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Abstract

Topographic querying is the process of extracting data
from a sensor network for understanding the graphic delin-
eation of features of interest in a terrain. Query process-
ing techniques based on localized computation and aggre-
gation cannot be used to resolve topographic queries ef-
ficiently as resolution of such queries involves global col-
laboration among the sensor nodes (e.g., region identifica-
tion). We explore an alternate approach for resolving such
queries, which is based on construction and maintenance
of topographic maps. We focus on the class of sensor sys-
tems involving dense, uniform deployment of sensor nodes
over a two dimensional terrain. Our analysis shows that by
maintaining additional state (map) in the system, the query
processing costs can be reduced significantly in compari-
son with the state-of-the-art. Our simulation results show
that the map construction overheads are amortized over a
small number of queries.

1. Introduction

Topographic querying is the process of extracting data
from a sensor network for understanding the graphic delin-
eation of features of interest in a monitored terrain. Applica-
tion areas where such information is particularly useful in-
clude contaminant monitoring, tracking soil moisture levels,
water temperature estimation of river beds, etc. [8, 15]. A
prototype implementation of a sensor network used for con-
structing topographic maps of soil moisture and tempera-
ture in vineyards is described in [1]. The Sensor Web project
at NASA/JPL [16] describes small-scale deployment of sen-
sor networks for understanding spatio-temporal aspects of
dynamic phenomenon in habitat monitoring and microsens-
ing applications.

∗ This work is supported by the DARPA Power Aware Computing and
Communication Program under contract no. F33615-02-2-4005 and in
part by the NSF under grant number IIS-0330445.

Topographic queries can be used for extracting a wide
variety of topographic information from the network. The
end user might be interested in periodically obtaining the to-
tal area spanned by a set of feature regions in the network or
estimating the boundary of a particular region. Other useful
topographic queries of a smaller scope include enumeration
and/or description of regions with sensor readings in a spe-
cific range [10]. Boundary estimation and counting regions
of interest can be used in acoustic monitoring and tracking
applications [13]. For example, a spatio-temporal visualiza-
tion of acoustic readings can be used to determine the num-
ber and locations of targets in the region [3]. Topographic
information about properties such as residual energy lev-
els are useful for resource management, dynamic retasking,
preventive maintenance of sensor networks, etc.

In recent years, several research efforts have focused on
design of localized protocols for sensor networks that ab-
stract the network as a “stateless” system. We argue that this
approach is not suited to all sensor applications. Several ap-
plications will benefit both in terms of cost efficiency and
computability if some global state is maintained in the sys-
tem. In this paper, we explore a “stateful” approach for re-
solving topographic queries. These queries have the follow-
ing characteristics. As opposed to geographical locations,
the queries are routed towards feature regions in the net-
work. Results of such queries cannot be locally computed
at individual nodes, but require global collaboration involv-
ing distant nodes in the network (e.g., boundary detection of
feature regions). Thus, state-of-the-art techniques involving
query-initiated explicit data aggregation and exfiltration in-
cur large communication costs in resolving these queries.

Our approach is based on prior construction and mainte-
nance of the topographic map of user-specified features in
the network. We assume that the features in the network do
not change very frequently. We discussed a distributed algo-
rithm for construction of topographic maps in [14]. In this
paper, our goal is to demonstrate that once constructed, the
map can be used to resolve several topographic queries in
an efficient and simple manner. We define and analyze two



types of topographic queries: (a) global-aggregate queries
and (b) region-specific queries. Our analysis shows that
these queries can be resolved more efficiently by using our
approach as opposed to the state-of-the-art techniques.

The rest of the paper is organized as follows. Other re-
lated research is discussed in the following section. We de-
fine the system model in Section 3, followed by a brief
overview of topographic maps. In Section 4, we discuss res-
olution of several topographic queries using our approach
and the state-of-the-art techniques. We present our simula-
tion results in Section 5 and conclude in Section 6.

2. Related Work

A lot of work has been done on query process-
ing in sensor networks [6, 10]. However, most research
efforts have focused upon supporting spatial and/or ag-
gregate queries. The basic approach involves construc-
tion of a “well-structured” spanning tree in the network
which can be used to route the query and the responses effi-
ciently in the network. Localized aggregation/compression
techniques are exploited to reduce data communica-
tion in the network [10]. Query routes are optimized by
using cached route information at nodes and spatial infor-
mation stored in query packets [7].

Our focus is on resolving topographic queries in the net-
work. As opposed to geographic locations, these queries ex-
tract information about feature regions in the network. Res-
olution of such queries requires global collaboration among
the sensor nodes in the network (e.g., region identification
and boundary estimation). The queries extract information
about feature regions in the network as opposed to geo-
graphical locations. In [14], we presented a distributed al-
gorithm for construction of topographic maps in sensor net-
works. In this paper, we demonstrate how the information
stored in topographic maps can be used for efficiently rout-
ing and resolving topographic queries. Note that our ap-
proach to query-resolution is not “stateless” as in the above
discussed state-of-the-art techniques but assumes mainte-
nance of global state in the system.

The work perhaps most closely related to our research
is [10], which addresses the feature extraction problem in
sensor networks. The proposed technique organizes the net-
work into a forest of region-specific spanning trees. We
compare this approach to our approach in Section 4. In [12],
the authors describe a state-centric programming model for
sensor networks, which will facilitate specification and im-
plementation of our algorithms.

The topographic map construction algorithm presented
in [14] exploits node coordinates to overlay a pyramid struc-
ture over the network to support hierarchical information
storage. A similar infrastructure is used by the DIMEN-
SIONS [4] data handling architecture to support multi-

resolution data access and spatio-temporal pattern mining.
However, the focus of the DIMENSIONS architecture is
on computation, storage and retrieval of spatial and tempo-
ral data aggregates in the network and not on construction
and maintenance of topographic maps. Map construction in-
volves identification of feature regions in the network, and
extraction and storage of topographic information about the
identified regions (such as the boundary, area, and the av-
erage feature value). In [6], the authors briefly discuss con-
tour mapping in sensor networks, but do not describe the
isobar extraction and merging algorithms in detail.

3. Preliminaries

3.1. System Model

We abstract the sensor network as a distributed system
(networked sensor system) consisting of a homogeneous
set of uniquely-identifiable sensor nodes that communicate
with each other asynchronously over locally shared wire-
less channels. The key assumptions of our model are dis-
cussed below.

1. We assume that n sensor nodes are uniformly dis-
tributed over a two dimensional terrain. The sensor nodes
are uniquely identifiable (e.g., by their geographical co-
ordinates). Each sensor node is equipped with a low
power processor, a memory of size O(log n) bits, a lo-
cal clock and a wireless radio with fixed range r.

2. The system is represented by a graph G(V, E), where V
is the set of vertices representing the sensor nodes and E
is the set of edges. Edge (u, v) ∈ E exists between two
vertices u and v provided they lie within the communica-
tion (radio) range of each other. All edges in the graph are
symmetric. The sensor nodes that share an edge are called
neighbors. The node distribution is sufficiently dense to en-
sure that the graph is connected. However, we assume that
the graph has a small (constant) degree and each sensor
node maintains a list of all its neighbor IDs.

3. No global clock exists in the system. Sensor nodes com-
municate asynchronously over the wireless channel using
message passing. Each message is of size O(log n) bits.
Two types of messages are supported in the system: broad-
casts and unicasts. A broadcast is a one-to-many message
from the sender node to all its neighbors. A unicast is a one-
to-one message destined to a specific neighbor.

4. The wireless channel is locally shared - a sensor node can
receive a message provided only one of the nodes within its
radio range (neighbor) transmits at a time. A medium access
mechanism is supported in the system for resolving channel
contention. When multiple sensor nodes want to access a
shared channel at the same time, the medium access mech-
anism schedules the communication in conflict-free steps.



All messages are thus reliably transmitted to the neighbor-
ing nodes in a small (constant) number of steps.

5. Sensor nodes have two power states: active and switched
off. The sensor nodes must be active to perform any compu-
tation or communication. A low-power paging mechanism
is supported in the system, using which a node can activate
other nodes within its radio range.

Communication time: As is customary in the analysis of
asynchronous distributed systems [11], for the sake of anal-
ysis only, we use a logical clock. We assume that all sensor
nodes operate at the same clock frequency and there exists
a logical global clock in the network. One time step corre-
sponds to a cycle of the logical clock. We assume that com-
munication of a message between neighboring nodes takes
one time step. Paging or state transition overheads are as-
sumed to be negligible. The time complexity of an algo-
rithm represents its overall execution time as measured by
the logical clock.

Communication energy: We define one unit of energy as the
energy dissipated by a sensor node in transmission or recep-
tion of one message over the wireless channel. We assume
that communication of a single message between neighbor-
ing sensor nodes dissipates one unit of energy at the sender
and each receiver node. The energy complexity is defined
as the sum of the transmission and reception energy over all
the sensor nodes in the system.

3.2. Definitions

Figure 1. Feature regions
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A feature is a
user defined predi-
cate on sensor data.
Consider a sensor net-
work deployed for
measuring the tem-
perature of the envi-
ronment. An exam-
ple of a feature for this
network is “is tem-
perature greater than
forty?”. A sensor node
is said to satisfy a fea-
ture, if the result of
applying the corre-
sponding predicate on
the sensor data is true. The sensor data used for determin-
ing whether a given feature is satisfied or not is called the
feature value of the node, and a sensor node that satis-
fies the feature is called a feature node. All sensor nodes
with temperature readings greater than forty are the fea-
ture nodes for the above example feature. The temperature

readings stored at the the sensor nodes are the feature val-
ues. We assume that the total number of features defined in
the network is a constant. Each feature partitions the net-
work into a set of feature nodes and non-feature nodes.
A sensor node can locally determine whether it satis-
fies a given feature or not.

A feature region refers to a geographically contiguous
area in the network consisting of sensor nodes that satisfy
the same feature. Given a feature f , the feature region is de-
fined as follows. Consider a partition of the network into a
grid consisting of cells of size d × d as illustrated in Fig-
ure 1. Two sensor nodes are said to be g-connected (geo-
graphically contiguous) if they belong to the same or neigh-
boring (north, south, west, east) cells. Let Gf = (V, Ef )
denote the feature graph for f . The vertices v ∈ V rep-
resent the sensor nodes, and an edge e(u, v) ∈ Ef exists
between two vertices u and v iff they are g-connected and
they both satisfy feature f . Each connected component in
Gf represents a feature region. Here, d defines the resolu-
tion factor for region identification. Our assumption about
dense deployment ensures that d ≤ r, implying that nodes
in neighboring cells are also wireless neighbors.

3.3. Topographic Map

Figure 2. Hierarchical  storage
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A topographic
map represents the
graphic delineation
of features of in-
terest in a terrain.
In [14], we present
a distributed algo-
rithm for construct-
ing topographic
maps in sensor net-
works. The algo-
rithm constructs a
hierarchical infor-
mation storage in-
frastructure in the
network for main-
taining the topo-
graphic information
in a distributed manner.

Hierarchical information storage: The network is parti-
tioned into single-hop clusters of size s× s, where s = r

√

5
.

A clusterhead is elected for each of the clusters. The above
cluster size ensures single hop connectivity between clus-
terheads in (north, south, west and east) adjacent clusters.
Next, the clusterheads organize themselves into blocks of
size 2×2 clusters and one of them (closest to the center of
the network) is elected as the block leader. This is repeated



recursively for k = (log
√

n

s
−1) iterations1 . At the lth iter-

ation, where l ≤ k, the block leaders at level l − 1 organize
themselves into blocks of size 2l×2l and elect one of them-
selves to be the leader of the larger block formed. On the last
iteration, one of the block leaders is elected to be the root
of the network. The network is thus organized into a pyra-
mid structure as illustrated in Figure 2.

Information storage: The map construction algorithm dis-
cussed in [14] identifies and labels all feature regions in the
network and assigns a parent for each region. The parent
of the region is defined as the leader of the smallest block
that fully contains the region. A feature region is labeled by
the id of the minimum id feature node in the region. The al-
gorithm also computes various aggregates over feature val-
ues stored at the sensor nodes (such as min, max and aver-
age). This information is stored in the network in the fol-
lowing manner.

The clusterheads maintain detailed information about all
the feature nodes in the cluster such as the id, location and
feature(s) satisfied by the feature node; the label and par-
ent of the feature region(s) to which the node belongs; and
whether the node is a boundary node or minimum id node
for any feature region. If the node is the minimum id node
for its region, the clusterhead also maintains the sum, min,
max, and average of the feature values in the correspond-
ing region. Since the total number of features is a constant
and there are at most r2

5
feature nodes in each cluster, O(r2)

words of memory is required at the clusterheads, where one
word consists of log n bits.

The block leaders maintain less-detailed, but more global
information about the features in the network. For each fea-
ture, the following data is maintained: the count of the fea-
ture regions and feature nodes that lie within the block, the
maximum, minimum, sum and average of the feature values
stored at the feature nodes that lie within the block. Block
leaders require an additional storage of O(1) words.

3.4. State-of-the-art

We consider the following state-of-the-art techniques as
the baseline for comparing our results.
Localized approach [7]: No global state is maintained about
the feature regions in the network. The sensor nodes can lo-
cally compute whether they satisfy a feature based on the
feature values stored by them.
Forest of trees [10]: Feature regions are identified and each
region is labeled by the minimum id feature node in the re-
gion. A spanning tree is constructed within each re-
gion (consisting only of feature nodes that belong to
the region), with the minimum id node as the root.

1 All logs are to the base 2 unless specified otherwise.

Roots

Figure 3. Forest of trees

The root node
maintains ag-
gregate infor-
mation about
the feature re-
gion it repre-
sents such as
the total num-
ber of feature
nodes in the re-
gion and the minimum, maximum, and average of the
feature values over all sensor nodes in the region.

4. Topographic Queries

In this section, we analyze the time and energy costs for
executing topographic queries in the network using our ap-
proach and the state-of-the-art techniques. We assume that
a query can originate at any sensor node in the network,
which is called the query node. We discuss resolution of the
following two types of topographic queries.

Global aggregate queries: These queries are executed for
obtaining system-wide, global aggregates about features of
interest in the network. The input to these queries is f , a user
defined feature. The query is executed over all sensor nodes
that satisfy f . The output is either the result of a computa-
tion performed on the the feature values stored at the sen-
sor nodes or a label used for identifying a feature region in
the network. Some examples of such queries include the fol-
lowing. How many sensor nodes in the network satisfy fea-
ture f? Count the number of feature regions in the network
consisting of sensor nodes that satisfy feature f . Compute
the weighted average of the feature values stored at the sen-
sor nodes that satisfy feature f (e.g., higher weight given to
feature values stored at sensor nodes in the larger regions).

Region specific queries: Region-specific queries extract in-
formation about feature nodes belonging to particular fea-
ture region in the network. The input to these queries is l,
the label used to identify a specific feature region in the
network, and the output is the result of a computation per-
formed over all feature nodes belonging to the specified re-
gion. These queries cannot be resolved using the central-
ized approach as this approach does not maintain region la-
bels in the network. Region specific queries are often exe-
cuted in conjunction with the global aggregate queries. For
example, a global aggregate query is executed in the net-
work to obtain the label of the largest feature region in the
network. This is followed by a set of region specific queries
used for extracting detailed topographic information about
the largest region in the network. Some examples of such
queries include the following. How many feature nodes in
region l have feature values above a given threshold. What



percentage of feature nodes in region l have feature value
below the average feature value in the region? Compute the
median of all feature values in region l.

1. Global aggregate query: Count the number of feature
regions in the network consisting of sensor nodes that
satisfy feature f .

Application scenario: Consider the target counting prob-
lem discussed in [3]. A sensor network is deployed for mon-
itoring the spatio-temporal distribution of the acoustic sig-
nals in the field. Regions consisting of sensor nodes with
acoustic signal strength above a threshold represent targets
in the field. Count of these regions is used to determine the
total number of targets in the field.

Query resolution:
Localized approach: The query node broadcasts the query
over the wireless channel. When a sensor node receives the
query for the first time it performs the following steps: (i)
it stores the id of the neighbor from which it received the
query as its parent, (ii) it rebroadcasts the query in the net-
work, and (iii) if it satisfies the queried feature, it unicasts
a response message with its id and feature value to the par-
ent. When a sensor node receives a response message, it
unicasts it to its parent. The above steps are repeated un-
til the query is received by all the sensor nodes and the re-
sponse messages are received by the query node. The query
nodes computes locally upon the gathered data to identify
and count the number of feature regions in the network.

Ω(
√

n

r
) timesteps are required for routing the query to

all the sensor nodes and the overall energy dissipation is
Ω(n) units. In the worst case scenario, all sensor nodes sat-
isfy the queried feature. n response messages are routed to
the query node, and each message traverses Ω(

√

n

r
) hops on

the average. The responses cannot be aggregated at interme-
diate sensor nodes. This is because the sensor nodes cannot
locally determine whether two feature nodes (that are not in
adjacent cells) belong to the same feature region. Since the
query node can receive only one message in one timestep,
it takes Ω(n +

√

n

r
) timesteps to route the response mes-

sages. Thus, the query is resolved in Ω(n) timesteps dissi-

pating Ω(n ·
√

n

r
) units of energy. The query node must have

Ω(n logn) bits of memory for storing the gathered data and
sufficient processing capabilities for computing the result
(region identification and labeling involves non-trivial com-
putation). Since any sensor node can be a query node, all
sensor nodes must meet the above resource requirements.
(b) Forest of trees: As in the previous case, the query is
broadcast to all the sensor nodes in the network, but only
the root nodes satisfying the queried feature respond to the
query. The query node counts the number of responses re-
ceived to compute the result. Let nr denote the number
of root nodes that satisfy the queried feature. Using sim-

ilar analysis as before, the query is resolved in response
Ω(nr +

√

n

r
) timesteps, dissipating Ω(nr ·

√

n

r
) units of en-

ergy. In the worst case scenario, nr = n (all sensor nodes
are roots). The query is resolved in Ω(n) timesteps with

overall energy dissipation of Ω(n ·
√

n

r
) units. This approach

is more scalable than the centralized approach as only a sim-
ple add operation is performed at the query node , and the
memory requirements are reduced to O(log n) bits.
(c) Topographic map: The query is routed to the root node.
The root stores the total number of feature regions for each
feature in the network. It routes the total number of regions
for the specified feature to the query node. This is accom-
plished in O(

√

n

r
) timesteps with O(

√

n

r
) units of energy

dissipation. Only O(log n) bits of memory are required at
the sensor nodes.

Both the topographic map approach and the forest of trees
approach assume prior identification and labeling of fea-
ture regions in the network. We assume that the features
in the network do not change very frequently, and thus, the
overheads involved in region identification and labeling are
amortized over time as more and more queries are executed
in the system. We do not include these costs in the analy-
sis, but discuss them in our simulations (See section 5).

2. Region-specific query: How many sensor nodes in fea-
ture region l have feature value above a threshold?

Application scenario: Consider a network consisting of
sensor nodes whose feature values represent their remain-
ing energy. The end user is interested in implementing a
new task in the network. For the purpose of load balancing
he desires to implement the task in the feature region with
the largest total energy, provided that the region has at least
ten sensor nodes with energy above a threshold. A global
aggregate query is executed to identify the region with the
largest sum of feature values. The user wants to count the
number of sensor nodes in this region with energy above the
threshold.

Query resolution:
(a) Localized approach: This approach is not applicable.
Since no knowledge of topographic regions is assumed, the
query cannot be routed to any specific feature region.

Root Spanning Tree

Figure 4. Snake-like region

(b) Forest of trees: Let
us assume that the re-
gions are identified by
the location of their
root nodes. The query is
routed to the root node
of the specified region.
The root node broad-
casts the query message
to its children on the spanning tree in the region. The chil-
dren forward the query to their own children. The above



step is repeated till the query reaches all the leaf nodes in
the region tree. The leaf nodes set variable v = 1 if their
feature value is above the threshold and v = 0 otherwise.
They transmit the variable to their parent node on the span-
ning tree. Each parent node waits to receive the responses
from all its children. It then sums up all the values, incre-
ments the sum by one if its own feature value is above the
threshold, and sends a response to its parent on the tree. This
step is repeated until the response reaches the root node,
which routes the response to the query node. Let nf de-
note the number of feature nodes in the region and h denote
the height of the region tree. Ω(

√

n

r
+ h) timesteps are re-

quired for resolving the query with Ω(
√

n

r
+ nf ) units of

energy dissipation. In the worst case scenario, nf = n/2
and h = n

r2 (see Figure 4). The query is resolved in Ω( n
r2 )

timesteps, dissipating Ω(n) units of energy.
(c) Topographic map: The region is labeled by the minimum
id node in the region. The query is routed to this node, which
unicasts the query to its clusterhead. The clusterhead routes
the query to the parent of the region. The above steps take
O(
√

n

r
) timesteps and dissipate O(

√

n

r
) units of energy. The

parent routes the query to the four block leaders of the four
sub blocks that constitute the larger block. The block lead-
ers recursively repeat the above step until the query is routed
to the clusterheads. Let the parent block consist of m × m
clusters. Query propagation requires k = log m iterations
of the above recursive step. At iteration 1 ≤ i ≤ k, each of
the 4i block leaders of blocks consisting of m/2i × m/2i

clusters route the query to the four lower-level block leaders
which are at hop distance of O(m

2i ) hops. This takes O(m
2i )

timesteps and dissipates O(m × 2i) units of energy. Sum-
ming over all k iterations, we obtain the total time and en-
ergy for routing the query to the clusterheads. Total time
taken is

∑log m

i=1 O(m/2i) = O(m), and energy dissipa-
tion is

∑log m

i=1 O(m · 2i) = O(m2) units. The clusterheads
count the feature nodes in the cluster that belong to the
specified region and have feature value above the thresh-
old. They route the count to their block leader. Each block
leader waits to receive the count from the block leaders of
its four sub blocks, sums up the responses, and forwards the
result to the higher-level block leader. This is repeated un-
til the count reaches the parent, which routes the result to
the query node. Computation of the count requires O(m)
timesteps and dissipates O(m2) units of energy (using sim-
ilar analysis as the query broadcast). In the worst case sce-
nario, m =

√

n

s
= O(

√

n

r
), and the query is resolved in

O(
√

n

r
) timesteps, dissipating O( n

r2 ) units of energy.

5. Simulation Results

An irrigation control sensor system was deployed over
a 30 acre test plot in Palmdale, CA [8]. Figure 5 illustrates

the spatial distribution of hydraulic conductivity in soil at
the depth of 3m, as measured by the above system. The dif-
ferent colors in the figure were used to define the set of fea-
tures used as input for our simulations.

Figure 5. Hydraulic conductivity

We simulated a sys-
tem consisting of 1024
sensor nodes, uniformly
distributed over a two-
dimensional terrain of
size 320m×320m. The
radio range of the sen-
sor nodes was fixed to
10.876m. The commu-
nication in the network
was simulated using GloMoSim, the Global Mobile Infor-
mation Systems Simulation Library [5]. Radio specifica-
tions of the mote nodes [2] were used for configuring the
radios for our simulations. The two ray model was used
for modeling propogation path loss in the network. Chan-
nel contention was resolved using the 802.11 protocol, and
the GPSR [9] protocol was used for routing messages in the
network. The sensor nodes were not time synchronized. Ex-
ecution time was measured using the GLoMoSim clock, and
energy dissipation was defined as the total number of mes-
sages transmitted and received in the network.

Our simulation results are illustrated in Figure 6. The y-
axis of the graphs represent the (time and energy) commu-
nication costs involved in executing the following query in
the network: Count the total number of feature regions sat-
isfying feature f in the network. The first eight points on
the x-axis represents the various feature regions over which
the query was executed. The ninth point on the x-axis repre-
sents the averaged cost for executing the query over all eight
features, and the tenth point represents the query: Count all
the feature regions in the network.

Both the the forest of trees approach and the topographic
map approach assume some prior state in the network. The
forest of trees approach assumes that the feature regions
have been identified and labeled as discussed in [10], and
the topographic map approach assumes prior construction
of the topographic map as described in [14]. The communi-
cation costs illustrated in the graphs for the above two ap-
proaches represent both the query execution costs and the
overheads for computing the additional state. Since the lo-
calized approach assumes no prior state, the graphs repre-
sent only the query resolution costs for this approach.

The first row of graphs represent the costs for executing
a single query in the network. For the query involving count
of all feature regions in the network, the localized approach
performs the worst as it involves all-to-one communication
in the network. For other cases, the localized approach has
the best time and energy performance on the average. This
is because unlike the other two approaches, the localized



Figure 6. Simulation Results
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approach does not have any state computation overheads.
The second row of the graphs illustrate the costs of exe-
cuting four queries in the network. The costs for the local-
ized approach increase four times, but the increase is signif-
icantly lower for the other two approaches. This is because
the state computation overheads are incurred only once and
query execution costs are low for these approaches.

The topographic map approach dissipates significantly
lesser energy than the forest of trees approach. It begins
to show better energy performance than the localized ap-
proach after four queries. The forest of trees approach starts
outperforming the localized approach in overall energy dis-
sipation after ten queries. The centralized approach shows
the best time performance for small sized regions (consist-
ing of fewer than 20 sensor nodes), but its performance
degrades for larger regions. The forest of trees approach
shows marginally better time performance than the topo-
graphic map approach. Both approaches take the same time
for query execution, but the state computation takes longer
for the topographic map approach. This is because the fea-
ture regions in Figure 5 have small diameters (see [14] for
details).

6. Concluding Remarks

In this paper, we exploited a “stateful” approach towards
resolving topographic queries in sensor networks based on
prior construction and maintenance of topographic maps
in the system. We discussed an energy efficient algorithm
for distributed construction of topographic maps in [14].
Some of our future work will focus on developing effi-

cient techniques for low-cost maintenance and update of
these maps. We will investigate the overheads involved in
state-replication for the purpose of enhancing the robust-
ness of our algorithms. We will also explore resolution of
other “more complex” queries using the topographic map.
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