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Abstract

This paper focuses on energy-efficient and fault-tolerant
resolution of topographic queries in dense, uniformly de-
ployed, two-dimensional sensor systems. Our approach
is based on construction of the topographic map of user-
defined features in the network. Once constructed, the map
is used to resolve a large number of topographic queries
efficiently. We present a distributed algorithm for construc-
tion and maintenance of the topographic map in presence of
node failures and discuss resolution of topographic queries
using the map. Our results show that our algorithm incurs
90% lesser time and 50% lower energy overheads on the
average, and recovers more reliably from node failures in
the network than the state-of-the-art.

1. Introduction

Sensor systems have large communication costs and are
prone to frequent node failures. Thus, it is more difficult
to maintain global state in these networks as compared to
traditional computing systems. This has led to the belief
that solutions that maintain global states are not suitable for
sensor systems. Several research efforts have focused on
designing localized algorithms that abstract the network as
a “stateless” system [18]. However, we believe that main-
taining global state in a distributed manner can be beneficial
in several sensor applications. In this paper, we presented a
statefulapproach towards resolution of topographic queries
in dense, uniformly deployed sensor systems. We demon-
strated that our approach is energy efficient and fault toler-
ant to node failures in the network.

Topographic querying is the process of extracting data
from a sensor network for understanding the graphic delin-
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eation of features of interest in a terrain. Application ar-
eas where such information is particularly useful include
contaminant monitoring, tracking soil moisture levels, wa-
ter temperature estimation of river beds, etc. [9] [17]. A
prototype implementation of a sensor network used for con-
structing topographic maps of soil moisture and tempera-
ture in vineyards is described in [3]. Topographic informa-
tion about properties such as residual energy are useful for
resource management, dynamic re-tasking and preventive
maintenance of sensor networks. Boundary estimation and
enumeration of feature regions is used in acoustic monitor-
ing and tracking applications [14].

As opposed to geographic locations, topographic queries
extract information about feature regions in the network.
Resolution of such queries requires global (network-wide)
collaboration among the sensor nodes (e.g., region identifi-
cation and boundary estimation). Thus, techniques involv-
ing query-initiated explicit data aggregation and exfiltra-
tion [18] cannot be used to resolve these queries efficiently.
We explore an alternate solution based on distributed con-
struction and maintenance of the topographic map in the
network forfeatures of interest that do not change very fre-
quently. Once the map is constructed, it can be used for
efficiently routing and rapidly answering queries in the net-
work. For example, a query to count the number of feature
regions of interest need not trigger any activity other than
obtaining the result from a distributed storage node (as dis-
cussed in Section 3). Processing of topographic information
and responding to queries could be in most cases decoupled
from the actual data gathering process, which can occur in-
dependently and at a lower frequency.

We compare our algorithm to the state-of-the-art [11] us-
ing the following metrics: (a) the time and energy for ex-
traction and storage of the topographic information in the
network, (b) the time and energy for resolving topographic
queries using the stored information, (c) the time and energy
overheads, and success rate in recovering from node failures



in the network, (d) the correctness of the topographic infor-
mation maintained, and (e) the accuracy of the query re-
sults. Network-level simulations are performed to compare
the performance of the algorithms for several types of fea-
ture distributions and in various node failure scenarios. Our
results show that on the average, our algorithm incurs 50%
lower energy and 90% less time overheads in extracting and
maintaining topographic information, and recovering from
node failures in the network. Our algorithm is always able
to recover from node failures, but the state-of-the-art fails in
5% of the cases due to undetected loops. Up to 75% error is
observed in labeling feature regions using the state-of-the-
art, whereas the error is less than 37% using our algorithm.
Both algorithms succeed in obtaining results for 90% of the
queries. The query results obtained by our algorithm are
100% correct, but those using the state-of-the-art are largely
erroneous in several failure scenarios.

The rest of the paper is organized as follows. The next
section defines our system model, the problem to be solved,
and the definitions. Our algorithm is presented in Section 3,
and compared with the state-of-the-art in Section 4. The
simulation framework is described in Section 5, followed
by the results in Section 6. We compare our work with other
related research in Section 7, and conclude in Section 8.

2. Preliminaries

2.1. System Model

1. We assume thatn sensor nodes are uniformly dis-
tributed over a two dimensional terrain. Each sensor
node is uniquely identifiable by its geographical coordi-
nates (required for gathering topographic information) and
is equipped with a low power processor, a local clock and a
wireless radio with fixed transmission ranger.

2. The system is represented by a graphG(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
verticesu andv 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 ensure 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 of sizeO(log n) bits. Two types of messages are
supported: (a) abroadcastis a one-to-many message from
the sender node to all its neighbors, and (b) aunicastis 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 resolv-
ing channel contention when multiple sensor nodes access
a shared channel at the same time. For the sake of analysis
only, we assume that all messages are reliably transmitted
to the neighbors in a small (constant) number of steps.

Time and energy analysis:As is customary in the analy-
sis of asynchronous distributed systems [12], for analysis
only, 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 corresponds to a cycle of the
logical clock. We assume that communication of a message
between neighboring nodes takes one time step. The time
complexity of an algorithm represents its overall execution
time as measured by the logical clock. We define one unit of
energy as the energy dissipated in transmission or reception
of one message over the wireless channel. Communication
of a single message between neighbors dissipates one unit
of energy at the sender and each receiver node.

Node failure model:We study the fault tolerance of our al-
gorithm under two widely different node failure models: the
isolated failure modeland thegeographically correlated
failure model. Similar models have been used for studying
fault-tolerance in [6]. The isolated failure model captures
randomly distributed, independent node failures. The geo-
graphically correlated failures model results in the failure
of all nodes within a circle of specified radius. The justi-
fication for this model is that continuous usage or environ-
mental effects within a geographic region can cause such
correlated failure, either due to loss of connectivity or due
to energy dissipation. The location of the centers of these
circles is randomly distributed within the network.

2.2. Definitions

A featureis a user defined predicate on sensor data (e.g.,
“is temperature greater than forty?”). We assume that the
number of features in a network is constant, and a sensor
node can locally determine if it satisfies a feature. The sen-
sor data used to determine whether it satisfies a feature is
called thefeature value(e.g., temperature reading).

Consider a partition of the network into a grid consist-
ing of cells of sized × d. Two sensor nodes are said to
beg-connected(geographically contiguous) if they belong
to the same or neighboring (north, south, west, east) cells.
Here,d defines the resolution factor for region identifica-
tion. Our assumption about dense deployment ensures that
d ≤ r, implying that the sensor nodes in neighboring cells
are also wireless neighbors.Gf = (V, Ef ) denotes thefea-
ture graphfor featuref . The verticesv ∈ V represent the
sensor nodes, and an edgee(u, v) ∈ Ef exists iff u andv
are g-connected and both satisfy featuref .



A feature regionrefers to a geographically contiguous
area in the network consisting of sensor nodes that satisfy
the same feature. Note that connected components in a fea-
ture graph represent feature regions. Afeature pathrepre-
sents a sequence of geographically contiguous sensor nodes
that satisfy the same feature. Consider the set of shortest
feature paths between all pairs of sensor nodes in a feature
region. Thediameterof the feature region is defined as the
length of the longest such path. Sensor nodes are said to be
weakly feature connectedif the number of distinct feature
paths between them is small.

A topographic maprepresents the delineation of fea-
tures of interest in a terrain by means of contour lines. In
this paper, we use the term topographic map to represent a
distributed data storage infrastructure that maintains topo-
graphic information (such as boundary and aggregates over
feature values) about feature regions in the network.

The sensor node that injects a query in the network is
called aquery nodefor that query. We assume that a query
can originate anywhere in the network.

2.3. Problem to be solved

Given a dense, uniformly-deployed, two-dimensional net-
work of sensor nodes that store features of interest to end
users, perform the following in a time and energy efficient,
and fault-tolerant manner.

1. Construct and maintain a topographic map for user-
defined features in the network: (a) Given a list of fea-
tures, identify and label the feature regions in the network
in a globally consistent manner (i.e. different regions do not
have same label). (b) Extract and store the following topo-
graphic information in the network in a distributed manner:
boundary and aggregates (sum/min/max) of feature values
for each feature region, and global aggregates (such as num-
ber of regions, and sum/min/max of feature values) for each
feature in the network.

2. Execute user-specified topographic queries:Using the
stored topographic information, route and resolve the fol-
lowing topographic queries. For a user-specified feature,
(a) count the number of feature regions in the network and
(b) count the number of feature nodes in the network.
Note that the above set of queries is chosen for the sake of
illustration only. Our algorithm can be easily customized to
support several other topographic queries.

3. Our Algorithm

The key step involved in construction of the topographic
map is identification and labeling of feature regions in the
network, which is abstracted as the widely studied compo-
nent labeling problem in classical image processing [1]. We
exploit adivide and conquerapproach for constructing the
topographic map, described as follows.
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Figure 1. Pyramid-structure

I. Location-based clustering: A pyramid structure (see
Figure 1) is overlaid on the network (independent of node
distribution). Consider a network with dimensionsD×D, it
is partitioned into four 2×2 blocksof sizeD

2 × D
2 . This step

is repeated recursively for each newly created block till the
network is partitioned into blocks of sizec × c calledclus-
ters. We choosec = r√

5
to ensure that sensor nodes in ad-

jacent (north, south, west, east) clusters are wirelessly con-
nected. In each cluster, the sensor node closest to the center
of the cluster (identified by scanning the neighbor list) is
chosen to be thecluster-leader. In each block, the clus-
ter closest to the center of the network is called theideal-
leader-clusterof the block; the cluster-leader of this cluster
is selected to be theblock-leader. Each block is assigned a
levelbased on its size. A block of size(2k−1 · c× 2k−1 · c),
is called a block of levelk, here (1 ≤ k ≤ log2 D). A
block-leader is assigned the same level as the largest block
for which it is a block-leader. Note that the block-leader of
a block of levelk is also the block-leader of all the smaller
blocks in which it lies (it belongs to the cluster closest to
the center in the smaller blocks as well). The above implies
that a block-leader of levelk is also a block-leader at all
levels less thank. The block-leader of the block represent-
ing the entire network is called thepyramid-root (smaller
id is used to break ties between block-leaders equi-distant
from center of the network for electing the pyramid root).
Each block of levelk contains three block-leaders of level
k − 1 (not counting the block-leader), these are defined as
thesubblock-leadersof the block.

A sensor node can locally determine using its coordi-
nates, whether it is the block-leader for a specific block. In
the ideal scenario, every cluster has at least one sensor node,
and a pyramid structure is constructed over the network in
a distributed manner without involving any communication
in the network. In more realistic scenarios, there may be
empty clusters (without any functional nodes) in the net-
work. If the ideal-leader-cluster is empty, no block-leader



is selected for the block. Missing block-leaders are treated
as failed block-leaders. Detection and recovery of failed
block-leaders is discussed later in the paper.

II. Map construction: This step identifies and labels fea-
ture regions in the network and computes the global and
region-specific aggregates. All thenon-leader nodes(sen-
sor nodes that are not cluster-leaders or block-leaders)
transmit their coordinates and feature values to the cluster-
leader. The cluster-leader locally processes the received
data to construct afeature graph. It performs depth-first-
search on the feature graph to label connected components,
which represent the feature regions in the cluster [1]. Global
and region-specific aggregates are computed over the fea-
ture values in the cluster. Next, the feature graph isre-
ducedas follows. A vertex is used to represent each fea-
ture region in the cluster, and an edge is added to the ver-
tex for every sensor node in the feature region that lies on
the cluster boundary. A feature region is said to becon-
tainedwithin a cluster (or block) if no sensor node in the
feature region lies on the cluster boundary. The reduced
graph and region-specific aggregates fornon-containedfea-
ture regions is routed along with the global aggregates to
thenext-level block-leader(block-leader of the next level
block). Initially, the block-leaders do not know the id of the
next-level block-leader, and thus the packets are routed to
the ideal-leader-cluster of the next-level block-leader using
block routing (described later in the paper).

Each block leader locally processes the information re-
ceived from the cluster-leaders to identify and label feature
regions in the block (using same techniques as described
above). It computes and routes the aggregates and the re-
duced graph representing non-contained feature regions to
the next-level block-leader. The above steps are repeated re-
cursively. On thekth recursive iteration, each block-leader
of levelk processes information received from its subblock-
leaders, and sends the aggregates and reduced graph for fea-
tures in block to the next level block leader.

The smallest block containing a feature region is called
theparent-block and its block-leader is called theparent-
leader of the feature region. The parent-leader labels a lo-
cally contained feature region as (x y k i), where (x y) are
the coordinates of the center of the block,k is the block
level, andi is the smallest node id in the feature region. The
parent-leader routes the label and region aggregates (con-
stant information) to the subblock-leaders from which it re-
ceived data for the region. On receiving the data, the block-
leaders of the smaller blocks repeat the above steps recur-
sively. In the final iteration, the cluster-leaders transmit the
information to the non-leader nodes in the region.

At the end of this step, the topographic information is
stored in the network in adistributed, hierarchical, multi-
resolution manner. The pyramid-root stores the global ag-
gregates (e.g., number of nodes, regions, max/min/sum of

feature values) for all the features in the network, whereas
the block-leaders store the block aggregates (computed over
the sensor nodes in the block). The cluster-leaders maintain
feature lists representing feature values and coordinates of
the sensor nodes in their cluster (region boundaries can be
computed using this list). Each sensor node stores constant
information – the label, region-specific aggregates and in-
formation about the parent-block for its feature region.

III. Resolution of topographic queries: The query nodes
route the queries to the pyramid-root, which maintains the
global aggregates such as the count of the number of sensor
nodes and feature regions for each feature in the network.
The pyramid-root locally computes and routes the responses
to the query nodes. Resolution of several other topographic
queries using the map is discussed in [16].

3.1. Packet losses and link failures

We use end-to-end application level acks to ensure that
the functionality of our algorithm is not affected due to tran-
sient link failures or packet losses in the system. Since, the
algorithm involves only one-to-one communication, acks
can be implemented without large overheads.

3.2. Detecting failures of sensor nodes

We observe that the failure of a non-leader sensor node
in the network does not impact the functionality of the algo-
rithm. A non-leader sensor node only participates in the ini-
tial step of sending its feature data to the cluster-leader, and
the final step for receiving the region labels and aggregates.
It does not maintain any other topographic information ex-
cept the label, aggregates and parent-block for its feature
region (stored by all the sensor nodes in the feature region).
Thus, we focus only on the failure of leader sensor nodes.

The sensor nodes maintain updated neighbor lists, which
are used and refreshed periodically by the lower level pro-
tocols (such as routing and medium access). We assume
that in addition to maintaining ids and positions of one hop
neighbors, the sensor nodes also store the leader level for
one-hop neighbors in the lists.
1. Local detection: A sensor node locally detects failure of
its one-hop neighbors without incurring any overheads, by
monitoring its neighbor list. These include nodes in its own
and (N S W E) adjacent clusters.
2. Ack-based detection:When a sensor node does not re-
ceive an ack for a message, it resends the information and
waits for the ack. On failing to receive an ack after resend-
ing data several times, it assumes that the receiver node has
failed or is not reachable.
3. Failure notification messages:When a cluster-leader
detects failure of all the sensor nodes in the (N S W E) ad-
jacent cluster, it sends failure notification messages (with id
and level of the failed block-leader) to the subblock-leaders



of the blocks (for which one of the failed nodes was the
leader) usingblock routing (discussed below). Explicit
failure notification expedites detection of distant node fail-
ures, and unlike ack-based detection, it can be used to detect
failures when there is no ongoing communication in the net-
work. The communication overheads incurred are propor-
tional to the size of the largest block for which the failed
node is the block-leader.
Block routing: Several steps in our algorithm require in-
formation exchange between block-leaders and subblock-
leaders (or cluster-leaders) and vice-versa. When the id (po-
sition) of the destined leader is known, packets are routed
using GPSR [2] [10]. For scenarios, where the sender does
not know the id of the destined leader, we useblock routing.
Using block routing a packet can be routed to any block-
leader in the system, provided the sender knowsk, the level
of the block-leader, and (x, y), a set coordinates that lie in-
side the block for which the destined node is the leader. This
is achieved as described below.

Using k and (x, y), the sender node locally computes
(xc, yc), the coordinates of the center of the destination
block. The block size isb × b, where b = 2k−1 × c.
xc = (x ÷ b) × 3

2 · b andyc = (y ÷ b) × 3
2 · b, where,

÷ represents integer division. The packet is routed using
GPSR with center of the block as destination coordinates.
In addition to the destination address, the packet stores a
field to mark that it is a block routing packet and a field to
store the level of the block-leader. Each sensor nodes that
receives the packet processes it using the following rules.

R1. If the receiver node lies outside the destination block
and does not contain any neighbor that lies in the destination
block, it processes the packet as a normal GPSR packet,
continuing to route it towards (xc, yc).

R2. If the receiver node lies outside the destination block
and contain a neighbor that lies in the destination block, it
routes the packet to the neighbor that lies in the block.

R3. If the receiver node lies inside the destination block, it
checks whether it is the destined leader. If so, it processes
the packet, else routes it using the following rule.

R4. If the receiver node lies inside the destination block,
but it not the destined leader, it routes the packet to its (next
level) block leader (using GPSR if block-leader position is
known else using block routing). This step is repeated by
the higher-level block-leaders until the packet reaches the
destined block-leader. In the scenario, that an intermediate
node was notified that the next-level block-leader has failed,
the packet is buffered until a new block-leader is elected to
replace the failed node.

To ensure efficient delivery of packets using block rout-
ing (especially when using R4), it is important to route
packet to the center of the smallest block to which the des-

tined block-leader belongs. For example, consider the sce-
nario, where a packet destined to a levelk block-leader,
reaches thek − 1 block-leader in the same block, and the
k − 1 block leader must use block routing to further route
the packet. Thek−1 block leader does not route the packet
to the center of the block of levelk. Instead, it routes it to
the center of the block of levelk − 1 most likely to con-
tain the levelk leader for the block. The node selects the
block closest to the center of the network as the most likely
block, unless its previous block-leader belonged to a differ-
ent block (this block is chosen then).

3.3. Recovering from sensor node failures

1. Leader election to select a new block-leader:If the
cluster of the failed leader is not empty, its failure is locally
detected by the other sensor nodes in the cluster. Each sen-
sor node scans the neighbor list to identify the sensor node
in the cluster that has the maximum remaining power. If
several sensor nodes have same power, the one closest to
the center of the cluster is selected as the new leader. Node
ids are used to break ties between equidistant nodes.

Next, we consider the scenario where a block leader
fails, and there is no other node in the cluster to take over
its role. The cluster-leader of the cluster in the block that is
closest to the ideal-leader-cluster of the block, is selected as
the new leader (using the following steps). This ensures that
the pyramid structure is as close to the ideal case scenario
as possible. When more that one such leader exists, the one
with higher remaining power is chosen.

All the subblock-leaders in the block are informed of the
failure of the block-leader, using failure-notification mes-
sages. Leader election takes place in rounds involving com-
munication between the subblock-leaders in the block. In
roundi, subblock-leaders of leveli communicate with each
other. One of the subblock-leaders (the one with the max-
imum energy) is elected to be the new block-leader, and
the algorithm terminates. If there are no subblock-leaders
at leveli (also implying that the block of leveli − 1 con-
taining the failed block-leader is empty, else there would be
at least one subblock-leader of leveli), no communication
takes place in theith round and the(i + 1)th round is exe-
cuted. The algorithm terminates afterk rounds in the worst
case, wherek denotes the level of the failed block-leader.
If the block is not empty, a new leader is selected before
i <= k rounds, and the new leader belongs to the smallest
non-empty block to which the failed node belongs.

Let us assume that a new leader is elected in theith

round. A constant number of messages are exchanged be-
tween the subblock-leaders of leveli, which areO(2i) hops
away. Messages exchange takesO(2i) time steps and dis-
sipatesO(2i) units of energy. LetTi define the start time
for the ith round. For the correct implementation of our
algorithm we require thatTi >= Ti−1 + O(2i−1). This



ensures that theith round does not begin before leader
election is complete at the(i − 1)th round if there are
any i − 1 subblock-leaders in the block. Thus,Ti >=
O(

∑i−1
j=1 2j) = O(2i), we chooseTi = O(2i). The overall

time and energy taken for leader election isO(2i).

2. Recovering the information maintained at the block-
leader: When a new block-leader is elected, it sends a new
leader packet to its subblock-leaders and the sensor nodes in
its cluster. On receiving the message, the sub block leaders
(and the cluster nodes) resend the topographic information
and queries to the new block-leader. The block-leader can
compute the lost information by using this information.

Consider the failure of a block-leader of levelk, which
is replaced by a subblock-leader of leveli in the block
(1 < i < k). This implies that there are no sensor nodes in
the block of leveli − 1, to which the failed leader belongs.
The new block leader received topographic information
from the subblock-leaders of leveli ≤ j < k in the block.
A subblock-leader of levelj is O(2j) hops away from the
failed leader. It sendsO(2j) packets to the new leader [15]
that are routed inO(2j) time steps dissipating4j units of
energy. Total time taken is

∑k−1
j=i O(2j) = O(2k − 2i) and

overall energy dissipation is
∑k−1

j=i O(4j) = O(4k − 4i).

Worst-case analysis:The largest overheads are incurred
when the pyramid root fails, which is of levelO(log2 D).
We assume a constant number of sensor nodes in each clus-
ter, and thusO(D) = O(

√
n). Let us assume that ak level

subblock-leader is elected as the new block-leader, where
(1 ≤ k < log2

√
n). Leader election requiresO(2k) time

steps and dissipatesO(2k) units of energy. Recovery of in-
formation from subblock-leaders takesO(

√
n − 2k) time

steps andO(n − 4k) units of energy. Total time taken is
O(
√

n) and energy dissipation isO(n− 4k + 2k) = O(n).
Note that larger energy is dissipated when a lower level
block-leader is elected as the new leader.

4. State-of-the-art

We consider the state-of-the-artfeature extraction algo-
rithm described in [11], which organizes the network into
a forest of trees. Each tree represents a feature region in the
network, and is rooted at the minimum id node in the feature
region . Theroot nodemaintains aggregates computed over
the feature values stored in the feature region. Tree con-
struction dissipatesO(n2) energy units and requiresO(n)
time steps, while map construction dissipatesO(n log2 n)
energy units andO(

√
n) time steps, assuming no node fail-

ures in the network (discussed in [15]).
Consider the failure of aroot node, the recovery involves

construction of a new tree rooted at the new minimum id
node in the feature region. The recovery overheads are sig-
nificantly larger than those involved in our algorithm (an-
alyzed in Section 3). While recovery from root node fail-

ure requires reconstruction of the tree, simpler, less costly
heuristics can be used to recover from failures of non-root
nodes. No such techniques have been discussed in [11].
We use the localized tree maintenance heuristics described
in [18] for locally recovering from node failures, and evalu-
ate their performance using simulations in Section 6.

Next, we discuss resolution of the queries discussed in
Section 2, using the information maintained by the state-of-
the-art. Since the location of the root nodes is not known to
the sensor nodes that are not in the same feature region, the
queries are flooded in the network. The root nodes with the
queried feature route the relevant region-specific aggregate
relevant to the query node. The query node computes the
global aggregates by processing the region-specific aggre-
gates received. Assuming no node failures, this takesΩ(n)
time steps and dissipatesΩ(n) energy units, while query
resolution using our algorithm takesO(

√
n) time steps and

O(
√

n) energy units [16].

5. Simulation Framework

Our high-level analysis is based on the model described
in Section 2, which makes several simplifying assumptions
(such as collision-free communication and symmetric wire-
less links). We perform network-level simulations to eval-
uate the performance of the algorithms in a more realistic
manner. The core of our framework is theGlobal Mobile
SystemsSimulation Library [7], which provides support for
several widely-used radio models and networking protocols
for wired and wireless networks.
Wireless channel: Radio specifications of the mote
nodes [4] are used for configuring the radios layer parame-
ters in our simulations. The radio range of the sensor nodes
is fixed to 10m. Radio transmit and receive power are as-
sumed to be 15 mW and 13.5 mW respectively. Signal
propagation is simulated using the two ray path loss model.
Packet reception model is based on SNR. The 802.11 pro-
tocol is used for resolving wireless contention.
Data communication: We implemented GPSR [2] [10]
routing in GlomoSim for network-level routing of packets.
Block routing is implemented in the application layer.
Asynchronous local clocks:All sensor nodes are equipped
with local clocks which have the same frequency but are
not time synchronized. The local clocks are generated by
adding random offsets to the global clock in GloMoSim.
Network topology: Network topologies are generated us-
ing uniform node distribution over a two-dimensional ter-
rain. We simulated networks of sizes 40m×40m with 120
nodes, 80m×80m with 400 nodes, and 160m×160m with
1370 nodes. The number of nodes is chosen such that the
average node degree in the network is 20.
Feature distribution: Figure 2 illustrates the feature dis-
tributions used in our simulations.gdw illustrates the hy-
draulic conductivity in soil measured by a sensor system



deployed over a 30 acre test plot in Palmdale, CA [9].ran-
dom depicts the feature distribution without any spatial cor-
relation.snakerepresents large diameter feature regions.
Node failures: We simulate scenarios with 10% (0.1), 20%
(0.2) and 30% (0.3) of the sensor nodes failing in the sys-
tem, with the following failure patterns: random (Ran),
cluster (Clust), and radii (Rad) (see Figure 3). The ran-
dom pattern represents the isolated failure model, any sen-
sor node in the network fails randomly in the network. The
cluster model is representative of the geographically corre-
lated failure model, a cluster is chosen randomly in the net-
work. All sensor nodes in the cluster fail at the same time.
The radii model is similar to the cluster, but all the sensor
nodes within circles of radii5m fail together. The center of
the circles is chosen randomly in the network. The failure
timings are distributed randomly over the total duration.
Time and energy: The total time represents the communi-
cation time of the algorithm as measured by the GlomoSim
clock. The overall energy dissipation is the sum of transmis-
sion and reception energy dissipated by the sensor nodes.
Computation time and energy are negligible in comparison
to communication [15].

Figure 2. (a) gdw (b) random (c) snake

Figure 3. Failures (a) 0.1Ran (b) 0.2Clust (c) 0.3Rad

6. Simulation Results

I. Node failures during construction: The first set of ex-
periments simulate failures during map and tree construc-
tion. We observe that our algorithm is always able to re-
cover from node failures (possibly with some inaccuracies
in results), but the state-of-the-art fails in5% of the test
cases. This happens when localized tree repair techniques
create loops in the tree. The sensor nodes in the loop com-
municate with each other infinitely, exhausting all the re-
sources, and resulting in large congestion in the network.

Energy Dissipation:Figure 4 shows the energy dissipation
for the two algorithms. The increase in energy in failure
cases (as compared to the no failure case) represents the
failure detection and recovery overheads. We observe that
the overall energy dissipation and the recovery overheads
for map construction are 50% less (on the average) than the
state-of-the-art. The energy increase is proportional to the
number of failures for both algorithms, but the rate of in-
crease is higher in the state-of-the-art. The map construc-
tion energy is lower for cluster failures than random fail-
ures, which is explained as follows. The recovery overheads
increase with the number of leader node failures. Consider
k random node failures in the network, in the worst case
scenario, each failed node is a cluster leader. Given a to-
tal of k node failures in the network, the number of leader
failures in the cluster failures isk/nc, wherenc is the num-
ber of sensor nodes per cluster. Sincenc ≥ 1, k/nc ≤ k.
Radii failures dissipate the largest energy as the node fail-
ures in the interior of the circles are not locally detected, but
only after several futile communication rounds. In some
cases, the construction energy of the tree is less than the
map, specifically for radii failures in small-sized networks.
This happens when the failures result in partition of a larger
region into two smaller regions. This reduces the tree con-
struction energy, which is proportional to the region size.

Execution time: On the average, map construction takes
10% of the time required for tree construction using the
state-of-the-art (see Figure 5). The time for tree construc-
tion is similar for most failure cases and problem sizes ex-
cept when one or more root nodes in the network fail (spikes
in the graph), and the tree is reconstructed. The time for lo-
cally recovering from a node failure only depends on the
node density, which is the same in all the cases. Failure de-
tection and recovery time in map construction is the largest
for the radii failures. The node failures in the interior of the
circles are detected using ack based detection, which incurs
large time overheads (proportional to the network size in
the worst case). The overall time and recovery time over-
heads also depend on the time of failures. If the failed node
has already sent its information to the leader, the recovery
process is executed in parallel to the main construction al-
gorithm. This results in lower overheads as compared to the
scenario, where the map construction algorithm must stall
until the recovery (this explains why the figure shows no
regular trend based on number or type of failures).

Maximum network queue size:The maximum network
queue size (maximum over all nodes and total execution
time) is an indicator of the maximum congestion in the net-
work. Our algorithm shows largest congestion for the ran-
dom feature distribution as it involves the largest number
of boundary crossings. We observe this to be twice that of
tree construction on the average, as shown in Figure 6. For



our algorithm, the largest congestion (and energy dissipa-
tion) takes place at the pyramid root. The tree construction
algorithm performs badly for large diameter feature regions
(such as the snake), and results in several sensor nodes with
significantly larger queue size than the pyramid root in our
algorithm. Moreover, several large spikes are observed for
tree construction in Figure 6, which are due to formation
of transient loops in the tree during repair. Transient loops
refers to loops that are detected and broken off early (with-
out resulting in infinite communication).

Accuracy in labeling feature regions:Next, we examine
the accuracy of the two algorithms in correctly labeling the
feature regions. Figure 7 illustrates the percentage of sensor
nodes in the network that are assigned wrong labels by the
two algorithms. Our algorithm shows 5% error on the av-
erage and 37% error in the worst case. Feature regions are
wrongly labeled in map construction, when the block rout-
ing scheme fails to route the final labels to subblock-leaders
(when failures result in large holes in a block).

The labeling error observed is significantly higher for the
state-of-the-art: 30% on the average and 68% in the worst
case. Larger error rate is observed for the snake and random
feature distribution as compared to the gdw feature distribu-
tion. In the state-of-the-art, label information for a feature
region is propagated among the sensor nodes in the feature
region using unreliable broadcasts. Some of the label pack-
ets are lost due to interference. In most cases, every small
area in a feature region contains several sensor nodes, and
each of them broadcast the label. Since the label is broad-
cast several times in the area, the algorithm is not affected
by the loss of a few packets. However, such is not the case
in when the feature regions are weakly feature connected.
It is possible that there is a single feature path connecting
two parts of the feature region. When the label propagates
along this path, a single packet loss can prevent it from
being flooded in the entire feature region. Consequently,
the feature region is partitioned into two smaller feature re-
gions, only one of which is correctly labeled. Depending on
the size of the wrongly labeled feature region, the error rate
can be significantly high. The correctness of our algorithm
(unlike the state-of-the-art) is not affected by packet losses
and is not highly sensitive to the feature distribution.

Accuracy of stored topographic information:Lastly, we
execute queries and compare the results to examine the ac-
curacy of the topographic information maintained by the
two algorithms. The queries are executed after (map or tree)
construction is over. The results are illustrated in Figure 8.
In the current implementations, we do not support instanta-
neous updates. Consider the scenario during map construc-
tion, where a cluster-leader detects the failure of a sensor
node in its cluster after it has sent the data to the leader.
The sensor node updates its local information but does not

resend the updated data to its leader. Consequently, the to-
pographic information in the network is not always up-to-
date. To accommodate deviation in results due to failures,
we define a valid zone for each query (range of query result
assuming no node failure and maximum node failures) . A
query is resolved correctly if the result is in the valid zone.

While 100% queries are correctly resolved using our al-
gorithm, less than 10% queries are correctly resolved using
the state-of-the-art. In several cases, the incorrect results
deviateby factor of twofrom the correct values. Note that a
single error in maintaining the tree links can result in large
inaccuracies in the topographic aggregates maintained by
the root. Consider the scenario, where a sensor node in the
tree changes its parent. If the old parent is not correctly in-
formed, the topographic aggregate of the child is used twice
in computing the global aggregate. Depending on the values
of the aggregates, the results can be largely erroneous.

II. Node failures during query resolution: This set of
simulations is performed to compare the fault tolerance of
the two algorithms during query resolution. No node fail-
ures are simulated in the (tree/map) construction step, but
only during query resolution. 30 randomly placed topo-
graphic queries are executed in the network at time interval
of 10sec. We observe that the recovery overheads show a
similar trend as during construction. The query results ob-
tained using the state-of-the-art are less erroneous on the
average than those obtained when failures were simulated
during tree construction. This is because once the tree is
constructed, the query results are only affected by the fail-
ure of the root nodes. Since the location of failures is cho-
sen randomly, and less than 1% of the sensor nodes are root
nodes in our simulations, the probability of a root node fail-
ure is very low. Note that in the state-of-the-art, the energy
dissipation in query resolution decreases with increase in
number of node failures in the network (see Figure 9). This
is because decrease in the number of functional nodes re-
duces the number of broadcasts in flooding the query.

7. Related Work

Several research efforts have focused on resolving spatial
and/or aggregate queries in sensor networks using dynam-
ically constructed, “well-structured” spanning trees [18].
Such techniques cannot be used to resolve topographic
queries, which are routed towards feature regions as op-
posed to geographic locations. Identification and label-
ing of feature regions is a critical step in resolution topo-
graphic queries, which requires non-trivial computation and
involves network-wide collaboration and state maintenance.
[8] briefly discusses an in-network algorithm for contour
mapping in sensor networks, but provides no details for the
steps involved in identification and merging of isobars.

The work most closely related to ours is, which ad-
dresses the feature extraction problem in sensor networks.



We compare it with ours in Section 4 and 6. We use the
term fault-toleranceto refer to the capability of the system
to recover from node and link failures. We do not take faulty
sensor readings into consideration, which can be recovered
using the techniques described in [11]. Boundary estima-
tion has been discussed from an information-theoretic per-
spective in [14]. Our approach to query-resolution is not
“stateless”, but maintains global state in the system. [13]
describes a state-centric programming model for sensor net-
works, which will facilitate specification and implementa-
tion of our algorithms. The pyramid structure used by our
algorithm is similar to that used by the DIMENSIONS [5]
data handling architecture. However, DIMENSIONS fo-
cuses on computation, storage and retrieval of spatial and
temporal data aggregates and not on identification of fea-
ture regions, or extraction and storage of topographic data.

Our prior work: We discuss an energy efficient algorithm
for construction of the topographic map in [15]. The perfor-
mance of the algorithm is evaluated using high-level analy-
sis and simulations without modeling node and link failures
or collisions. In this paper, we present a fault-tolerant algo-
rithm for construction and maintenance of the topographic
map and analyze its performance and correctness in pres-
ence of node failures in the network. We perform network-
level simulations to evaluate our algorithm in a more re-
alistic manner, and present results for various node failure
patterns and feature distributions in the network. [16] de-
scribes several other types of topographic queries that can
be resolved efficiently using the map.

8. Conclusion

We discussed a distributed algorithm for energy-efficient
and fault-tolerant construction and and maintenance of to-
pographic map in sensor networks. Once constructed, the
map is used to resolve several types of topographic queries
efficiently. We demonstrated that our algorithm is signifi-
cantly more time and energy efficient, and fault-tolerant as
compared to the state-of-the-art algorithm.

We thank our reviewers for their feedback, which has
helped us in refining the directions for our future work. In
this paper, we evaluated the performance of our algorithm
in dense, uniform networks. While the functionality of our
algorithm is not impacted by node topologies (provided the
network remains connected), its performance may deteri-
orate for non-uniform and sparse node distributions. As
part of our future work, we will compare our algorithm
to the state-of-the-art for other node topologies. Also, the
current implementation of the algorithm is not energy bal-
anced. The leader nodes dissipate more energy than non-
leader nodes. As part of our future work, we will develop
a leader rotation scheme for more energy-balanced imple-
mentation of our algorithm. We will also discuss resolution
of other topographic queries using the map.
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