
An Experimental Study of the E�ectiveness of
Clustered AGgregation (CAG) Leveraging Spatial
and Temporal Correlations in Wireless Sensor
Networks

SUNHEE YOON and CYRUS SHAHABI
Department of Computer Science
University of Southern California

Sensed data in Wireless Sensor Networks (WSN) re
ect the spa tial and temporal correlations
of physical attributes existing intrinsically in the envir onment. In our previous work, we proposed
CAG (Clustered AGgregation) which exploits this spatial co rrelation to trade-o� accuracy for
e�ciency during in-network aggregation. In this paper, we p resent the updated CAG algorithm
that forms clusters of nodes sensing similar values within a given threshold (spatial correlation),
and these clusters remain unchanged as long as the sensor values stay within a threshold over time
(temporal correlation). With CAG, only one sensor reading p er cluster is transmitted whereas
with Tiny AGgregation (TAG) all the nodes in the network tran smit the sensor readings. Thus,
CAG provides energy e�cient and approximate aggregation re sults where the error is bounded by
a user-provided threshold.

In this paper we extend our study in �ve directions: First, we design CAG for two modes of
operations (interactive and streaming) to enable CAG to be u sed in di�erent environments and
for di�erent purposes. Interactive mode is appropriate for dynamic and ad-hoc queries, whereas
the streaming mode is appropriate for continuous queries. S econd, we propose a �xed range
clustering method which makes the performance of our system independent of the magnitude
of sensor readings and the network topology. Third, using mi ca2 motes, we perform a large-
scale measurement of real environmental data (temperature and light, both indoor and outdoor)
and the wireless radio reliability, which were used for both analytical modeling and simulation
experiments. Fourth, we model the spatially correlated dat a using the properties of our real world
measurements. Fifth, we investigate the e�ectiveness of CA G that exploits the temporal as well
as spatial correlations using both the measured and modeled data.

Our experimental result shows that CAG in the interactive mo de, with the user-provided error
threshold of 10%, can save 50% of energy over TAG with only 4% i naccuracy in the result. The
streaming mode of CAG can save even more energy (up to 73.21%) over the interactive mode when
data shows high temporal correlation. CAG is the �rst system that leverages spatial and temporal
correlations to improve energy e�ciency of in-network aggr egation. This study analytically and
empirically validates CAG's e�ectiveness.
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1. INTRODUCTION

In-network query processing and data aggregation are widely used to save energy,
increase scalability, and reduce computation in many monitoring applications of
WSN such as wildlife habitat monitoring [Szewczyk et al. 2004], structural health
monitoring [Xu et al. 2004], moving target tracking [Fang et al. 2003], toxic waste
monitoring, and seismic monitoring [Husker et al. 2003].

There has been a number of research studies pursuing e�cient in-network aggre-
gation in the literature [Intanagonwiwat et al. 2000; Madden et al. 2002; Yao and
Gehrke 2003]. A tree-based routing is used in TAG [Madden et al. 2002], while a
data-centric, gradient based routing is used in Directed Di�usion [Intanagonwiwat
et al. 2000]. TAG, the landmark in-network query processing system based on an
aggregation tree, supports data aggregation utilizing a number of sensor nodes.
TAG has a �xed set of query operators and a query processor that runs on each
node. Alternately, Directed Di�usion allows users to de�ne their own in-network
aggregation operators. Neither of these systems exploit the spatial correlation of
data to achieve even more e�cient in-network aggregation.

Tobler's �rst law of geography states that \Everything is related to everythi ng
else, but near things are more related than distant things" [Tobler 1970]. This
statistical observation implies that data correlation decreases with increasing spa-
tial separation. By leveraging this spatial property of sensor data, we proposed a
scheme called Clustered AGgregation (CAG) [Yoon and Shahabi 2005] to improve
existing in-network aggregation mechanisms. CAG forms clusters of the sensor
nodes sensing similar values and transmits only a single value per cluster as op-
posed to a single value per node in TAG-like schemes. Thus, CAG can signi�cantly
reduce the number of transmissions which results in energy savings by incurring
a small error in query result. A user-provided error threshold, � , is a parameter
provided by the user to describe the accuracy requirement of the result. This error
threshold is used while building clusters such that the di�erence among the sensor
readings in the cluster is bounded by the threshold. This ensures that the resulting
approximate answeralways stays within the error threshold of the correct answer.

In this paper, we extend CAG to operate in two modes, interactive and streaming
modes, depending on the dynamics of the environment. The interactive mode
alternates query and response phases. This is appropriate for scenarios where the
environment (network topology and data) changes dynamically, or users change
the approximation granularity or query attributes over time. On the other hand,
in the streaming mode, the clusterheads keep transmitting streams of response for
a query that is issued just once. This mode of operation is appropriate when the
environment does not change as frequently and the query remains valid for a certain
period of time. Note that the interactive mode of CAG only exploits the spatial
correlation of the sensor data to form clusters, whereas the streaming mode of CAG
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leverages both temporal and spatial correlations. The latter adjusts clusters locally
as the data and topology change over time, so the cluster adjustments are infrequent
when the data is more temporally correlated. With the interactive mode of CAG,
we do not count the number of nodes per cluster for every query. Therefore, we give
the sameweight to di�erent clusters independent of their size. With the streaming
mode, however, we count the number of nodes per cluster for every query and
use the cluster size as a weight to compute the aggregate function. Therefore, the
results of the streaming mode are more accurate than those of the interactivemode.

The advantage of CAG is the high precision of approximate results (errors are
bounded by a user-provided error threshold) and it still saves a signi�cant amount
of energy by using only outlier samples. This bene�t ampli�es when the number
of sensor nodes, the density of node deployment, and the level of data correlation
(both spatial and temporal) increase. Although the interactive mode of CAG is
oblivious to the number of nodes within a cluster, it still provides a good approx-
imation when the data is normally distributed and highly correlated. However,
the interactive mode cannot guarantee that the result is within the error threshold
while the streaming mode can. CAG is a mechanism to implement or augment into
the existing sensor network query system without OS/infrastructure modi�cation;
it requires only a single additional clause (in the syntax used by TAG) to spec-
ify the user-provided error threshold value. To the best of our knowledge, CAG
is a novel system for e�cient approximation of in-network aggregation in tha t it
supports semantic broadcast[Woo et al. 2004] by leveraging both the spatial and
temporal correlations prevalent in the real world data.

In this paper, we propose an upgraded CAG which provides a uni�ed functional
framework that performs well independent of the size of the network (number of
nodes and area) and the values of the sensed data. We verify the e�ectiveness of
our modi�ed CAG algorithm under real world scenario with empirical sensor data
and mica2-based wireless link quality measurements. We study the performance
and accuracy of CAG using both simulations and analytical models.

We summarize the main contributions of this paper as follows:

|Customization: We designed two modes of CAG (interactive and streaming)
depending on the application purposes and the environmental characteristics.

|Data independent clustering: Current CAG groups nodes into the same cluster
if their sensor readings fall within a �xed range. Fixed range clustering, as
opposed to the variable range clustering from our previous work, ensures that the
performance of CAG becomes independent of the magnitude of sensor readings
and network topology1.

|Measurement: We performed a large-scale measurement of the environmental
data (temperature and light, both indoor and outdoor) using mica2 motes. We
also measured the wireless link reliability using mica2 radios at di�erent trans-
mission powers.

|Model: We modeled the spatially correlated sensor data using our real-world
measurements. Our data model captures two kinds of spatial property: linear
and spherical.

1Section 5.3 and 6.1 describe this property in detail.
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|Spatio-temporal correlation: We investigated the e�ciency of CAG by exploiting
the temporal as well as spatial correlations using both our measured and modeled
data.

Our experimental results with measured data and link reliability indicate that
CAG, with error threshold = 10%, can save up to 51.25% of transmissionsover
TAG in the interactive mode. The streaming mode can save up to 73.21% over the
interactive mode in two hours when data shows high temporal correlation.

This paper subsumes our previous work [Yoon and Shahabi 2005]. The previous
version of CAG was not evaluated based on systematic large scale measurement of
sensor data. Thus, it provided incomplete results. For example, in our previous
work, we did not consider the potential problems from using data that does not
follow a normal distribution. Running CAG with synthetic data always result ed in
an error bounded by the user-provided error threshold. However, we discovered that
the error is not bounded by the user-provided error threshold under experiments
using the measured data from the Great Duck Island [Mainwaring et al. 2005],
because the data did not follow a normal distribution. We address this problem by
proposing the streaming mode of CAG which counts the number of nodes within
a cluster to assign weights to the clusterhead values. In addition, our previous
method of clustering results in variable range clusters and the accuracy of result
depends on the magnitude of the clusterhead sensor value. This made our earlier
analysis of CAG intractable for the multi-hop wireless environments. To solve this
problem, we propose the �xed range clustering.

The remainder of this paper is organized as follows. Section 2 presents the related
work and Section 3 describes the modi�ed CAG algorithm. Section 4 discusses
the interactive and streaming modes of CAG including how CAG takes advantage
of temporal correlation. Section 5 presents the data measurements, the spatial
data models, and our analysis. Section 6 describes the evaluation metrics and
our experimental setup, and reports the results from our experiments. Section 7
concludes this paper.

2. RELATED WORK

Several in-network aggregation techniques have been proposed for energy-e�cient
communication in WSN. TinyDB [Madden et al. 2002], Directed-di�usion [In-
tanagonwiwat et al. 2000], and Cougar [Yao and Gehrke 2003] are the �rstgen-
eration of in-network aggregation systems. These approaches use tree or Directed
Acyclic Graph (DAG) topology as an underlying routing framework. However, they
do not consider further energy optimization using spatial or temporal correlation
and approximate aggregation.

More recently, two approaches, Digest Di�usion [Zhao et al. 2003] and Synop-
sis Di�usion [Nath et al. 2004] are proposed to support robust communication
for duplicate-insensitive and duplicate-sensitive aggregates, respectively. However,
these two systems are not without energy overhead. Digest Di�usion requires each
node to maintain link quality statistics to construct the routing tree. Synopsi s Dif-
fusion with adaptive ring topology consumes slightly more energy than TAGdue to
its redundant transmissions and receptions. CAG achieves signi�cant energy sav-
ing compared to TAG by exploiting spatial and temporal correlations and allowing
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negligible error in the result.

There has been various research on optimizing tree-based routing. [Cristescu
et al. 2004] proposed a distributed approximation algorithm for correlated data
gathering in a tree topology. The authors suggested a coding strategy based on
Slepian-Wolf model and joint entropy coding model to jointly optimize the trans-
mission structure of the tree and data allocation at a node. [Goel and Estrin2003]
proposed a randomized tree structure algorithm which simultaneously optimizes all
concave non-decreasing aggregate functions. CAG's approach is di�erent: it is not
about optimizing the routing tree by forming better trees; it is about optimizi ng
(minimizing) both energy usage (forwarding) and resulting error (application) using
an existing query routing tree.

Allowing for an approximate result instead of requiring an exact answer enables
designing energy-e�cient in-network aggregation mechanisms. Approximate results
can be used in an interactive setting in which users may �rst ask for a rough picture
of regional data before they decide to drill-down further [Ganesan et al. 2003]. In
this scenario, not every sensed data is required to compute the synopsis. [Considine
et al. 2004] proposed an approximate aggregation technique by generalizing the Fla-
jolet and Martin duplicate-insensitive sketches for duplicate-sensitive aggregates. It
is known that both energy e�ciency and accuracy are important in time-critical
monitoring. In many systems, however, higher accuracy comes at a higher energy
cost. CAG addresses this problem by providing bounded approximate result with
signi�cant energy reduction.

[Olston et al. 2003] designed an adaptive bounded-width �lter in which �lter
widths are adjusted continually to match current data dynamics. In this scheme,
distributed data streams transmit a bounded approximate answer to the centralized
site with reduced overhead. [Jain et al. 2004] tried to minimize resource usage while
satisfying the precision requirement by designing a prediction system using Dual
Kalman Filter (DKF). As such, sophisticated �lter or prediction scheme can be
incorporated in WSN to prevent unnecessary data transmission. User-provided
error threshold � functions as a precision requirement in CAG with �xed-width
�lter.

There have been many studies modeling spatial correlation property in the con-
text of WSN. [Deshpande et al. 2004] proposed a model-based query prototype
called BBQ which uses a model based on time-varying multivariate Gaussians.
[Guestrin et al. 2004] proposed distributed regression, which is an e�cient andgen-
eral framework for in-network modeling of sensor data. In this work, rather than
communicating the data, nodes communicate constraints on the model parameters
thereby signi�cantly reducing the communication cost. [Jindal and Psounis 2004]
proposed a method to generate spatially correlated data based on a mathemati-
cal model. [Lennon 2000] demonstrated the consequences of ignoring the spatial
autocorrelation, i.e. variogram, using synthetic but realistic spatial pattern with
known spatial property (fractal model). They show that if spatial autocorrel ation
is ignored, then the analysis of ecological patterns produces very misleading results.
[Rossi et al. 2004] modeled the di�usion phenomena using the Partial Di�erential
Equations (PDE's) in order to estimate parameters for di�usion monitori ng. [Fer-
nandez and peter J. Green 2002] modeled spatially correlated data in a Bayesian
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framework using statistical approach. In this study, we statistically model the spa-
tial correlation property with the measured environmental data using variogram
and PDF (Probability Density Function) as a function of internode distance. We
observed three data models (linear, spherical, and gaussian) which describe the
data from our measurement study.

Techniques such as LEACH [Heinzelman et al. 2000], TEEN [Manjeshwar and
Agrawal 2001], APTEEN [Manjeshwar and Agrawal 2002] use hierarchical clusters
and routing to save energy. LEACH [Heinzelman et al. 2000] forms cluster based
on the received signal strength and uses local clusterhead as routers. Transmissions
are made only by clusterheads. LEACH utilizes randomized rotation of local clus-
terheads to evenly distribute the energy overhead among the sensors in the network.
TEEN [Manjeshwar and Agrawal 2001] is another hierarchical protocol designedto
be responsive to sudden changes in the sensor readings. The nodes transmit sen-
sor readings only when they fall below or above the speci�ed thresholds. While
this saves energy, it is not suitable for applications that require periodic reports.
APTEEN [Manjeshwar and Agrawal 2002] addresses both periodic data collection
and prompt reporting of time-critical events. None of these protocols, however,
leverages spatial and temporal correlations to improve e�ciency.

[Pattem et al. 2004] analyzed the total cost for jointly optimizing the routing
performance and data compression using the joint entropy of sources leveraging
underlying spatial correlation. Authors claimed that there exists a static, near op-
timal cluster size for ranges of spatial correlation. Alternatively, CAG is an adaptive
routing scheme with lossy aggregation which provides the bounded approximation
where the resulting error is smaller than the user-provided error threshold.

PREMON [Goel and Imielinski 2001] and TiNA [Sharaf et al. 2003] are similar
to CAG. PREMON forms clusters based on a prediction model while CAG forms
clusters using real-time sensor values. TiNA exploits temporal correlation in sen-
sor data while CAG takes advantage of both spatial and temporal correlations in
sensor data. [Deshpande et al. 2004] proposed a data acquisition method based on
statistical models. Unlike CAG, they do not provide approximate results. They do
not form clusters; neither do they take into account packet losses in the network.
[Gupta et al. 2005] proposed an e�cient data gathering algorithm exploiting the
spatial correlation. However, their algorithm is not based on the clustering tech-
nique and the overhead from selecting the connected correlation-dominating set
compromises the e�ciency of the proposed algorithm. In addition, their work is
not validated empirically using the measured sensor data and does not address the
network and data dynamics.

CAG exploits semantic broadcast [Woo et al. 2004] in order to reduce the commu-
nication overhead by leveraging spatial and temporal correlations. CAG achieves
e�cient in-network storage and processing by allowing a uni�ed mechanism between
query routing (networking) and query processing (application). Instead of gather-
ing and compressing all the data (lossless algorithm), CAG generates synopsisby
�ltering out insigni�cant elements in data streams (lossy algorithm) to mini mize
response time, storage, computation, and communication costs.
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3. OVERVIEW OF THE CAG ALGORITHM

CAG, originally introduced in [Yoon and Shahabi 2005], requires only represen-
tative values to participate in aggregation by forming clusters leveraging spatial
correlation of data. On the other hand, TAG, a landmark system performing in-
network aggregation, requires every node to participate in aggregation. The preva-
lence of spatial correlation in environmental phenomena makes it possible for CAG
to ignore redundant data and quickly generate a synopsis of the data distribution
with signi�cant energy savings.

The CAG algorithm operates in two phases: query and response. During the
query phase, CAG forms clusters when TAG-like forwarding tree is built using a
user-speci�ed error threshold � . In the response phase, CAG transmits asingle
value per cluster. CAG is a lossy clustering method in that only the clusterheads
contribute to the aggregation.

Algorithm 1 Pseudocode of the CAG algorithm
1: Function Query.Received :
2: if (CR � Range� � ) � vij < (CR + Range� � ) then
3: clusterhead = F ALSE ;
4: broadcast queryQ;
5: else
6: CR = MR ;
7: clusterhead = T RUE;
8: broadcast queryQ;
9: end if

10:

11: Function Response.Received :
12: enque response packet R to the buf f;
13:

14: Function Epoch.Fired :
15: if clusterhead then
16: forward aggregate(buf f + MR );
17: else if size(buf f ) > 0 then
18: forward aggregate(buf f );
19: end if

A user-provided error threshold, � , is used in CAG while building clusters. Each
node decides to join a cluster based onClusterhead sensor Reading (CR)and
My local sensor Reading (MR); if jMR � CRj < Range � � , where Range =
MaxV alue � MinV alue of the entire data set2, then the sensor node joins the
cluster. Forming clusters using� is termed � -approximation, because� also func-
tions as the error bound of the result such that jEstimatedResult � CorrectResult j

Range < � .

2We assume the knowledge of the maximum and minimum values of t he entire data or we can
obtain these values by running CAG with � = 0 in the beginning.
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This is why � , a user-provided error threshold, is interchangeable with auser-
provided error-tolerance threshold. Algorithm 1 shows the pseudocode of the CAG
algorithm.

For encoding a query, CAG augments the TAG syntax only with a threshold �
clause. A user initiates CAG by specifying a queryUQ = < QueryID; O i ; � >
to be injected into the network with a threshold � for the monitoring attribute
Oi . CAG supports disseminating multiple queries with di�erent QueryID and Oi .
Subsequently, the base station broadcasts the query packetQ = < UQ , P arentID ,
MyID , level, CR > , where level is the depth of the current node in the forwarding
tree. Note that CR is included in the query to be compared with each MR when it
is received by a node. Clusters are formed when the forwarding tree is built.

Once all the nodes receive the query packet, the response phase starts. At the
end of each epoch, only clusterheads transmit packets with the following tuple:R =
< P arentID , ChildrenID , MR , CR > . If the clusterheads cannot communicate
with each other, the intermediate nodes, termedbridge nodes, are required tobridge
the segments of the forwarding tree. Bridge nodes do not contribute their sensor
readings to the aggregate by default, but they can optionally participate in the
aggregation because they transmit the packets anyway. A more detailed example
of the CAG algorithm execution is described in [Yoon and Shahabi 2005].

4. CAG'S TWO MODES OF OPERATION

Depending on the purpose of deployment, dynamics of networks, and the rate at
which data changes, CAG can work in two modes: interactive and streaming. In
the interactive mode, CAG generates response packets whenever a node receives
a query message, whereas in the streaming mode, for a given query, CAG keeps
on generating responses at a speci�ed time interval. The interactive mode of CAG
exploits only the spatial correlation of sensed data, whereas the streaming modeof
CAG takes advantage of both spatial and temporal correlations of data.

4.1 Interactive Mode

The interactive mode of CAG alternates query and response phase for each user
query. During the response phase, only clusterhead nodes transmit the query result,
so the resulting aggregation is oblivious to the underlying number of sensor nodes.
This mode eases user interaction by allowing a user to interactively re�ne queries.
While monitoring physical phenomena using a large sensor network, a user may
initiate a query with a larger threshold value to get a rough picture of the whole
data and may decide to set up a smaller threshold value to fetch data at a �ner
granularity only from interesting regions. Fig. 1(a) depicts the interacti ve mode of
CAG.

The interactive mode is appropriate in an environment where the physical at-
tributes being sensed such as temperature and light change rapidly, and the net-
work connectivity changes unpredictably because CAG, in this mode, builds a new
forwarding tree each time a query is sent out. This newly formed clustered tree
can address the dynamics of network and data on the 
y. This adaptation makes
it possible to use energy in a more balanced way compared to the streaming mode
described in Section 4.2 because the clusterhead node is not �xed for each query.

However, the interactive mode requires the additional overhead for broadcasting a
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(a) Interactive mode of CAG: a single response
per query.

2

8

5

9
10

4

3

6

Cluster1

Cluster4 Cluster2 Cluster5

1

t1
t2
t3

7 12

11

Cluster3

13

(b) Streaming mode of CAG: multiple responses
(at times t 1 < t 2 < t 3, etc.) per query.

Fig. 1. Two modes of CAG's operation: interactive and streaming modes. Thesolid
lines indicate the query propagation and the dotted lines indicate the response.
Black nodes are clusterheads, gray nodes are bridges, and white nodes are non-
participating nodes.

query each time a user wants new data from the network. This frequently rebuilding
the tree can be wasteful if the sensed data is almost the same over time. If data
is unchanged, clusterhead nodes and the forwarding tree is likely to be the same.
Moreover, in the interactive mode, CAG does not count the number of nodes within
a cluster; this may trade the accuracy of result for energy saving by reducing the
number of packet transmissions. In our earlier experiments using the measured
data from the Great Duck Island [Yoon and Shahabi 2005], we observed that CAG
may result in an out-of-bound error, regardless of the error threshold and data
correlation, when the data values do not follow the normal distribution. Even
though CAG, in the interactive mode, provides results that are less accurate, the
interactive mode can immediately address the changing environment into the result,
which enables a user to estimate the changing pattern of physical phenomena. Note
that the interactive mode only leverages the spatial correlation of data and cannot
take advantage of the temporal correlation.

4.2 Streaming Mode

The streaming mode of CAG generates multiple responses per query. These re-
sponses are generated periodically. This saves query broadcasting overhead com-
pared to the interactive mode which requires 
ooding a new query to the network
every time a result is desired. Fig. 1(b) depicts the streaming mode of CAG.

The streaming mode of CAG can be used to overcome the out-of-bound error
(explained in Section 4.1) of the interactive mode. With the streaming mode, each
member of the cluster sends a packet to the clusterhead so that the clusterhead can
calculate the size of the cluster. The count is updated only when cluster adjustments
happen. In an environment where sensor reading and network topology are static,
clusters change, split, or merge rarely. Thus, the model based clustering or the
optimized clustering method for speci�c scenario can be successfully applied in the
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Interactive Mode Streaming Mode

Description Single response per query Multiple responses per query
(periodic or event driven)

Appropriate
for

Dynamic environment (data
and network topology)

Static environment (data and
network topology)

Exploiting
property

Spatial correlation Spatial and temporal correla-
tion

Clustering Di�erent cluster and cluster-
head per query

Same cluster and clusterhead
for a certain period of time

Advantages 1) Good for reactive, interac-
tive, one-shot query 2) On-
line approximation addressing
dynamics 3) Good estimation
when data is normally dis-
tributed 4) Fair energy usage:
does not need clusterhead rota-
tion

1) Good for proactive/reactive
query (periodic response or
event driven) 2) Appropriate
for model-based clustering 3)
Saves query transmission over-
head 4) Accurate: bounded er-
ror even without normally dis-
tributed data

Disadvantages 1) Query broadcast overhead
per query 2) Not accurate when
data is not normally distributed

1) Unfair energy usage: Energy
bottleneck at clusterhead with-
out rotation technique 2) Extra
overhead and complexity from
clusterhead rotation policy and
counting the number of nodes
in a cluster

Table I. Comparison of two modes of CAG's operation: interactive and streaming.

streaming mode in a static environment.
Counting the number of nodes within a cluster ensures the accurate aggrega-

tion result. The clusterhead node transmits the product of the clusterhead value
and the size of its cluster as a response to the query. This transmission of the
weighted aggregate as opposed to the clusterhead value ensures that the resulting
error is always bounded by the threshold even with the data that is not normally
distributed.

When we count the number of nodes per query, the energy overhead increases
due to the increased communication. Fortunately, re-computing the size of the
cluster will not happen often in static environments, so the bene�t from reducing
the redundant query messages overcomes this extra overhead.

The clusterheads are �xed throughout the duration of the query in the streaming
mode. Thus, the clusterheads can become an energy bottleneck. This mode thus
needs a clusterhead rotation technique to maximize the network lifetime. The rota-
tion policy can be in terms of the remaining energy [Heinzelman et al. 2000], number
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(a) Picture of the Exposition
Park in Los Angeles.

(b) 4th 
oor of Tutor Hall at
USC.

(c) Map of the Great Duck
Island with sensor
deployment.

Fig. 2. Pictures of outdoor and indoor environments where the data is measured
with the map of the Great Duck Island.

of links, etc.3 Incorporating an energy and computationally e�cient clusterhead
rotation technique is a challenging task.

Table I compares these two modes of CAG operations.

4.2.1 Temporal Correlation. Spatial correlation of data is the primary property
exploited by the CAG algorithm. The interactive mode, in fact, only takes advan-
tage of the spatial correlation. Clusters from the streaming mode of CAG adjust
locally depending on the data and topology changes, so this encompass the tempo-
ral as well as the spatial correlation of the sensed data. Increased network and data
dynamics can trigger frequent cluster changes. As the environment becomes more
static, the cluster adjusting overhead becomes smaller. E�cient adaptive clustering
is one of the research challenges in ad hoc networks. Existing works on dynamic
clustering address node mobility and topology dynamics but not data dynamics.

5. MEASUREMENT, MODEL, AND ANALYSIS

In this section, we describe 1) our setup for the environmental data measurement
and the collected data sets, 2) the spatial data model of the measured data, 3) the
analysis of performance and accuracy.

5.1 Data Sets

For the model, analysis, and simulation, we used the following four data sets: 1)
our own measured sensor data from the Exposition Park and Tutor Hall (node
placement in a regular grid), 2) measured sensor data gathered from the Great
Duck Island (irregular node placement), 3) synthetic data using a statisticalmodel,
and 4) synthetic data based on an ecological model. Even though the environmental
attribute being sampled is continuous (e.g., temperature), discrete samples of the
attribute is used in our study.

We usedsemivariogram to compare the correlation property of each data set. The
semivariogram4 is the most common way to characterize the correlation between

3This is a topic we plan to investigate later.
4We simply refer the semivariogram as a variogram from now on. The di�erence between the
two is the multiplicative factor of 2 which only e�ects the ma gnitude and not the trend of the
statistics.
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pairs of points separated by a spatial distance [Dale et al. 2002]. In probabilistic
notation, the variogram is de�ned as follows: 
 (h) = 1

2 E[(X (p) � X (p + h))2] for
all possible locationsp, where X (p) and X (p + h) are the values at the head and
tail of each pair of points at a distanceh.

5.1.1 Sensor data measurement in a regular grid.We measured two modalities
(light and temperature) of real data using mica2 motes and MTS 300 sensor boards
in two di�erent environments, indoor on the 4th 
oor of Tutor Hall at USC and
outdoor at Exposition Park in Los Angeles. At each position, the mote and the
sensor board was placed on the ground and data is measured twice to understand
the sensitivity of data depending on the sensor board's orientation: (1) the sensor
board facing the sky and (2) the sensor board facing the ground. Samples are taken
at 200 millisecond interval; arithmetic mean of twenty values makes one reading
to prevent getting an inaccurate data which might be generated from the single
instance of malfunctioning sensor.

| Outdoor environment (Exposition Park in Los Angeles): We measured
the environmental data at 100 (10� 10) locations using the mica2/MTS 300 with
10 meter internode distance in the Exposition Park located in Los Angeles. Light
and temperature readings were taken at four di�erent times (1, 4, 6, 7 PM) of the
day. We decided 10 meter as an internode distance because less than 10 meter
is too redundant to monitor the outdoor environment thereby may waste extra
energy. Also, the mica2 mote radio (433 MHz Chipcon CC1000) is reliable upto
a little more than 20 meters even with the default transmission power as shown
in Fig. 10(b).

| Indoor environment (4th 
oor of Tutor Hall at USC): We took mea-
surement at 40 locations using mica2/MTS 300 with 5 meter internode distance
in the rooms and hallway on the 4th 
oor of Tutor Hall at USC. Nodes sensed
2 modalities (light and temperature) at 7 PM. We deployed the sensors more
densely than outdoor environment because the data is a�ected by various in-
door equipments (desks, chairs) and building (walls, windows). These factors
can weaken the radio transmission, too.

The part of light and temperature data measured from the Exposition Park is
presented in Fig. 35. The variograms of data measured from the Exposition Park
(sensorboard up) and Tutor Hall are presented in Fig. 5.

5.1.2 Data with irregular mote placement on the Great Duck Island.The four
kinds of modalities (humidity, temperature, light, and pressure) measured on the
Great Duck Island [Mainwaring et al. 2005] constitute this data set. Di�er ent
modalities are in di�erent units, but we used raw values in all cases. Most vari-
ograms using the real sensor data from the Great Duck Island (Fig. 6(a)), Exposi-
tion Park (Fig. 5(b), 5(a)), and Tutor Hall (Fig. 5(e)) show the linear functional
pattern similar with that of ecological spatial pattern (Fig. 6(a)) in di�erent mag-
nitude. This is an evidence that the synthetic ecological data model (Section 5.1.4)
captures spatial property of real physical data.

5Here we do not show all the data we measured due to space constr aint.
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(a) Light data at 1 PM.
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(b) Light data at 4 PM.
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(c) Light data at 6 PM.
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(d) Light data at 7 PM.
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(e) Light data at 1 PM (sensorboard down).
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(f) Light data at 7 PM (sensorboard down).
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(g) Temperature data at 1 PM.
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(h) Temperature data at 4 PM.
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(i) Temperature data at 6 PM.
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(j) Temperature data at 7 PM.

Fig. 3. Measured light and temperature data from the Exposition Park. All the
sensorboards are facing the sky except (e) and (f) in which case the sensorboards
are facing down. ACM Transactions on Sensor Networks, Vol. V, No. N, August 20 05.
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(a) 7 h data. (b) 9 h data. (c) Spatial pattern data.

Fig. 4. Synthetic data using statistical model (7h and 9h) and ecological model
(spatial pattern).

As these sensor nodes are not deployed in a grid (irregular internode distance),
distances are subdivided into a number of intervals calledlags to simplify variogram
computation [Dale et al. 2002].

5.1.3 Synthetic data from the statistical model. Sensor data is generated us-
ing the method suggested in [Jindal and Psounis 2004] for a 250m � 250m two-
dimensional grid. Five data sets with di�erent degrees of correlation are generated
with parameters � = 1=2i , � , and h = 1 ; 3; 5; 7; and 9. The correlation coe�cient h
determines the level of correlation; anh of 1 generates data with almost no spatial
correlation (similar to i.i.d. random), and a larger h results in a higher spatial
correlation. Our previous research [Yoon and Shahabi 2005] used this data to com-
pare the e�ect of di�erent spatial correlation levels on the e�ciency and accuracy.
In this paper we compare the two mathematical models based on the measured
temperature data and 7h synthetic data (Fig. 4(a)) 6.

5.1.4 Synthetic data from the ecological model.We used the spatially correlated
data (Fig. 4(c)) generated based on the ecological (environmental) patterns model
provided by [Lennon 2000] in 250m� 250m two-dimensional grid. Even though this
data is synthetic, it contains realistic spatial patterns with known spati al properties
bearing the fractal pattern in the environment. Fig. 6(a) includes the variogram of
this pattern. This spatial pattern presents the fractal characteristic of the environ-
ment with a high correlation level between 7h (Fig. 4(a)) and 9h (Fig. 4(b)). The
variogram of this fractal data follows a linear pattern. Note again that, most of the
variograms using the real sensor data (both from the Exposition Park and Great
Duck Island) also present linear patterns.

5.2 The Spatial Data Model

In this Section, we mathematically model the property of spatial correlation using
the measured sensor data from di�erent environments.

Fractal structures are ubiquitous in the nature with the key property of self-
similarity across a range of spatial scale [Halley et al. 2004]. Fractal objects or
behavior often emerge in ecological models even if the models are not explicitly

6 In [Yoon and Shahabi 2005], we reported the details on the di� erent levels of spatially correlated
data and the corresponding results.
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Fig. 5. Variograms of light and temperature measurements.

designed. Natural landscapes are not ideal fractals, but such models provide the
simplest available means of simulating spatially complex landscapes and serveas
neutral habitat model. For a fractal pattern on a two-dimensional landscape, the
relationship should be linear in a graph oflog(
 (h)) against the log(h) [Halley et al.
2004].

Fig. 5(a) shows the variograms of temperature data measured from the Exposition
Park. Fig. 5(c) shows that the log plot of the �g. 5(a) which presents di�erent linear
functions using 4, 6, 7 PM temperature data. Accordingly, these temperature data
might be fractal data patterns in the long range. In order to infer fractality , one
needs to show linearity over at least 2 orders of magnitude (x-axis in Fig. 5(c) has
to span from 10 to 1000). That means that on the x-axis (and y-axis), whichhas
a log scale, there should be a fairly straight line for a distance of at least two. Not
having enough data points to determine this data as a fractal model, we simply
conclude this measured data follows a linear model.

The variogram of spherical model increases linearly in the beginning, then it
becomes a sill, which is a plateau. That is, the expected di�erence of the sensed
values between two points stop increasing at certain point although the distance (h)
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between the nodes increases. In spherical pattern, data is correlated over shorter
distance than in linear or fractal patterns. All the temperature data from di�er ent
time of the day show linear property (6 PM shows almost random) except for the
1 PM data which shows spherical characteristics. Variograms with 0 slopepresent
no correlation such asi.i.d. random values.

Fig. 5(b) shows the variograms of light value measured from the Exposition Park.
Each variogram from di�erent time of the day shows the di�erent linear functio n-
ality (1 PM shows the least correlation (almost random) and 6 PM shows the
strongest correlation).

The spatial correlation property holds for both the orientation (face up and face
down) of the sensorboard. For the light sensor value, the sensed value with sensor-
board facing up addresses the physical phenomenon better, and shows the spatial
correlation more clearly than its counterpart. On the other hand, the tempera-
ture value was not sensitive to the orientation of the sensorboard; both show very
negligible di�erences as shown in Fig. 3.

Fig. 5(d) shows the variograms of indoor light bearing spherical property with
cyclicity. Cyclicity may be a�ected from speci�c indoor environmental periodici ty
(because we measured the data by placing the mote on the 
oor of the hallway
and o�ces with a lot of desks and chairs) or can be due to the limited amount
of data points within the o�ce environment (We did not measure larger than 50
lag distance (h) because the longest side of the building is a little more than 60
meters).

Fig. 5(e) shows the variograms of indoor temperature presenting the gaussian
pattern (sensorboard down) and the spherical pattern (sensorboard up). Again,
there is insu�cient data (due to the limitation on the length of the building for our
indoor measurement) to project what happens beyond 50 meters.

The Equations for the spherical, linear, and gaussian models used for variograms
are given below, wherec is the nugget e�ect (
 (0) = c), S is the sill, and a is the
range of in
uence [Schabenberger and Gotway 2005]. As the distanceh approaches
zero, the measurement error and microscale variation induce nugget e�ect.


 (h) =

8
><

>:

c + ( S � c)f 3
2

h
a � 1

2 ( h
a )3g , for 0 < h � a : for spherical

c + ( S � c) , for h � a
0 , otherwise


 (h) = c + ( S � c)
h
a

: for linear


 (h) =

(
c + ( S � c)(1 � exp(� 3h2

a2 )), for h > 0 : for gaussian
0 , otherwise

These models are common for variograms used in practice in spatial statis-
tics [Schabenberger and Gotway 2005]. For data from the indoor measurement,
we cannot apply the gaussian model because we cannot computeS and a reliably
because of insu�cient data points. Thus, we only focus on the models for the data
from the outdoor measurement in this paper.

When we apply the temperature data to these Equations, we get Equation (1)
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Fig. 6. Variograms of measured and synthetic data.

for spherical model and Equation (2) for the linear model. Fig. 6(b) shows the two
temperature variograms (1 PM and 7 PM) and their spatial statistical models for
the spherical and linear model.


 (h) =

8
><

>:

1254� ( 3
2

h
36 � 1

2 ( h
36 )3) , for 0 < h � 36 : for spherical

1254 , for h � 36
0 , otherwise

(1)


 (h) =
425
81

� h : for linear (2)

As shown in Fig. 6(a), variograms of four modalities measured on the Great Duck
Island and the variogram of spatial pattern from ecological model show the linear
function. If we ignore the nugget e�ect [Schabenberger and Gotway 2005], which
makes the variogram start at a non-zero value ath = 0, all variograms in Fig. 6(a)
become similar in magnitude and pattern. Note that the important factor in the
variogram is not the magnitude but the shapeof graph. The di�erent magnitudes
of each modality in variogram is due to the di�erence in magnitudes of the raw
sensor values across di�erent modalities.

In short, the outdoor light readings at 1, 4, 6, and 7 PM, and the outdoor
temperature readings at 4, 6, and 7 PM, show the linear property. The indoor
temperature at 7 PM shows gaussian data model. The outdoor temperature at 1
PM and the indoor light at 7 PM show the spherical property. Because of the strong
sunlight at 1 PM, the temperature values in the outdoor environment changes by
a large amount (480� 660) even at a short distance due to the shades under the
several trees (spherical pattern in Fig. 3(g)). On the other hand, the range of light
readings at 1 PM is small (1010� 1018) under the same shadows (almost random
as shown in Fig. 3(a)). The magnitude of variogram for light at 7 PM is much
larger than those at 1, 4, and 6 PM because of its huge data range (0� 900) from
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Fig. 7. Mathematical model of Pc. CAGn means CAG with � = n%. Both (a) and
(b) use 10 meter internode distance in a regular grid.

the e�ect of street light (some places were bright and some were completely dark)
at night (Fig. 3(d)), so it is not included in Fig. 5(b).

From all our measurements at di�erent times of the day and both in indoor
and outdoor environments, we conclude that creating and applying the proper
models such as 1) linear, 2) spherical, 3) gaussian is appropriate if we synthetically
(mathematically) model the data from environmental sensing7.

In order to analyze CAG, we model the measured spatial data using PDF as a
function of internode distance h and data model. For this, we selected two data
sets, the temperature data at 1 PM and 7 PM measured in the Exposition Park,
which can be the representative environmental data models. We de�nePc be the
probability of two nodes being in the same cluster. We modelPc by curve �tting
the simulation result of CAG using � = 4% and 10%. Fig. 7(a) shows the result of
simulations and their mathematical models 8.

For small � (e.g., CAG with � = 4% or less), we observed that both spherical
and linear patterns present similar Pc: both follow the same polynomial which is
a function of h as in Equation (4). For large � (e.g., CAG with � = 10%), we
observedPc of linear model is more heavy-tailed than that of spherical model; both
depend on data model andh. Thus, we model Pc for the relatively large � such
as the linear pattern with a logarithmic function as presented in Equation (3), and
the spherical pattern with a polynomial function as in Equation (4).

7We model the data mathematically for the purpose of our study . A more sophisticated modeling
is out of the scope of this study. We will address this problem in our future work.
8We did not measure the sensor data where D ij < 10m. Thus, we just connected two measured
points where D ij = 0 m and 10m.
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Fig. 8. Accuracy model as a function of threshold (� ) and internode distance (h).

Pc =
�

2(log(h) + h)
: for linear (3)

Pc = 2 �h � 2 : for spherical (4)

In our earlier work [Yoon and Shahabi 2005], we observedPc is larger than
those in the Fig. 7(a) using the synthetic 7h data which corresponds to the similar
correlation level of temperature from the Great Duck Island. This di�erence can
be attributed to the changed measurement setting: in this study we use 10 meter
internode distance in a regular grid while in our earlier work [Yoon and Shahabi
2005], we use random positioning with an average internode distance of 10 meter.
To help us compare these two sets of results under the same condition, we repeated
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experiments from our previous work with nodes placed in a regular grid with 10
meter internode distance using 7h and 9h data. We observed that the our measured
temperature from the Exposition Park (Fig. 7(a)) is more spatiall y correlated than
7h synthetic data (Fig. 7(b)) in terms of Pc.

The absolute error of the streaming mode of CAG,E r , is obtained empirically
by curve �tting graphs in the Fig. 8(a). We model E r as a constant for a linear
model in Equation (5) and logarithmic function for a spherical model in Equation
(6).

E r = 0 :41

= c , where c is a constant : for linear (5)

E r =
3
2

log(� + 1) : for spherical (6)

We want to demonstrate that E r is bounded by the given threshold in the stream-
ing mode when there is no packet loss. Thus, we did our �rst simulation in a topol-
ogy with perfect reliability. We also run the same experiments using the measured
reliability (Fig. 10). Fig. 8(b) shows that the impact of packet loss on the abso-
lute error is minor regardless of threshold. With measured reliability, only when
� = 1%, the error is larger than the threshold. For all other values of � , the error
is bounded by � .

Fig. 8(c) describes the absolute error of spherical and linear model as a function
of internode distance (h) with perfect reliability. The shape of this graph is the
same as the one shown in Fig. 7(a) only with the left and right sides reversed.Up
until 50 meter internode distance, the absolute error is negligible. Fig. 8(d) shows
that with a �xed internode distance such that h = 10 and 20 meters, the absolute
error decreases as� increases. We observed thatE r of linear pattern (7 PM) is
smaller than that of spherical pattern (1 PM) at a given distance. Also, it indicates
that as the distance doubles, the absolute error also almost doubles.

5.3 Analysis of CAG: E�ciency and Accuracy

In this Section, we formally analyze the e�ciency and accuracy of the upgraded
CAG algorithm in terms of the number of transmissions and the absolute error,
respectively. We analyze the e�ciency of CAG for the interactive mode or a single
response of streaming mode, because the e�ciency of streaming mode additionally
depends on the temporal correlation9. We analyze the e�ciency of upgraded CAG
for both single hop and multiple hop network topologies using a single mathematical
formula. This is in contrast to the theoretical result in our previous work [Yoon
and Shahabi 2005] which showed that the mathematical formula for the number of
transmissions is di�erent for single hop and multiple hop topologies. Note that the
upgraded CAG groups nodes in the same cluster if their sensor values are within
a �xed range. We also prove that the absolute error is always bounded by the
given threshold value in the streaming mode even when the data is not normally
distributed.

9The impact of the di�erent patterns of temporal correlation on CAG is investigated in Sec-
tion 6.2.3 with simulations
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Fig. 9. Examples of the query routing tree for the analysis of CAG.

In this Section, we de�ne v as the sensor reading at the root node andvj
i as the

sensor reading of thei th child of v in the j th level in the tree. We assume that the
sensor valuevj

i is i.i.d. random variable in the range [0, 1]. We also assume that
each node in the tree has an average branching factor ofk. Fig. 9(a) depicts a k-ary
balanced tree with depth d and Fig. 9(b) shows the same tree with annotation using
the variables used in this analysis. LetT be the entire tree, andNT be the number
of clusters in T. Nv j

i
is the number of clusters in the subtree rooted at nodevj

i .
Even though our analysis does not address the bridge nodes, our simulation does
(Fig. 12(b)).

To calculate the expected number of transmissions, we need to compute the
expected number of clusters. We begin to build clusters from the root node with
its single-hop children. As we assumedv has k children in average,NT is given by:

NT = 1 + Nv1
1

+ ::: + Nv1
k

� nf v1
i jv1

i is in the same cluster with vg (7)

When we compute the expected value of Equation (7), we obtain the following
equation.

E [NT ] = 1 +
kX

i =1

E[Nv1
i
] �

kX

i =1

Pr [v1
i is in the same cluster with v] (8)

Here, Pc = Pr [vj
i is in the same cluster with v], the probability that vj

i is in the
same cluster asv, is bounded by 2� as follows: by using the absolute range such
that jvj

i � vj � � , we get,
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Pc =
� � � vj

i � v � �
[0::1]

=

8
><

>:

v + � ,if 0 < v < �
2� ,if � � v � 1 � �
1 � v + � ,if 1 � � < v � 1

=
Z �

0
(v + � )dv + (1 � 2� )2� +

Z 1

1� �
(1 � v + � )dv

= � (2 � � ) (9)

�
2�
1

= 2 �:

Now we will show that the expression for the number of transmissions is the
same regardless of the number of hops by analyzing both single-hop and multiple-
hop scenarios.

As a special case, we can compute the number of clusters only with the single-
hop nodes by extending Equation (8) and combining Equation (9) as follows. In
this scenario, all the nodes including the root nodes are within the single-hop radio
range from any node in the network. Thus, the number of children of the root
nodes isk = jT j � 1.

E [NT ] = 1 +
kX

i =1

E[Nv1
i
] �

kX

i =1

Pc

= 1 + k � k � Pc

= 1 + (1 � Pc)k

= 1 + (1 � 2� + � 2)( jT j � 1)

= jT j(1 � 2� + � 2) + � (2 � � )

= N (1 � 2� + � 2) + � (2 � � )

= ( N � 1)� (� � 1) + N (10)

Now we show how to hand-compute the number of clusters in a multiple-hop
topology to motivate the derivation of an expression for the number of clusters in a
query distribution tree in CAG. The example binary B-tree in Fig. 9(b) has depth
= 2, k = 2 and Pc = 1

2 .
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E[NT ] = 1 +
kX

i =1

E[Nv1
i
] �

kX

i =1

Pc

= 1 + k � kPc : for d=1

= 1 + 2 � 2 �
1
2

= = 2

E[NT ] = 1 + ( k � kPc) + k(k � kPc) : for d=2

= 2 + 2(2 � 2 �
1
2

)

= 4

In this way, we can generalize the single-hop scenario into the multiple-hop sce-
nario by iteratively using Equation (8) for each node in the network up to the depth
d � 1.

E [NT ] = 1 +
kX

i =1

E[Nv1
i
] �

kX

i =1

Pc

= 1 + k � kPc : for d=1

= 1 + ( k � kPc) + k(k � kPc) : for d=2

= 1 + ( k � kPc) + k(k � kPc) + k2(k � kPc) : for d=3

= :::

Thus, E [NT ] for a k-ary balanced tree with depth d is given below:

E [NT ] = 1 +
(k � kPc)(kd � 1)

k � 1
(11)

= 1 +
k(1 � � (2 � � ))( kd � 1)

k � 1

Equation (11) validates Equation (10) which is for the single-hop scenarioas a
special case of (11) withk = jT j� 1 andd = 1. Thus, we propose a single expression,
Equation (11), to estimate the number of clusters in both single-hop and multi-hop
topologies. This is an improvement over our earlier work in which we needed two
di�erent expressions for those two scenarios.

As in Equation (11), the expected number of clusters depends on the correlation
level Pc and the branching factor k where Pc = � (2 � � ) and k < jT j = N .

The expected size of a cluster,E [ST ], can be computed as follows:
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E[ST ] =
Total number of nodes

Expected number of clusters

=
N

E[NT ]

=
N

1 + (k � kP c )( k d � 1)
k � 1

(12)

=
N (k � 1)

(k � 1) + k(1 � � (2 � � ))( kd � 1)

As shown in Equation (12), the size of a cluster,E [ST ], is also a function of Pc

and k where Pc = � (2 � � ) � 2� . In theory, Pc is bounded by 2� as in Equation
(9). In reality, however, the size of a cluster depends on the actual value ofPc

as de�ned in Equation (3) and (4) in Section 5.2. That is, E [ST ] is a function of
Pc and k, where Pc =

�
2

log( h)+ h for the linear data model and Pc = 2 �h � 2 for the
spherical data model.

Because we build clusters based on the absolute range (de�ned in Table II),
the absolute error is always bounded by� , such that jvj

i � vj � � where vj
i is

normalized to [0, 1]. Thus, the maximum error per node is� . If the total number
of nodes isN , the maximum error for the entire network becomesN� . Because we
compute the AVERAGE as an aggregation operator, the maximum error we get
becomesN�

N = � . If we compute the SUM aggregation operation, the maximum
error becomesN� .

Note that the actual magnitude of absolute error without packet loss in the
streaming mode is a constant for linear model as in Equation 5 and logarithmic
function for spherical model as in Equation 6. This result corresponds to theshape
of the variograms of the linear and spherical data models (Fig. 5(a)) respectively.

We can formally prove that the absolute error E r is always bounded by� in the
streaming mode10. Assume that the values in each cluster are sorted. Letvij be
the jth unique value in the cluster i , and n(vij ) be the number of nodes with jth
unique value in the cluster i . Ci be the clusterhead value for the clusteri . n(i ) be
the number of nodes in the clusteri . n(i ) =

P d( i )
j =1 n(vij ), where d(i ) is the number

of unique values in the clusteri . Let k be the number of clusters in the network,
and N be the total number of nodes in the network such thatN =

P k
i =1 n(i ). We

can compute the AVERAGE operation correctly using the TAG, and approximately
using the CAG as in Equation (13) and (14), respectively.

CorrectResult =

P k
i =1

P d( i )
j =1 n(Vij ) � Vij

N
(13)

EstimatedResult =
P k

i =1 n(i ) � Ci

N
(14)

The absolute error, E r , using the CAG can be computed as follows.

10 We mentioned in Section 4.1 that interactive mode may not pro vide the bounded error when
the data is not normally distributed.
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E r =
jEstimatedResult � CorrectResult j

[0::1]
, where 0< � � 0:5

=

P k
i =1 n(i )Ci �

P k
i =1

P d( i )
j =1 n(Vij )Vij

N

=

P k
i =1

P d( i )
j =1 n(Vij )Ci �

P k
i =1

P d( i )
j =1 n(Vij )Vij

N

=

P k
i =1

P d( i )
j =1 n(Vij )jCi � Vij j

N

�
N�
N

� � (15)

As shown in Equation (15), E r is always bounded by� when it computes the
average in streaming mode although the data is not normally distributed.

6. EXPERIMENTAL STUDY

In this section, we describe 1) the evaluation metrics and experimental setup 2) re-
sults of interactive mode, 3) evaluation results of streaming mode, and 4) evaluation
results of exploiting temporal correlation.

6.1 Evaluation Metrics and Experimental Setup

The primary metric used for evaluation, the reduced number of transmissions, uses
the number of transmissions to estimate the energy cost in WSN. This approach
is reasonable because radio transmissions consume far more energy than any other
operation in a sensor node [Hill et al. 2000].

In the interactive mode, the reduced number of transmissions is calculated as
nT X (T AG )� nT X (CAG )

nT X (T AG ) � 100, wherenT X is the number of transmissions (note that
nT X (T AG) is the same asnT X (CAG) with � = 0). In this mode, the number
of packets transmitted excludes query packets because this number is the same in
both TAG and CAG regardless of � .

In the streaming mode, we compute the reduced number of transmissions com-
pared to the interactive mode as nT X (Interactive ) � nT X (Streaming )

nT X ( Interactive ) � 100. This re-
duction is due to the reduced number of queries and the reduced number of packet
transmissions due to infrequent cluster adjustment.

We compute the average number of bridge nodes (per query) participating in
aggregation to understand their contribution to the total communication overhead.
Bridge nodes are used for the topology connectivity and they can optionally con-
tribute to the aggregate. Note that the bridge nodes did not contribute to the
aggregate in our simulations.

Another metric is the absolute error of the result for a given � calculated as
jEstimatedResult � CorrectResult j

Range � 100, whereRange = MaxV alue � MinV alue as-
suming that we know the MaxValue and MinValue of the sensor readings for
the entire network. This range can be determined in advance by surveying the
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(a) Reception rate with maximum transmission
power (26.7mA typical current consumption).
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(b) Reception rate with default transmission
power (10.4mA typical current consumption).

Fig. 10. Scatter plot of distance vs. reception rate pro�le using 433 MHz Chipcon
CC1000.

data set. Note that the absolute error is computed usingEstimatedResult and
CorrectResult from the same query cycle.

To understand the e�ect of packet loss on precision, we ran simulations on two
types of topologies: 1) lossless topologies and 2) topologies constructed using em-
pirical loss rates. Comparing results from these two topologies gives us insight
into the di�erence between theoretical results and what might be observed in real
world implementation of CAG. We used the loss pro�le from our own measurement
using mica2 motes to assign reliabilities to links between nodes (Fig. 10). The
reception rate was measured using 433 MHz Chipcon CC1000 by counting the suc-
cessfully received packets among 500 packet transmissions. We collected this data
with two di�erent radio strengths: 1) maximum radio transmission power ( 26.7mA
typical current consumption) (Fig. 10(a)) and 2) default radio transmission power
(10.4mA typical current consumption) (Fig. 10(b)). Although the maximum pow er
uses more energy, unexpectedly, this does not a�ect our topology construction as
well as link reliability because our internode distance is 10 meters; the reception
rate was close to 100% up to 25 meters in both cases. Thus, we present resultsonly
from simulations with the default transmission power.

We apply two metrics to quantify the temporal correlation of data. To comput e
the e�ciency of CAG with temporal as well as spatial correlation, we use the cluster
change ratewhich is the percent of simulation timesteps in which at least one node
changes cluster. Another metric to evaluate the streaming mode of CAG isnode
change ratewhich is the average number of nodes changing to a di�erent cluster per
timestep. Table II compares the metrics used to evaluate the previous version [Yoon
and Shahabi 2005] and current version of CAG.

We used the TOSSIM simulator of TinyOS 1.1.8 for our simulation study [Levis
et al. 2003]. We used the temperature data collected with sensorboard up at 1,
4, 6, and 7 PM from the Exposition Park. One hundred nodes were deployed in
a regular 100m� 100m grid. We also used temperature readings collected on the
Great Duck Island to study the e�ciency of CAG with a long temporal history.
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Metrics CAG (old) CAG (updated)

Cluster for-
mation range

Relative range: CR � CR � � Absolute range: CR �
Range � � , where Range =
MaxV alue � MinV alue

Reduced
number of
transmissions

nT X (T AG )� nT X (CAG )
nT X (T AG ) � 100 nT X (Interactive ) � nT X (Streaming )

nT X ( Interactive )
� 100

Accuracy of
result

Relative error: E r =
jEstimatedResult � CorrectResult j

CorrectResult �
100

Absolute error: E r =
jEstimatedResult � CorrectResult j

Range �
100

Number of
bridge nodes

Number of participating nodes
- Number of clusterheads

Same with old CAG

Reduced
number of
transmissions
per density

three densities: moderate,
dense, sparse

N/A

Cluster
change rate

N/A (Number of timesteps when
at least one node changes
cluster)/(Total number of
timesteps) � 100

Node change
rate

N/A E[number of nodes changing
cluster per timestep]

Table II. Comparison of CAG metrics.

Each node at position (x, y) uses the value from the corresponding positionin the
empirical data sets.

We generated four di�erent topologies (the root node is placed at each corner of
100� 100 meter square) with the above con�guration and results are averaged over
20 runs for each topology. We observed that the inclusion of the bridge nodes in
the aggregation only contributes marginally to the improvement of the precision of
the result. We implemented Average, Count, and Sum aggregation operators but
only report the results for Average in this paper. We chose� = 0 ; 1; 2; 4; 10 and
20% to be consistent with our previous work as well as to cover typical values of �
that users might be interested in.

6.2 Results

In this section, we report the results of our several experiments both in interactive
and streaming modes to understand: 1) the e�ciency and precision tradeo�, 2) the
e�ect of link reliability on precision, 3) the e�ect of bridge nodes on e�ciency and
accuracy, and 4) the impact of di�erent patterns of temporal correlations on CAG's
e�ciency.

ACM Transactions on Sensor Networks, Vol. V, No. N, August 20 05.



28 � SunHee Yoon et al.

Fig. 11. A snapshot of CAG tree with 375 nodes randomly placed in 250m � 250m space with
9h synthetic data and � = 20%. The big black square near the bottom left corner is the r oot
node and other small black circles are nodes in the root clust er. Clusterhead nodes (except the
root node) are the small black squares and the non-clusterhe ad nodes (except the root cluster) are
small empty circles. The number beside each node indicates c lusterhead node id, and the arrow
points to the parent node in the query routing tree.

6.2.1 Interactive mode of CAG. In this Section, we present the performance and
precision tradeo� in the interactive mode of CAG. In this mode, the clusterhead
values are not weighted by the respective cluster sizes. Thus, if the data from all
the nodes do not follow the normal distribution, we cannot guarantee that the error
from the result is bounded by the given � . Fig. 11 shows a snapshot of the CAG
tree with 375 nodes randomly placed in 250m � 250m space with 9h synthetic data
and � = 20%. The root node (the big black square) is located in the bottom-left
area, and all other nodes shown in black circles are in the same cluster with the root
nodes. As expected, most new clusters are built along the diagonal band spanning
from the top-left to the bottom-right (clusterhead nodes, small black square nodes,
are spread there) where there is a large di�erence in the magnitude of data. This
�gure con�rms the validity of our implementation of the CAG algorithm.

Fig. 12(a) shows the performance of CAG in terms of the reduced number of
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(a) Performance with the reliability of default
transmission power.
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cycle.
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(c) Precision with the reliability of default
transmissions power.
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(d) Precision with perfect link reliability
(bounded by � ).

Fig. 12. Performance and precision tradeo� in the interactive mode with measured
temperature data from the Exposition Park.

transmissions in the interactive mode using the default transmission power. Because
of the packet loss, the reduced number of transmissions is not 0 (8.75� 20%) even
for the CAG with � = 0%. CAG with � = 4% has a transmission saving up to
37.5% at 6PM and CAG with � = 10% has a transmission saving up to 51.25% at
7PM.

Fig. 12(b) shows the number of bridge nodes among all participating nodes (clus-
terhead nodes plus bridge nodes). As the error threshold increases, more nodes
choose not to respond. Thus, we need more bridge nodes to keep the tree con-
nected. Because a modest increase in the number of bridge nodes is accompanied
by a dramatic reduction in the number of clusterheads, the total number of trans-
missions still decreases as the threshold value increases.

Fig. 12(c) shows the accuracy of the result obtained using the interactive mode
of CAG with default transmission power (without retransmissions). Due to the
unreliable links, the resulting errors is out of bound when� = 1% and 2%. The

ACM Transactions on Sensor Networks, Vol. V, No. N, August 20 05.



30 � SunHee Yoon et al.

error caused by the packet loss is 9.375% when� = 10% at 4 PM.
Fig. 12(d) shows the accuracy of the result obtained using the interactive mode

of CAG with perfect link reliability. Even though we expected that the resulting
error is not guaranteed to be within the given threshold � in the interactive mode,
we observed that the resulting error was always bounded by� . This can be an
indication such that our measured temperature data in the physical world follows
the normal distribution.

6.2.2 Streaming Mode of CAG. In the streaming mode, each cluster and its
clusterhead do not change in every query cycle as long as sensor readings stay
within the threshold. Therefore, if a cluster does not change, we do not need to
re-count the number of nodes within the cluster.

Fig. 13(a) depicts the reduction in the number of transmissions if no cluster
changes for 100 timesteps (e.g., 1 hour and 40 minutes using per minute response)
and 1800 timesteps (e.g., 30 minutes using per second response). If no cluster
changes for 100 query cycles, CAG reduces transmissions over the interactive mode
by 50% to 70% as� increases from 0% to 20% with 1 PM data (53% to 75% with 7
PM data). With 1800 query cycle, CAG reduces transmissions over the interactive
mode by 94% to 97% as� increases from 0% to 20% with 1 PM data (95% to 98%
with 7 PM data).

This reduction in packet transmissions is validated by using a more realistic
scenario as in Fig. 13(b). We found many instances of the temperature data from
the Great Duck Island which do not change for a long period of time and when
they change they show a stair-wise pattern (Fig. 14(b)). This is probably due to
the shadows that keep places cool for a period of time even in the middle of the
day. In order to emulate this stair-wise data pattern, we divided this data (1 PM
to 6 PM) into two data sets; the �rst set covers 1 PM to 4 PM and the second set
spans the interval 4 PM to 6 PM. As � increases from 0% to 20%, CAG reduced
the number of transmissions signi�cantly with both data sets: 67% to 82%for 1
PM to 4 PM data and 56% to 78% for 4 PM to 6 PM data.

Fig. 13(c) shows the resulting error with packet loss using the default transmission
power. Although the current mica2 radio is unreliable and CAG does not use
retransmissions, CAG provides the bounded error except for CAG with� = 1%.
With a small threshold, the accuracy can be easily deteriorated even with a few
packet losses and this makes impossible for the error to be bounded for small
threshold values such as 1%.

Both in the interactive and streaming modes, the error in the result is always
bounded by the threshold when� � 4% with packet loss using the default transmis-
sion power. This can be a good evidence that CAG with� � 4% might be resilient
to the packet loss in the real world. Thus, from our experiments, we empirically
conclude that � around 4% may be a reasonable trading point to achieve both small
errors and energy saving in reality.

Fig. 13(d) shows that the error in the result is always bounded by the threshold
when there is no packet loss. Note that the resulting error does not increase linearly
with increasing � . This is because the temperature data is highly correlated in the
physical world. Most sensor readings are close to the clusterhead value. Thus, the
error increases sub-linearly with the increasing threshold. We observed that the
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(a) Improvement of streaming mode over
interactive mode for given timesteps.
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(c) Absolute error in the result obtained using the
streaming mode of CAG with default transmit
power reliability.
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(d) Absolute error in the result obtained using the
streaming mode of CAGwith perfect link
reliability.

Fig. 13. Performance and precision tradeo� in the streaming mode with measured
temperature data from the Exposition Park.

packet loss results in an error larger than� , and 1% and 2% thresholds result in
smaller reduction in the number of transmissions than using a bigger� , especially
when CAG is deployed for a short duration. Thus, we can get more bene�t by
relaxing � a little bit. This supports our claim that � around 4% may provide the
best energy-accuracy tradeo�.

Note that the updated CAG algorithm does not have more overhead than the
previous CAG algorithm in terms of the number of transmissions. We omit the
results on performance and precision using the indoor environmental data due to
the space limitation and the fact that it does not show a signi�cant di�erence
from the result using the outdoor data. Our earlier work [Yoon and Shahabi 2005]
described the impact of di�erent levels of correlation and density on e�ciency and
accuracy.

ACM Transactions on Sensor Networks, Vol. V, No. N, August 20 05.



32 � SunHee Yoon et al.

 24000

 24500

 25000

 25500

 26000

 13  14  15  16  17  18  19

T
em

pe
ra

tu
re

Time

Temperature, GDI
Linear model

(a) Snapshot of temperature changing linearly
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from 1 PM to 7 PM.

Fig. 14. Linear and stair-wise data dynamics observed in the data from Great Duck
Island.

6.2.3 Exploiting Temporal Correlation. In this Section, we study the temporal
correlation of data and its impact on the CAG algorithm. The interactive m ode
of CAG is not a�ected by the temporal correlation because the interactive mode
is used for one-shot query and a tree is built every time a new query is issued.
However, the performance of the streaming mode of CAG is deeply in
uenced by
the co-existing correlation, both temporal and spatial correlations.

Fig. 14(a) shows an example of the temperature data measured on the Great
Duck Island (taken every 5 minutes) which changes linearly from 1 PM to 7 PM. We
model this data pattern as a linear function shown in the same �gure. Fig. 14(b)
shows an example of the temperature data measured on the Great Duck Island
which changes stair-wise from 1 PM to 7 PM. Although they both are correlated
temporally, CAG with stair-wise data can result in signi�cantly more s avings in the
number of transmissions than with linear data.

To quantify the impact of temporal correlation on energy e�ciency, we evaluate
CAG using two metrics de�ned in Section 6.1: cluster change rateand node change
rate. To understand the impact of linear data on the performance of CAG, we used
linear interpolation to convert our temperature data from the Expositio n Park
(from 4 PM to 6 PM) into timeseries of two hours with the resolution of one
minute. Sensor readings were taken every 5 minutes on the Great Duck Island,
but our simulation uses a timestep of one minute. This �ner granularity can better
address the dynamics of data. For the stair-wise data, we predicted that it only
requires the same number of cluster changes as the number of the corners of stairs
(roughly three times in 14(b)) regardless of threshold.

Fig. 15(a) shows that cluster change rate, which is the percent of timesteps that
at least one node changes cluster. If� is between 1%, 2% and 4%, the cluster
change rate increases from 0% to 31%, and 70%, respectively. That is, cluster
reformation is required in 70% of the timesteps (84 timesteps out of 121) when
� is 4%. This seems like a heavy overhead and counterintuitive at �rst glance.
However, the average size of the cluster increases as the error threshold increases.
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Fig. 15. Impacts of di�erent spatial and temporal correlations on the performance
of CAG.

Accordingly, this large size of cluster increases the probability that a small number
of nodes will migrate to a di�erent cluster when sensor readings change linearly.
The node change rate shown in Fig. 15(a) illustrates that on average only 0%, 1.4%,
and 6% of entire nodes (0, 1.4, and 6 nodes out of 100 nodes) change clusters per
timestep when� is 1%, 2% and 4%, respectively. If we �x these inconsistent cluster
membership locally with the nodes from neighboring clusters11, this overhead can
be reduced signi�cantly.

Fig. 15(b) compares two di�erent methods to compute the node change rate. In
this graph, we assume that the temperature data at 4 PM and 6 PM are adjacent
data points in a timeseries with two hour interval. The �rst method (one-run, va lue-
compare) runs CAG once with 4 PM data, and compares the resulting clusterhead
value with the sensor reading of each node in the next timestep (6 PM) to determine
if the node still stays in the same cluster. This method works correctly if the
clusterhead values at 4 PM and 6 PM are identical, i.e., data is static.

The second method (di�erent-run, cid-compare) runs CAG with 4 PM and 6 PM
data sets separately and compares if there is any node which has di�erent cluster-
head id. This assumes that the clusterhead value changes over time. Consequently,
clusterhead nodes determine their cluster range at every timestep. In this method,
the underlying routing protocol is required to support the message exchange be-
tween the clusterhead node and non-clusterhead nodes to keep track of the updated
clusterhead value. This ampli�es the tree maintenance overhead which is de�ned
as the number of transmissions due to the number of nodes changing clusters as
shown in Fig. 15(b).

Because this method compares clusterhead ids from two separate runs (4 PM
and 6 PM) of CAG based on di�erent data sets on its timesteps, most nodes are

11 This is out of the scope of this paper. We will study this optim ization in our future work.
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self-clusterhead nodes (node id = clusterhead id) when the� value is small. This
results in very small number of nodes which change clusters. However, fewer nodes
keep the same clusterhead id (along with their cluster member nodes) in the next
timestep compared to the previous timestep as� becomes larger, because a large
number of nodes have di�erent clusterhead id in the next timestep which generates
di�erent data sets. Thus, this results in larger number of nodes which change
clusters.

Both the methods are correct but only di�erent in methodology based on the tem-
poral data dynamics and the existence of underlying routing support for periodic
or reactive dissemination. However, in reality where data is dynamically changing,
the �rst method is not appropriate, because it compared local sensor readings with
the clusterhead value from the past. Therefore, if the data (clusterhead node value)
does not change signi�cantly over time, i.e., it is highly temporally correlated as in
the stair-wise pattern, we can select the �rst method and achieve signi�cant energy
saving. In our simulations, we used the second method in computing the cluster
change rate and the node change rate to address the worst case scenario.

7. CONCLUSION AND FUTURE WORK

In this paper, we demonstrated the e�ectiveness of CAG, in both interactive and
streaming modes, in performing energy e�cient in-network aggregation leveraging
both spatial and temporal correlations. We mathematically modeled the spatial
correlation using the measured data, and evaluated the e�ciency and accuracy of
CAG analytically and empirically. CAG can maximally take advantage of stronger
spatial and temporal correlations by increasing energy e�ciency and providing the
results with predictable and bounded errors. These bene�ts are ampli�ed as the
density of nodes becomes higher. CAG is shown to scale gracefully when the num-
ber of nodes in the network grows. Moreover, CAG is shown to be resilient to the
packet loss. CAG is the �rst system which realizes the semantic broadcast to con-
serve energy ensuring bounded approximation by leveraging spatial and temporal
correlations prevalent in the nature.

We would like to extend this work by focusing on the design of a hybrid (proactive
and reactive) clustering protocol which supports the localized cluster adjustment
whenever cluster structure changes (change, merge, and split clusters). If a small
number of nodes needs to join a di�erent cluster (due to communication problems
or a large change in sensor readings), which happens frequently in our experiments,
they can do so locally by communicating with the neighboring nodes associated
with other clusters. By avoiding global communications, and adjusting clusters
only using local communications, CAG can save signi�cant number of transmissions
and hence energy, especially when only a few nodes change clusters. Whenever the
cluster structure changes, CAG will send back the aggregate value up to the base
station because at least one sensor is reporting data outside the current threshold.
This mechanism enables a reactive data acquisition. Our work can be extended into
a hybrid algorithm which enables tree-based routing to support any-to-any routing.
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