual
aggregate queries by utilizing the spatlal_cqrrelatlon of sensor Kalman Filter (DKF) [7]. As such, sophisticated prediction
data. The result is guaranteed to be within a user-provided . : ooy p p
error-tolerance threshold. While a query is disseminated to the Schemes can be incorporated in WSN to prevent unnecessary
network, CAG forms clusters of nodes sensing similar values. data transmission.
Subsequently, only one value per cluster is transmitted up the  Techniques such as LEACH [5], TEEN [14], APTEEN [15]
aggregation tree. We use mathematical models and simulations use hierarchical clusters and routing to save energy. matte
with synthetic and empirical data to evaluate the efficiency- . . . ’
correciness tradeoff of CAG. Our simulation shows that with €t @l studied correlation between data spatial coherence and
highly correlated sensor reading and 10% error threshold, CAG routing efficiency using lossless compression [17].
can save the communication overhead by as much as 70.9% over PREMON [4] and TiNA [18] are similar to CAG. PREMON
TAG while incurring a modest 1.7% error in result. forms clusters based on a prediction model while CAG forms
clusters using real-time sensor values. TiNA exploits terap
_ o correlation in sensor data while CAG takes advantage of
In WSN, in-network query processing is a common Waypatial correlation to form clusters. Deshpaedel. proposed
to minimize communication by increasing path sharing 3s data acquisitional method based on statistical model [2].
in Directed Diffusion [6], TinyDB [12], and Cougar [20]. ynlike CAG, their study does not take into account packet
TinyDB, the landmark in-network query processing systefgsses in the network; neither do they use clusters.
for WSN, has a fixed set of query operators supported bycag exploits semantic broadcastl9] in order to reduce

a query processor. Alternately, directed Diffusion allaveers e communication overhead by leveragaptial correlation

to define their own in-network aggregation operators. A-regg characteristic of the data distribution. CAG achievilis e

based routing is used in Tiny AGgregation (TAG) [12], whilg;ent in-network storage and processing by allowing a uhifie

a data-centric routing is used in Dlrgctgd Diffusion [6]. mechanism between query routing (networking) and query
Structural [9] and habitat [13] monitoring, the most populayrgcessing (application). Instead of gathering and cosging

applications of WSN to date, can be efficiently implemented| the data (lossless algorithm), CAG generates synopsis

by using those in-network aggregation systems. They enaBle fijtering out insignificant elements in data streams §foss

a user to issue a query to be flooded to the network to buil orithm) to minimize response time, storage, computatio
data forwarding and aggregation plans. Such flooding-ba communication costs.

systems can be made more energy efficient by exploiting theAIthough environmental attributes such as temperature,

spatial (_:orrelatlon In sensor data. . light, and sound could be correlated over large distances,
Allowing for an approximate result, and not requiring agye e has been no in-network aggregation algorithm espipit

exact answe, enablis designing energy-efficient mEI’Ohan'sspatially correlated sensor data aiming at both efficieny a
to compute in-network aggregates. Approximate resultsbean recision challenges. To the best of our knowledge, CAGss th

used in an interacti\{e setting in which users may first gslafo first in-network aggregation algorithm exploiting spatiar-
rough picture of regional data before they decide to diolivd relation, which trades a negligible quality of result (psian)

further [3]. In this scenario, not every sensed data is requi ¢, 5 significant energy saving. CAG achieves this by foagisin
This research has been funded in part by NSF grants EEC-83201°0" @ few represen'Fatlve values rather than a large numbgr of
(IMSC ERC), 11S-0238560 (PECASE), 11S-0324955 (ITR) an8-D307908, redundant data. With denser sensor deployment, there &ill b

and unrestricted cash gifts from Microsoft. Any opinionsmdings, and even higher data correlation, which increases CAG's effimje
conclusions or recommendations expressed in this materighase of the and precision
author(s) and do not necessarily reflect the views of thedNati Science P '

Foundation. CAG is a lossy clustering algorithm because CAG uses
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TABLE | Fig. 1. An example execution of the Clustered AGgregatiommdgm.

PSEUDOCODE OF THECLUSTEREDAGGREGATION ALGORITHM )
a user-provided error-tolerance thresholdable | shows the

%seudocode of the CAG algorithm.
only the sensor values from the clusterheads to compute di CAG ts the TAG svnt ith
aggregate. Values of new clusterheads differ from the galu or encoding a query, augments the syntax with a

of parent clusterheads by at least the user-provided thigish ¢ resholdr. The user initiates CAG by specifying a quds

We systematically quantify the impact of spatial correlati ~ = QueryID, O;, 7 > 1o be injected into the network with

: - - - thresholdr for the monitoring attributeD;. Subsequently,
t -network t th A ’
g:g?)erir:ﬁ%r data on in-network aggregation by using the C %e base station broadcasts the query packet < UQ,

The rest of this paper is organized as follows. Section ﬁmenﬂD’ MylID, level, CE >, wherelevelis the depth

describes and analyzes the CAG algorithm. Section Il |rJJrlBseicr)1]c }hg ?juirr:etﬂt noder mt thbe formard:ng \f\:ﬁﬁ ' No:]e'\;tlgatwﬁRn Iisi
three different data sets, evaluation metrics, and sinoulat is(;;ceeive db 2?1l£ey (glus?e(r:gar%af:rme d wﬁ:ﬁ the for er din
results. Finally, Section IV concludes the paper. y ’ "a

tree is built.
Il. CAG: A LOSSYCLUSTERING TECHNIQUE FOR Once all the nodes receive the query packet, the response
AGGREGATION phase starts. At the end of each epoch, only clusterheads

transmit packets with the following tupl® = < ParentI D,

In this Section, we describe the CAG algorithm and analyzen;idrenl D, MR, CR >. Bridge nodes do not contribute

its efficiency and accuracy. their sensor readings to the aggregate, but they are relfire
) bridge the segments of the forwarding tree.

A. The CAG Algorithm Fig. 1 shows an example execution of the CAG algorithm.

CAG branches out from TAG for further energy saving byables in Fig. 1 describe main attributes embedded in a
using spatial correlation of data. TAG, a landmark systefuery packet (connected to the link) and a response packet
performing in-network aggregation, requires every nodeaie  (connected to the node). The sensor reading 50 of root node
ticipate in aggregation while CAG requires only represtvga (node 1) automatically becomes the first CR. When a node
values to participate in aggregation. The prevalence diapa(node 2) receives the query, it determines if its local vafliR
correlation in environmental phenomena makes it possibewithin the calculated tolerable error rangeR + CR x 7
for CAG to ignore redundant data and quickly generate dbetween 45 and 55 in this example). If MR is within this
overview of the data distribution. range, this node is included in the same cluster with the

The CAG algorithm operates in two phases: query arfdusterhead (cluster 1). Otherwise, this node becomes a new
response. During the query phase, CAG forms clusters wh@ldsterhead by assigning MR to CR. In our example, sensor
TAG-like forwarding tree is built using a user-specifiedoerr readings for nodes 2, 3, 4, and 6 are within the range, so they
thresholdr. In the response phase, CAG transmitsiagle stay in the same cluster. Clusterhead selection policyiegpl
value per cluster. CAG is a lossy clustering method; only the CAG is such that the first node becomes a clusterhead if
clusterheads contribute to the aggregation. its sensor reading is outside of the tolerable error range fo

A user-provided error thresholdr, is used while building CR. Where there is a high disparity among monitored sensor
clusters. Each node decides to join a cluster base@las- readings (node 5, 7, 8, 10), the new clusters are formed.
terhead sensor Reading (CRjd My local sensor Reading In response phase, only the clusterheads contribute their
(MR); if MR < CR + CR x 7, then the sensor is includedsensor readings to the aggregate. Node 2 in this example is
in the same cluster. That is why is interchangeable with a bridge node; it performs in-network aggregation (without
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N total number of sensor nodes 04} Y VV AN I LI T v T 2 P =
Ng E(Number of Query) 02 S -
0 0¥~
Nc E(Number of Clusterheads) 0 50 100 150 200 250 300 0 2 4 6 8 10
Ny E(Number of Bridges) D;; T
Np E(Number of participating nodes (a) Simulation model (one-hop prefect (b) Simulation with data generated using the
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p— "¢ b reliability) and Mathematical model aP. the relative errorE,. described in
Npe E(Number of transmissions) described in Equation (4)r(= 4, 10%) Equation (10) 1 = C3 = 1)
Npe = Ng + Np Fig. 2. Spatial correlation model of CAG: (d). and (b) E,.. CAG with

7 = n% is termedCAGn
TABLE 11

VARIABLE DEFINITION the Equations (1) and (2) as follows:

N. = 1+ N — E(size of root cluster

including its local reading) with values received from ngde =1+ N-(1+(N-1DF)

and 5. =N-(N-1)P, (3)
CAG forwarding tree is based on dynamic environmental N, = N for both TAG and CAG. In TAG, all the nodes

phenomena, so the clusterhead may change for every qu&spond to the query. Thugy,. = 2N for TAG. For CAG,

and response cycle. This prevents clusterheads from bagomVy,. = N, + N. = 2N — (N — 1) P, with uncorrelated data.
energy-draining bottlenecks. Now we model the performance of CAG when the sensor

data is spatially correlated based on each sensor’s gdugahp
o ) location in a two dimensional space.
B. Formalization and Analysis Spatially correlated sensor data is modeled and plotted in
ig. 2(a). Only the results with = 4% and10% are presented
e to space constraint. To mathematically model the fancti
of CAG, we computed Equation (1) using the CAG algorithm

In this Section, we try to formally quantify 1) the energ
saving of CAG in terms of number of transmissions and 2) t
accuracy of result in terms of and distance. Table Il defines der 1) sinale-h ¢ liabil .
the variables used in the following analysis. under ) single-hop, perfect re al lity (same assumpxﬂge

L . in the second paragraph of Section [I-B) and 2) multi-hop,

To simplify the analysis, we assume that the nodes are

laced in a two dimensional grid, and all nodes are within easured reliability.
plac ; gnd, S Although we assume single-hop lossless topologies in this
radio rangeR performing lossless communication. Also, we

nalysis, the prediction based on our mathematical model

assume that no node part|C|pa'_[es n multiple clus_,ters. We_ a%tches results from simulations with realistic node dgnsi
not include bridge nodes to simplify our analysis. That i

: . Packet losses, multiple hops, and data correlation (Fig))2

Np = N in Section [I-B.1. " Let P. be the pr([))babilig/ that any two nodes a(re@i)r)1 t(he
o ] ] same cluster in a scenario with correlated d&tadepends on

1) Number of transmissions with CAGVe first model the o factors: 1) level of spatial correlation in sensor read2)

performance of CAG in terms afumber of transmissionsith  the thresholdr. We assume that the distané®; is a single

uncorrelated i.e.i.i.d. random data normalized to [0, 1]. Tofactor that determines data correlatiaf. is proportional to

calculate the number of transmissions, we need to compete {fresholdr, but inversely proportional to the distande;; .

expected number of clusters because only clusterhead noggsed on this argument, we generate a mathematical model

transmit values. LeP, be the probability that a node is in theys Equation (1) in a two dimensional space as follows:
same cluster with the root node in a scenario with uncoedlat

data.P, is given by: c
w!S 9 Y Pe = [(Dijs7) = —05y 4)
Py = P(|v(n;) = v(ni)| < 7v(ng)lv(ni)) 1+ =58
~ f2ru(n) if v(n;) < =, ) where » " P, =1 and,
1= (1 =7(ng) if v(ni) > 7= Dij = | — x| + |yi — y;| and,
Because the root node is always in the root cluster, and + is threshold and: is constant.

all other p_odes](f — 1 nodes) are in the same cluster Wlth In theory, log(D;;) can impactP,. However, in our fol-

a probability P,, the expected size of the root cluster is 3%wing analysis ofN., log(D;;) is treated as a constant

follows: because our mathematical model in Fig. 2(a) is based on the
E(size of root cluster=1+ (N — 1)P, (2) level of correlation (which is a constant correspondinghte t

Hence, the expected number of clusters can be calculated froorrelation coefficient of 7H) observed in temperature data



from the Great Duck Island [13]. Thus, by combining (3) anth Section Ill, we show that ecological and real sensor data i

(4), the expected number of clusters is as follows : usually strongly correlated>7H) by using simulations. Due
N,=N-—(N-1)P.=N — C2c (N -1) to this high cqrrelation of sensor data, precision with even
I+ large 7 values is shown to be close to the exact result.
- N_ T (N —1), (5 We generalize the accuracy of result with random and
c1+7 correlated data. For the sameand N, as N.(Random) >
wherec; andc; are constants N.(Correlated), so N,(Random) > N,(Correlated) as
Thus, the total number of transmissions for CAG witlshown in 1I-B.1. As the density of nodes increases, the
spatially correlated data is: number of clusters with random data increases much faster
Npe = Ny + N.=N+N — (N —1)P. than the number of clusters formed with correlated data,
_oN_ _C2T (N —1) ©) but P.rror (Random) > PeTTOT(Correlated) becau;e the
o+ T ’ correlated data reduces the relative error as showrh@orem
wherec; andcs, are constants 2.1

Therefore, the communication overheads of TAG and To compute the closed-form expressionfof,or, P,z (|2 —
CAG in terms of number of transmissions aeeV and Z| < Z7) in Equation (7) can be described in the same way
2N — (N — 1)P. respectively with correlated data. as in Equation (1). We assume thats normalized to [0, 1].

Thus, by variable replacement,

2) Accuracy of result with CAGIn this Section, we com-

pute P..... which is the probability that theelative error P' = Py (|2 — z| < z7)

is greater than the user-provided error-tolerance thidsho 07 if 7 < L

where relative error is defined By, = ="l in which z is the = { . r (8
aggregated sensor readings. That is, how much an appreximat 1-QA-7z 2>

result computed by CAG (i.ez) is different from the correct HENCe,
result computed by TAG (i.ez). Perpor = 1= P
= i = 1
1—27'x7 !f;fgm, )
Perror = Pi,i( >T):Pjﬁj(|i'—(f|>i'7') (1—7’)x Ifx>1+%'
= 1- Py (|3 — 7| < 77) @) Fig. 2(b) shows the following mathematical model for the
- N, relative error §,.) deduced from the simulation model.
L Zi:%}\}’}p(ni), E,. = f(r) =log(t +2) — N./N
P T
andw,(n;) is the value of participating nodes. = log(1 +2) = (N - 1 (N-1)/N  (10)
Using Equation (7), we can deduce the fo”owing theorem Therefore, the relative error dependS on two factors: 1)
for the error bound of CAG. the level of correlation in data 2) the threshoild E,. is
Theorem 2.1: (Precision of CAGRelative error in the Proportional tolog(r) and—N./N, whereN, can be a good
result obtained from the CAG algorithm is guaranteed to Bedicator of the level of correlation.
within 7 only if data is correlated such th& > k, where m
N is the total number of sensor nodes dnis the number of ) ) .
clusters g = N, which is the number of participating nodes). N this Section, we performed several experiments to mea-

& — 7|

wherez =

. PERFORMANCEEVALUATION

Proof: relative errorE,. is sure 1) the efficiency and precision tradeoff 2) the effect of
z—2z| Nz—(Nz+(N-—k)7) density on efficiency, and 3) the effect of link reliabilityn o
E,. = - = Nz precision.
_ =N k) A. Data Sets
Nz

For our simulation study, we used three different data
sets: synthetic data using a statistical model, synthedia d
based on the ecological fractal model, and real sensor data
o gathered from Great Duck Island. Because more than 99.9%
Therefore, £, < 7 implies Pm(“”;””' > 1) = 0, which of raw temperature data from Great Duck Island is distrihute
meansP.,..., = 0. That is, if N > k and (z) > 1, the error between 3500 and 6500 raw ADC values, we generated our
in the approximate result from CAG is bounded by B synthetic data values in the same range (but different gevel
Note that the above theorem requit®¥s> k, i.e., the total of correlation) assuming we had a general knowledge of the
number of sensor nodes is far greater than the numberdafta distribution before deploying sensors.
clusterheads. This requirement is satisfied when the esdiige =~ 1) Synthetic data from the statistical mod&ensor data is
set is spatially correlated enough such thst— k) = N. Itis generated using the method suggested in [8] for a 26050m
non trivial to determine the magnitude &f and k£ at which two-dimensional grid. Five data sets with different degreé
this property holds, and this is a topic of our future worktdra correlation are generated with parametars= 1/2¢, 3, and

T N>k
X

T .
= —-<7ifz>1
T
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H = 1,3,5,7, and 9. Correlation coefficient H determinesB. Simulation Setup and Metrics
the level of correlation; an H of 1 generates data with almost
no spatial porrelgtion (similgr toi.d. ran'dom),' and a larger We used the Nido simulator [11] for our simulation study.
H results in a higher spatla_l corr_elatlon. Figures 3(.3) T\(R/e randomly placed 375 nodes in a 250850m grid which
ggle)HSh'?\r,]veﬂ\]/erizwrgr?E g]rca;?';:is(!yd'gtisgzgoan:edefjsnednl?g d rl%sults in at least a 5-hop topology with each node having an
o gra are p . .average of 17 neighbors. We used the loss profile from [21]
Fig. 3(g). The variogram, also called semivariance, is tt%e

: : 0_assign reliabilities to links between nodes. We gendrate
most common way to characterize the correlation betwe . . : ; . .
%_ different topologies with this configuration and averhge

paurs .Of pom'_ts separate_d by a_spatlz_:ll distance [1]. In PTORsults over 30 runs for each topology. We configured the
abilistic notation, the variogram is defined as follows$h) = ; - . . :
1 o . . bridge nodes to participate in aggregation. We implemented
sE[(X(p) — X (p + h))?] for all possible locationg, where - .
2 . Average, Count, Sum, and Standard Deviation aggregation
X (p) and X (p+ h) are the values at the head and tail of each e
air of points with the distanca operators but only present the results for Average in thigepa
P ' We choser = 0,0.5,1,2,4, and 10 because the maximum
variation (i.e., the difference between mean and maximum (o
2) Synthetic data from the ecology modalfe use the minimum)) in data is 25.8% in more than 99.9% of the entire
model provided in [10] to generate spatially correlatedadagsynthetic data set. We also generated topologies with 100%
with ecological (environmental) patterns (Fig. 3(f)). Bvereliable communication, and compared results with those fr
though this data is synthetic, it contains realistic spatitbssy topologies to understand the effect of packet loss on
patterns with known spatial properties. Fig. 3(g) incluties precision. We ran simulation using two other densitiesrspa
variogram of this pattern. This spatial pattern presenes t(0 neighbors/node) and dense (25 neighbors/node). Eagh nod
fractal characteristic of the environment with a high clatien  at position (x,y) uses the value from the correspondingtioosi
level between 7H and 9H. in the synthetic or empirical data sets.

The primary metric used for evaluation is the per-

3) Real sensor data from Great Duck IslanBour kinds of cent of thereduced number of transmissiomslculated as
modality (humidity, temperature, light, and pressure) soeed ”TX“;QG;(’T”%()(CAG) x 100, wherenT X is the number of
on Great Duck Island [13] constitute this data set. Differetransmissions. The number of packets transmitted excludes
modalities are in different units, but we used raw values muery packets because it is the same in both TAG and CAG
all cases. Variograms using real sensor data from Fig. 3(n¢gardless ofr). Transmission cost is a good estimate of
and synthetic data from Fig. 3(g) show similar magnitude amhergy cost in WSN because radio transmissions consume
pattern (with each modality corresponding to differenelesf far more energy than any other operation in a node. Another
correlation in (g)). Thus, the synthetic data generatedgsa metric is therelative error of the result with a givenr
estimate of the real sensor data. As these sensor nodestarealoulated ag?*"meteficsull —CorrectResulil , 100, Finally, the
deployed in a grid, distances are subdivided into a numberreduced number of transmissions was compared in 3 different

intervals calledagsto simplify variogram computation [1]. densities.
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Fig. 4. Simulation result on performance and precision withtlsgtic data. CAG withr = n% is termedCAGn
C. Results on Efficiency and Precision Fig. 4(d) and Fig. 4(e) show the communication and error

As shown in Fig. 4(a), CAG performs fewer transmis’gradeoff with lossy and lossless topologies. We found that t

sions, as more error is allowed in the result by increasirgﬁsu!tS using spatiall p_attern from ecplogy data_ described |
. With highly correlated data (9H), CAG with of 0.5% ection 1lI-A.2 are 3|m|lar to.those using synthetlg dgtéldf
and 1% resulted in 37.3% and 57.9% savings, respectivewd 9H_as described in Sectlon_ III_-A.1. This may|nd|cat_e tha
in communication cost over TAG. Fixing, with increasing t ee_znvwonmental phenomena is highly correlgted, copsiist
data correlation, we observed reduction in communicatiGh?y'"9 hetween -7H.and 9H. .If we oply consider the r-ed.uced
overhead. With ar of 4% and data generated with 7H and]umber.of transmlssm_ns metric, spatial pattern shqws E_bamm
9H. we observed CAG has 38.4% and 64.3% reduction ﬁ:r?rrelann property with 5H and 7H as presented in Fig..4(f)
the number of transmissions over TAG. Results with losslessF9- 5(2) and Fig. 5(b) present performance and relative
topologies are similar and are omitted due to space constraf!Tor using the empirical data from Great Duck Island tofyeri
Fig. 4(b) shows the correctness of the result returned Bﬂya emstenge of dlﬁerent levels o'f spatial correlationréal
CAG. With lossy topology (unreliable links), errors incsea S€NSOr readings. While the relative errors for pressure and
non-monotonically withr. With lossless topologies (100%!€mperature are almost always bounded by the threshold
link reliability), the result was as expected as shown i€ relative errors for light and humidity are generallyajes
Fig. 4(c), since a larger always results in a larger error.than7. Pressure reading mg_xmally bgneﬁts from using CAG
With both topologies, an increase in H was accompanied by HiPre thah any other modallt.le.s, both in terms of performance
increase in error due to the high disparity between clusteh and_ relative error_becayse it is the most strongly corrélate
and non-clusterhead sensor readings. However, with logdjvironmental attribute in all these data set.
links, ar of 4 and an H of 7 result in a small relative error of Fig. 5(c) presents the reduced number of transmissions for
1.7%. With all and H values, relative error is always boundegifferent densities wherr is fixed at 0.5%. With a denser
by 7 except for a few cases witH = 9, where the error differs node deployment, CAG saves more energy by exploiting the
by less than 1%. This discrepancy can be attributed to tiit¢reased correlation in readings from closeby sensorus8p
cluster size oblivious aggregation in CAG. In some simaolati deployment results in weaker data correlation, which iases
runs, we found a large number of clusterheads in the narr&¢ energy overhead for CAG.
diagonal band of Fig. 3(e). Aggregate from those clusters,In short, the following characteristics were observed be-
when combined (averaged) with aggregate from relatively feween correlation level, threshold, and performance aedipr
clusters from elsewhere, results in an error biased towtaats sion of CAG. As data becomes more correlated and the user-
of the narrow band. To address this problem, the next versigiven threshold larger, fewer transmissions were observed
of CAG takes into account the cluster size while computing/hen 7 < 10%, with higher data correlation and larger
aggregates. threshold, higher relative error was observed. When-=
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