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Abstract High resolution sampling of physical phenomenon is a prime application of
large scale wireless sensor networks (WSNs). With hundreds of nodes deployed over
vast tracts of land, monitoring data can now be generated at unprecedented spatio-
temporal scales. However, the limited battery life of individual nodes in the network
mandates smart ways of collecting this data by maximizing localized processing of
information at the node level. In this paper, we propose a WSN query processing
method that enhances localized information processing by harnessing the two inher-
ent aspects of WSN communication, i.e., multihop and multipath data transmission.
In an active WSN where data collection queries are regularly processed, multihop
and multipath routing leads to a situation where a significant proportion of nodes
relay and overhear data generated by other nodes in the network. We propose that
nodes opportunistically sample this data as they communicate. We model the data
communication process in a WSN and show that opportunistic sampling during data
communication leads to surprisingly accurate global knowledge at each node. We
present an opportunistic query processing system that uses the accumulated global
knowledge to limit the data collection requirements for future queries while ensuring
temporal freshness of the results.
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1 Introduction

Localized information processing is a hallmark of wireless sensor network (WSN)
technology. In the face of growing deployment sizes and need for higher sensing res-
olution, localized information processing techniques attempt to fill the gap between
user expectations and technological limitations of WSN hardware. These techniques
extend network life-time by energy harvesting at the node level. The primary method
is to minimize the frequency and size of data transmission among distant nodes by
preprocessing and data sharing among neighboring nodes. The development of lo-
calized counterparts of global information processing techniques can be traced back
to the early years of WSN research. Directed Diffusion [16], one of the first data col-
lection systems designed for WSNs, attempts to provide localized yet efficient route
discovery between sources and sinks of sensed data. TinyDB [23] and Cougar [30],
two early WSN database systems, provide strategies to distribute data aggregation
tasks among neighboring nodes.

One of the foremost challenges in localized information processing in WSNs is the
need for global knowledge at the node level. Consider, for instance, the requirement
in TinyDB to maintain MIN and MAX aggregates at each node for efficient query
forwarding. Similarly, localization of essential WSN operations such as event discov-
ery, query optimization, data validation, and node utility computation require global
statistical knowledge at the node level [27]. The need for global statistical knowledge
to augment local information processing has motivated a number of works in WSN
literature. Techniques such as multi-resolution in-network data storage improve
localized range query processing by storing aggregates of multiple granularity at
each node [11, 12, 27]. A common thread among current global statistics collection
techniques is their specialized nature, i.e., these approaches are purpose-built for a
certain type of global statistic and have to be triggered regularly to maintain accuracy
of the aggregates.

In this paper, we propose opportunistic sampling; a novel alternative to the
specialized approaches for acquiring global statistics at the node level. Opportunistic
sampling is based on the key insight that an operational WSN that is actively being
queried by its users already possesses a certain degree of data distributed in the net-
work. Since WSN communication is multihop and multipath (broadcast) in nature,
data from a source to a sink node is relayed and overheard by several intermediate
nodes. Due to this multihop, multipath (M2) communication advantage, each user
query leaves a trace of collected data among the communicating nodes. We propose
that nodes opportunistically sample this data as they respond to user queries. Our
experiments show that if the M2 advantage is properly harnessed, nodes accumulate
surprisingly accurate global knowledge after responding to only a small number of
user queries.

1.1 Motivating example

Figure 1 presents a simple example to motivate the case for opportunistic sampling
based on the M2 advantage. The figure shows a WSN deployed as a grid where each
node can communicate to all nodes present within one hop distance. Assume that
the WSN data collection is performed using a routing tree rooted at the sink node,
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Fig. 1 A motivating example for opportunistic sampling based on the M2 advantage. The black circle
represents the sinks in each subfigure. Solid edges represent the flow of data towards the sinks while
dashed edges between two nodes show that the nodes can overhear each other

as shown. A routing tree is typically constructed by a repeated broadcast of a query
by each node in the network. During the query forwarding phase, nodes synchronize
their sleep, listening, and transmission periods such that each internal node wakes
up in time to receive data from its child nodes. It aggregates the incoming data and
transmits the resultant to its parent node [22]. In a typical routing tree constructed
in a dense network, each node has more than one option for choosing its parent
node and mostly it chooses its parent randomly. However, due to the synchronization
of listening periods among all nodes, an internal node may still overhear the data
relayed by one of its potential child nodes, even if the data is not transmitted
towards it.

Figure 1a illustrates the region from which an arbitrary node (node B in the figure)
in the network overhears or receives the data during data collection in response to
a query issued from a sink node. We refer to this area as the M2 coverage of node
B. It can be seen from Fig. 1b–d that different locations of the sink node result in a
different level of M2 coverage of node B. Assume that in each case the sink node
issues the following query:

SELECT Humidity
FROM Sensors
SAMPLE PERIOD 30 min
FOR 4 h

For node B, the presence of sinks at the four shown locations leads to the accu-
mulation of humidity information from the entire network. Hence, in this example,
node B can report an accurate global statistic, such as MIN, MAX or AVG, without
issuing a single query itself.

1.2 Components of an opportunistic sampling system

The above example shows the strength of M2 coverage based opportunistic sampling
in a simple setting. The example highlights that the extent of M2 coverage for a node
primarily depends on its position with respect to sink nodes. For accurate aggregation
however, factors such as the freshness and suitability of samples also play an
important role. Figure 2 depicts our opportunistic sampling approach for in-network
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Fig. 2 Flow of the opportunistic sampling system

aggregation that integrates these key factors. The structure and main components of
our approach are discussed below:

Control f low Our approach relies on a feedback loop (shown in bold lines in Fig. 2)
involving new queries being broadcasted in a network and opportunistic sampling by
all nodes during the query response phase. Before a node broadcasts a query in the
network, it assess the validity of the data it currently holds with respect to the query.
If a node determines its current sample to be suitable for the query, it evaluates the
query on its current sample without further need of communication with other nodes.
For certain queries, the current sample held by a given node may not suffice. In such
situations, the node would proceed with regular data collection by broadcasting the
query in the network. The feedback loop component of our system then ensures that
this data collection helps not only in responding to the query in question but also
enhances the quality of opportunistic sample held by all nodes in the network.

Spatial coverage The spatial extent of a sample held by a node is fundamental to
the accuracy of query processing using an opportunistic sampling scheme. Nodes
in the proposed control flow first determine the spatial coverage of the data they
hold by computing their current M2 coverage. This coverage depends on the relative
position of a node with respect to past sink nodes and the deployment area. For
instance, consider the M2 coverage reported for a simulated WSN shown in Fig. 3.
The figure presents the distribution of M2 coverage (as a fraction of deployment
area) that results from the data flow generated by a sink node located at the center
of the network. The figure shows that the M2 coverage of any node is dependent on
its location relative to the location of the current sink and the deployment area.

Accuracy The accuracy of global statistics is affected by the spatio-temporal varia-
tion in the sensed phenomenon. Similar to the spatial coverage case, nodes measure
the suitability of their sampled data in terms of its freshness and validity based on the
spatio-temporal covariance in the sensed phenomenon. As a result, nodes may either
proceed with using the stored sample for query evaluation or may issue a new query.
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Fig. 3 A density plot of the
distribution of M2 coverage
due to the data flow generated
by one sink present in the
center of a 2500 node network.
Lighter tones represent high
coverage areas
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If a new query is broadcasted, the feedback loop results in extending the spatio-
temporal scope of the samples held by all nodes thus increasing the likelihood that
future queries might not require a broadcast.

Sample type As opportunistic sensing relies on mandatory data sharing among
nodes, its performance is tied to the nature of information being communicated in
a network. If most user queries involve aggregates, for instance, seeking average
humidity instead of all humidity values as in the motivating example, raw sensor
readings are suppressed by in-network aggregation during transmission. As a result,
opportunistic information sampled at each node may only suit a certain type of global
statistic. To reduce this dependency, we also propose that each node piggy-backs
some augmented information along with the partial query result it transmits. For
example, if the global statistic MAX is required, each node can piggy-back augmented
information in the form of a partial MAX aggregate based on incoming data and its
own reading. Regardless of the type of query being processed, if all nodes add to
and sample augmented information, a large proportion of nodes may accumulate
enough local information to accurately compute the required statistic. An alternative
of the piggy-backing strategy could be to exploit the partial query results computed
by each node. A number of query optimization techniques (e.g., [15]) in the relational
database systems literature propose to share partial query results in future queries.
Such techniques can be adopted in our opportunistic sampling system.

1.3 Our contributions

Our contributions in this paper are twofold. First, we present a critical result on M2
coverage available in a network and show that only a small number of user queries
lead to very high levels of M2 coverage in a network. Second, using M2 coverage for
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opportunistic sampling, we present a comprehensive approach for data aggregation
and show its superior performance in multiple application scenarios using real and
simulated data sets.

The initial idea of our opportunistic sampling scheme was introduced in our earlier
short paper [29]. In this paper, we present a formal analysis of the level of M2
coverage available in a typical WSN. We also introduce a system that exploits this
feature for query processing while ensuring spatial and temporal coverage.

The rest of this paper is organized as follows. In Section 2 we present the M2
coverage model and propose an approximation method to estimate the spatial
coverage available due to opportunistic sampling in a WSN. We show the strength
of opportunistic sampling by comparing it to an exhaustive greedy approach in
Section 3. In Section 4 we propose a method to maintain accuracy in the opportunistic
sampling system. Section 5 provides the system implementation details, outlines
two applications of opportunistic sampling and reports our experimental results. A
further analysis of certain operational details is given in Section 6. We survey related
literature in Section 7, and we conclude in Section 8 with our key findings and an
outlook.

2 Spatial coverage of opportunistic sampling

In this section, we model the M2 coverage that is available to all WSN nodes due
to the data flow generated by an arbitrary number of sink nodes. We present a
probabilistic analysis of M2 coverage typically available in a network to establish
that only a small number of uniformly distributed sink nodes lead to a high level of
M2 coverage for a large part of the network.

2.1 System model

We assume a network of N nodes uniformly deployed inside a d × d square. Two
nodes can communicate with each other if the distance between their locations is less
than R, the transmission radius. We consider a completely decentralized architecture,
i.e., there is no designated sink or base station. Upon receiving a request from a user,
any node can inject a query in the network.

Query forwarding and data collection are performed using a TinyDB-based
random data collection tree [22]. All nodes in the network exploit the multihop
and multipath (M2) advantage during the query response phase as follows. Along
with its response to a user query, each node i opportunistically piggy-backs a data
item di where di comprises of node i’s sensed value combined with all piggy-backed
data items that node i has itself received (or overheard). For instance, in the case of
collecting the global maximum of a sensed parameter, node i piggy-backs the largest
sensed value known to it, i.e., by taking into consideration its own and all incoming
sensed values.

2.2 Coverage model

The M2 advantage virtually extends the sensing coverage of each node much beyond
its communication radius. Figure 4a shows an example where a query, Q1, is issued
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Fig. 4 Estimating the M2 coverage

by a node A. The concentric rings of increasing radii around node A depict broadcast
rounds (referred to as epochs) as nodes receive and forward Q1.

An arbitrary node, represented as node B in this example, receives Q1 during
the third epoch and sets its listen and transmit periods accordingly. Region 1 in
Fig. 4a represents node B’s first epoch M2 coverage, i.e., the area within direct
transmission range of node B, from where it expects to receive (or overhear) data
once the network starts responding to Q1. This coverage region is formed by the
part of node B’s transmission range that does not intersect with the query wavefront
that delivers Q1 to node B. All nodes falling inside the overlapping part of node B’s
transmission range and the query wavefront must have received Q1 before node B
and must have set their transmission time periods accordingly. Thus, during its listen
time-period, node B cannot receive or overhear any data from these nodes.

Node B’s M2 coverage increases as nodes in its first epoch M2 coverage rebroad-
cast Q1 further into the network. Analogous to the case above, the second epoch M2
coverage for node B will include the part of node B’s second epoch broadcast that
does not overlap with the corresponding wavefront for Q1. Depicted as region 2 in
Fig. 4a, node B’s second epoch M2 coverage is greater in area than its first epoch M2
coverage. Further re-broadcasts of Q1 increase node B’s M2 coverage in a similar
manner.

Figure 4b extends the above example by including a second query, Q2, issued
by node C. Node B can now overhear or receive data from all nodes in the non-
overlapping part of its transmission range and the query wavefront that delivers
it query Q2. Consequently, the M2 coverage for node B is further increased. The
overall M2 coverage for node B can now be computed by estimating the complement
of joint intersection of node B’s transmission range with wavefronts Q1 and Q2. We
discuss this notion of overall M2 coverage in detail below.

2.3 Coverage computation

For a formal definition of M2 coverage of a node i, we assume a set V of WSN nodes
deployed uniformly at random, and a set, S ⊂ V, S = {s1, s2, . . . , sK}, of K sink nodes.
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We represent the query wavefront broadcasted by node i during epoch j, as a circle
Ci, j of radius R × j, where R is the fixed radio transmission range. The M2 coverage
for node i as a result of a query broadcast in its first epoch, λi,1, can be derived as:

λi,1 = ∥
∥Ci,1

∥
∥ − ∥

∥Ci,1 ∩ Cs1,d1 . . . ∩ CsK,dK

∥
∥ (1)

where, dk = distance(i,sk)

R , 1 ≤ k ≤ K represents the epoch number during which the
query from sink sk is delivered to node i. Figure 4b presents an intuitive explanation
where query wave-fronts from nodes A and C deliver two queries to node B
in broadcast rounds 3 and 4, respectively (earlier broadcast rounds not shown in
the figure). M2 coverage λB,1 for node B’s first broadcast epoch is simply the
area of its communication range (‖CB,1‖) subtracted by the area of intersection of
its communication range with query wavefronts originating from nodes A and C
(‖CB,1 ∩ CA,3 ∩ CC,4‖).

The overall M2 coverage for node i, �i, can be derived by adding M2 coverage
for each rebroadcast epoch, until the broadcast reaches the entire deployment area.
Formally,

�i =
D

∑

j=1

(

λi, j − εi, j
)

(2)

where D is a constant large enough to guarantee that the broadcast reaches the entire
deployment area, and εi, j is an error term. Since we assume a rectangular deployment
and represent coverage with circles of increasing radii, it is expected that some part
of a coverage circle my fall outside the deployment area. The error term εi, j in Eq. 2
subtracts this area from the M2 coverage during each epoch.

2.4 Discrete coverage approximation

Equations 1 and 2 establish the M2 coverage of a given node as a function of its own
location and those of K sink nodes currently active in a network. Provided with the
required location information, any node can use Eqs. 1 and 2 to locally compute its
M2 coverage. However, a model cannot be easily established using these equations
as it would involve a close form representation of the area defined by the intersection
of K + 1 circles of different sizes in general positions; a surprisingly hard problem [9].

In this section, we propose a discrete approximation for the M2 coverage estima-
tion. We base our approximation on a simplifying assumption that the M2 coverage
of a node extends from the nodes present on the boundary of its transmission radius.
Accounting for the M2 coverage extended through the border nodes automatically
includes that offered by any inner nodes. Therefore, instead of computing the exact
joint intersection of all wavefronts delivering K queries to node i, we propose to
estimate only the length of the boundary (the circumference) of node i’s wavefront
that falls under this joint intersection.

Figures 5 and 6 illustrate the main idea behind the proposed discrete approxi-
mation. In this example, a node B receives a query wavefront from a sink node S1
intersecting its transmission range at points P1 and P2. We exclude all the nodes
located anti-clockwise on the arc (P1, P2) from node B’s M2 coverage. These nodes
have received the query during the same epoch as node B and hence cannot form part
of B’s M2 coverage. Therefore, we refer to the arc (P1, P2) as node B’s uncovered arc.



Geoinformatica (2013) 17:567–597 575

Fig. 5 Discrete approximation
for the M2 coverage for a node
with one uncovered arc and
one sink

B

S1

P1

P2

P3

P5

P4

P6

Based on the proposed assumption, we use the length of the arc (P1, P2) to estimate
the M2 coverage area for node B during the first epoch. Subsequent rebroadcasts of
the same query by node B and other nodes in the network, result in uncovered arcs
of increasing lengths, shown as arcs (P3, P4) and (P5, P6).

In Fig. 6a, we show node B’s uncovered arc in the second broadcast round
after introducing a second query originating from sink S2. In this case, the number
of nodes to be excluded from node B’s M2 coverage reduces since some of the
uncovered nodes from the first query would not have received the second query in
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(a) A node with one uncovered arc and two sinks. (b) A node with two uncovered arcs.

Fig. 6 Discrete approximation for the M2 coverage
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the same epoch as node B. This effect can be noted from the reduction in the part of
node B’s transmission circumference that intersects with both query wavefronts. In
Fig. 6b, we present an alternative case where the two query wavefronts produce two
uncovered arcs for node B. Formally, we define an uncovered arc as:

Definition 1 Given a clockwise sorted set of points P = {P1, P2, . . . P2K}, where a
set of wavefronts C = {C1, C2 . . . CK} intersect with node i’s transmission border;
an uncovered arc for node i is defined as an arc (Ps, Ps+1) where Ps, Ps+1 ∈ P, and
Ps, Ps+1 ∈ Ci, ∀Ci ∈ C.

In general, given MB uncovered arcs, the M2 coverage for node B’s first epoch
broadcast, λ̂B1, can be approximated as follows:

λ̂B1 = 2π R −
MB∑

m=1

Rθm − εB1 (3)

where R is the fixed radio transmission range, θm is the angle (in radians) of arc m
and, εB1 is an error constant to subtract the parts of M2 coverage falling outside the
deployment area.

The computation of the overall M2 coverage for a given node is greatly simplified
by above approximation. As shown in Fig. 6, all uncovered arcs for node i grow
linearly with a factor R (the transmission radius) during node B’s broadcasts during
subsequent epochs. In general, the M2 coverage for node B during epoch i, can be
computed as:

λ̂Bi = 2π Ri −
MB∑

m=1

Riθm − εBi (4)

The overall M2 coverage for node B can then be computed as:

�̂B =
D∑

i=1

λ̂Bi (5)

where D is a constant large enough to guarantee that broadcast reaches the entire
deployment area.

Equation 5 provides a compact and simple method to approximate the M2
coverage of a node as a function of its own location and that of all sink nodes present
in a network. Figure 7 shows the accuracy of this approximation for a simulated WSN
comprising of 2500 nodes (see Section 5 for details on the simulation setup). In this
experiment, we randomly place 5 and 10 sink nodes in the network area and compute
the M2 coverage available to each node in the network using uncovered arcs based
approximation. We also calculate the exact M2 coverage of each node by computing
the joint overlap of query wavefronts and a node’s transmission range (Eq. 2) using a
Montecarlo simulation based approach [1]. Scatter plots in Fig. 7 show high positive
correlation (0.91 and 0.85 for experiments with 5 and 10 sinks, respectively) between
M2 coverage approximation and its exact computation.
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Fig. 7 Accuracy of M2 coverage approximation. Coverage values on both axis are normalized to the
network area

3 Achieving high levels of spatial coverage

M2 coverage of a given node is a function of its location relative to the rest of the
network and the locations of sink nodes. Therefore, a set of sink nodes that results
in a high level of coverage for one node may not provide similar coverage for other
nodes in the network. In this section, based on our experimentation, we present the
critical observation that the overall M2 coverage in a large part of a network rises
rapidly to high levels with a modest increase in the number of sink nodes. We then
present a probabilistic analysis on the number of randomly located sink nodes that
guarantees a high level of overall M2 coverage with a desired probability.

Figures 8 and 9 present the results of our experiments with a simulated WSN
comprising of 2500 nodes (see Section 5 for details on the simulation setup). Figure 8a
shows the approximate M2 coverage of each node in the simulated network due
to a single sink placed at the center of the deployment area. As expected, the M2
coverage is highest (between 35 and 40 % of the entire network area) at the center
nodes and decreases gradually with distance from the center. Figure 8b and c show
the M2 coverage for 5 and 10 randomly placed sinks, respectively. In each experiment
we report the mean coverage of each node after 10 runs of the experiment. We
observe from the coverage surface that with an increase in the number of sinks the
mean coverage increases significantly and coverage distribution becomes increas-
ingly uniform.

The chart in Fig. 9 reports the M2 coverage histogram as the number of sink nodes
is increased up to 5 % of the network. It is important to note that for a number of sink
nodes as low as 2 % of the entire network, 64 % of the nodes cover more than 80 %
of the deployment area, while 87 % of the nodes cover more than half of the deploy-
ment area.Following the experimental observations, we now present a probabilistic
analysis that shows that such high levels of M2 coverage are achievable in a network
with only a small number of sink nodes.

3.1 Probabilistic estimation based on randomly located sink nodes

The M2 coverage of all nodes increases with the increase in the number of sink nodes
but the magnitude of increase varies with each node’s location. Given a nonempty set
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Fig. 8 The approximate M2
coverage with increasing sink
nodes distributed uniformly at
random

(a) 1 sink (placed at the center of network area)

(b) 5 sinks

(c) 10 sinks

of sink nodes, a node i achieves maximum M2 coverage if it has no uncovered arcs
on its transmission border. This requires sink nodes to be located such that the joint
intersection of all query wavefronts reaching node i does not include any segment
on its transmission border. To ensure maximum M2 coverage for any node in the
network, its uncovered arcs must be eliminated. An uncovered arc (Ps, Pt) of a node
i can only be fully eliminated if a query wavefront from a newly added sink reaches
node i such that the wavefront does not intersect with the arc (Ps, Pt). If (Ps, Pt) is
the only uncovered arc of node i, the newly added sink will result in maximum M2
coverage for node i.
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Fig. 9 The M2 coverage
histogram for an increasing
number of sinks for a 2500
node network. The frequency
axis shows the number of
nodes in a histogram bin while
all values are normalized to
the total number of nodes in
the network

0.2

0.4

0.6

0.8

1.0

Coverage 0.01

0.02

0.03

0.04

Sink Nodes

0.0

0.1

0.2

0.3

0.4

Frequency

Figure 10 further explains the notion of uncovered arc elimination for maximum
M2 coverage: node B’s uncovered arc is bounded by points P1 and P2 with its center
at point P12. To achieve maximum M2 coverage, node B requires a sink node located
such that its query wavefront reaches B and does not include points P1 and P2.
To compute the subregion inside the network where such a node may be located,
we create a Voronoi diagram using node B’s location and points P1, P2 and P12

as vertices. The required sink node cannot be located inside the Voronoi cells of
points P1, P2, and P12 as any node inside these cells will be closer to P1, P2 or P12,
respectively, than node i. Therefore, a wavefront from such a sink node must include
these points before reaching node B, hence violating the basic criteria set for the
required sink node. Observation 1 states this insight.

Observation 1 Given a node i located at point Pi, its uncovered arc (Ps, Pt) with center
at Pst and the Voronoi diagram V of points Ps, Pt, Pst, Pi bounded inside the network
area. The uncovered arc (Ps, Pt) can only be eliminated by a sink node located inside
the Voronoi cell V(Pi).

Fig. 10 Deriving the
probability of exhaustive M2
coverage using the Voronoi
diagram of a node’s location
and end and mid points of its
uncovered arc

B
P1

P2

P12
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Based on the analysis of potential sink locations for maximum M2 coverage, we
derive the number of uniformly distributed sink nodes that eliminate an uncovered
arc of a node i with probability p. According to Observation 1, the number of sink
nodes required to eliminate an uncovered arc can be related to the ratio between
the area ‖V(Pi)‖ of node i’s Voronoi cell, and the network area. If the network area
is denoted by A, the probability that a newly arrived sink node will fall inside node
V(Pi) is: ‖V(Pi)‖

A . If κi new sink nodes arrive in the network, the probability that at
least one sink node will fall inside V(Pi) is:

p = 1 −
(

1 − ‖V(Pi)‖
A

)κi

(6)

where (1 − ‖V(Pi)‖
A ) is the probability of failure in one attempt, i.e., the probability

that a new sink node is located outside V(Pi). To derive κi, i.e., the number of sink
nodes that eliminate an uncovered arc of node i, we rewrite Eq. 6 in terms of the
desired probability p of success as:

κi = log (1 − p)

log

(

1 − ‖V(Pi)‖
A

) (7)

If a node has more than one uncovered arc, for instance as shown in the example
in Fig. 6b, it may require more sinks to eliminate all uncovered arcs. To derive κi

for a node i with M uncovered arcs, we first create Voronoi diagrams V1, . . . , VM

corresponding to each uncovered arc. Equation 7 shows that the number of sink
nodes required to eliminate an uncovered arc depends on the area of the Voronoi
cell of the node’s location in the Voronoi diagram corresponding to the arc. For a
node i with multiple uncovered arcs, an upper bound on the number of required sinks
can be established by considering the arc, say m, that leads to the smallest Voronoi
cell Vm(Pi). Formally, the number of sink nodes that eliminate M uncovered arcs of
node i with probability p is given as:

κi = log (1 − p)

log

(

1 − ‖Vm(Pi)‖
A

) (8)

where, ‖Vm(Pi)‖ = MIN(‖V j(Pi)‖), j ∈ {1, . . . , M}.
The proportion ‖Vm(Pi)‖

A in Eq. 8 captures the effect of the relative position of a
given node with respect to the deployment area and sink nodes already present in
the network. The chart in Fig. 11 shows the number of required sinks for success
probabilities, 0.99, 0.9 and 0.8, for a range of Voronoi cell proportions. We observe
that the success probability does not play a major role in determining the number of
sink nodes required to provide maximum M2 coverage if the Voronoi cell of a node
is large. Intuitively, the more centrally a node is located, the smaller is the number of
expected sink nodes required to cover it. Border nodes, on the other hand, are the
most challenging to optimally cover. It is often only possible when the node itself acts
as a sink node.



Geoinformatica (2013) 17:567–597 581

Fig. 11 Worst case bound on
the number of required sink
nodes (normalized to network
size, i.e., 2500 nodes) p=0.99

p=0.90

p=0.80

Given N nodes, the number of sink nodes required to maximize the coverage for
all nodes with probability p is:

κ = argmax
i∈{1,...,N}

κi (9)

The above computation is based on the assumption that sink nodes are distributed
uniformly at random. Since we only take the total number of nodes and not specific
locations into account, a node j with κ j ≤ κ is expected to be already covered as the
number of sink nodes grows to κ .

3.2 Approximation accuracy

Using the probabilistic analysis in Section 3.1, one can derive the number of sink
nodes required to provide maximum M2 coverage. In this section, we analyze the
approximation accuracy of our analysis by comparing it to a greedy strategy.

As our analysis assumes a uniform distribution of sink nodes, it can be argued
that we may miss the number of required sinks in comparison to a strategy that picks
sink locations carefully. We show that the optimal sink placement to maximize M2
coverage for an entire network using a minimum number of sink nodes is an NP-hard
problem. Given the approximate M2 coverage for a given node (Eq. 5), the overall
node coverage for a set V of WSN nodes, with respect to a set of sink nodes S, can
be formulated as:

�S =
∑

i∈V

�̂i (10)

For maximum M2 coverage over an area A, the M2 coverage of each node v ∈ V
must be close to A. The optimal sink placement (OSP) problem can then be defined
as to find the smallest set of nodes S∗ ⊂ V, that yields: �S∗ ≈ ‖V‖A.

Lemma 1 The OSP problem is NP-hard.

Proof of Lemma 1 The OSP problem can be reduced to the NP-hard set-cover
problem [5] as follows: Assume the set of all WSN nodes V to be the universe for
which we seek a cover. The M2 cover for each sink node i ∈ V can be represented
as a set si ⊂ V, i.e., a set of all nodes that fall inside the M2 coverage area of sink
i. Since any WSN node can be a sink node, we obtain a family of subsets U = {s1,
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Fig. 12 Greedy vs
probabilistic approximation.
Number of sink nodes are
normalized to the total
number of nodes in the
network while the window size
is normalized to the network
area
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s2, . . . , sN}, N = ‖V‖, where each subset in S represents the M2 cover of corre-
sponding sink node. For complete coverage, we are required to pick a subfamily
S∗ ⊂ S whose union is V. Finding the smallest such subfamily is equivalent to set-
cover optimization. 
�

Experimental evaluation of approximation accuracy Typically, a greedy heuristic is
adopted for set-cover optimization problem that achieves the best possible polyno-
mial time approximation [20]. For our simulated network, Fig. 12 shows a comparison
between this greedy approximation and our proposed probabilistic approximation.
In each instance of this experiment, we compute the number of sink nodes required
to provide maximum M2 coverage to all nodes located inside a square spatial window
co-centric with the deployment area. We compute the number of sinks using the
greedy heuristic and Eq. 9 with a success probability, p, of 0.99.

The chart in Fig. 12 shows that for optimal sink placement, our probabilistic
technique has an approximation accuracy close to that of the greedy heuristic. For
both techniques, the number of required sink nodes increases with the increase in
the window size. The greedy approach outperforms the probabilistic placement of
sink nodes only when the window size is close or equal to the network area. This
behavior is expected as it becomes increasingly hard to cover the border nodes. The
similarity in the results of this experiment shows that a network can garner a nearly
equal level of opportunistic sampling coverage if sink nodes are distributed uniformly
at random or if they are proactively placed using a greedy strategy.

4 Maintaining accuracy in opportunistic sampling system

A node must estimate the accuracy of the data it acquires through opportunistic
sampling before this data can be used in query evaluation. The probabilistic model
discussed in the previous section enables the WSN nodes to monitor their spatial
coverage based on the total number of sink nodes in a network. However, due to
the inherent temporal variation of sensed phenomena, spatial coverage of a sample
alone cannot guarantee its accuracy. Once a network reaches the number of sink
nodes required for optimal coverage, new query broadcasts can be suppressed only
until the samples held by all nodes remain within a desired level of accuracy. Hence,
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a method is needed to regulate new query broadcasts such that opportunistic samples
accurately reflect the global state of the phenomenon under observation.

4.1 Spatio-temporal variogram

Historic trends of a physical phenomenon learnt over past sensor readings provide
the best guide for sampling accuracy. A common geostatistical tool used for this
purpose is the variogram: a function based on of samples of a phenomenon and
distance between the corresponding sampling locations [18]. The variogram model
has numerous applications in spatial data analysis, including sampling accuracy
estimates [3] and spatial interpolation (Kriging) [7].

Assume a random variable Z represents a spatio-temporal phenomenon observed
at S sites over a time period T. Assume further that Z (si; t) represents a point ob-
servation for sampling interval t at location si; t = 1, . . . , T, i = 1, . . . , S. For a given
spatial lag h and temporal lag u, the empirical spatio-temporal variogram function
can be defined as [6]:

γ̂ (h; u) = 1

2‖N(h; u)‖
∑

(i, j,t,t′)∈N(h;u)

[

Z (si; t) − Z
(

s j; t′
)]2 (11)

where, ‖N(h; u)‖ ≡ {(i, j, t, t′) : si − s j = h; ‖t − t′‖ = u, i, j = 1, . . . , S}, i.e., is the
number of data pairs located at distance h and sampled within u time units of each
other.

To generalize the empirical variogram as a phenomenon’s spatial correlation
model, a surface function f (h, u) is fitted onto the empirical values. The resultant
variogram model can then be used to find the correlation between phenomenon val-
ues at arbitrary locations. In estimation problems, such as computing the mean value
of a phenomenon using point samples, the variogram can be shown as equivalent to
the variance of error [3], i.e.,

σ 2
e = 2γ (h; u) (12)

This relation greatly simplifies the calculation of a confidence interval. For instance,
based on the assumption that error is normally distributed, a 95 % confidence

interval for mean estimation can be derived as CI = ±1.96
√

2γ (h). In certain ap-
plications, including the ones addressed by this work, point samples are aggregated
prior to being used in estimation; for instance, computing the mean value of a
phenomenon inside a spatial segment using the mean values of nearby segments.
In such cases the variogram function is averaged over the entire area of concern
before confidence intervals are derived, a process known as regularization [7]. For
such situations, Eq. 12 is modified as following:

σe = 1

‖H‖‖U‖
∫

H

∫

U
2γ (h; u)du dh (13)

where the spatial lag, h, varies in ‖H‖, and the temporal lag, u, varies in ‖U‖.

4.2 An example spatio-temporal variogram model

Figure 13a shows the empirical spatio-temporal variogram computed for a dataset
that we later use for experimentation. This dataset is collected by a WSN of 54
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Fig. 13 Modeling the
spatio-temporal variogram
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nodes deployed in the Intel Berkeley Research lab [17]. Each sensor records several
readings per minute including temperature, humidity, luminosity, and voltage. We
preprocess the data as follows:

– first, we randomly select 10 days from the dataset;
– second, we decimate the data for each day by reducing the sampling interval to

30 min;
– third, we compute an overall mean for each sampling interval by averaging the

corresponding temperature values across all selected days;
– lastly, using the spatial lag of 1 m and temporal lag of 1 sampling interval (30 min)

we use Eq. 11 to compute the empirical spatio-temporal variogram for a 12-h
period, from 0800 to 2000 h (Fig. 13a).

In addition to spatial and/or temporal lag variables, empirical variogram models
are parameterized using the concepts of nugget, sill and range. Nugget is the height
of the jump of the variogram at the origin, sill is the limit of the variogram (tending to
innitely large distances) and the range is the distance for which the difference of the
variogram from the sill is minimal. Intuitively, nugget reflects the correlation between
samples at the closest lag, range is the distance after which correlation between
samples stops showing any significant change while, sill is the value of correlation
between samples at a distance equal to range.

As shown in Fig. 13a, the empirical variogram for Intel lab data shows a periodic
trend with a sill (C) at 1.6, spatial range of influence (a) at 12 m and a nugget effect
(τ) of 1.2. In the literature, an empirical variogram with a periodic trend is referred to
as the hole ef fect variogram and a trigonometric function is often adopted to model
this trend [21].
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To model the empirical variogram, we use a linear combination of the cosine hole
effect and exponential models on the spatial dimension and a purely temporal model,
given as follows:

γ (si; t) = τ + α1 ∗ (1 − cos(Cnsiπ)) + α2

(

1 − exp
si
−a

)

+ β1tβ2 (14)

where, τ is the nugget effect, a is the range of influence, α1 and α2 are scaling para-
meters for the linear combination of spatial models, Cn is the sill for the hole effect
model, and β1 and β2 are parameters for the temporal model. Values for τ , a and
Cn are derived from the empirical variogram itself and are found to be, 1.2, 15 and
0.35, respectively. The rest of the constants are derived using least square estimation
and their values are as follows: α1 = 0.189, α2 = 0.405, β1 = 0.00027, and β2 = 2.009.
The fitted model is shown in Fig. 13b.

4.3 Maintaining opportunistic sampling accuracy using spatio-temporal variogram

Although the variogram model building is a complex process, it is a once-off cost for
one central node. Based on historic trends, a variogram characterizes the correlation
among sensor nodes as a phenomenon evolves. Actual node values may vary in the
future, but the correlation among nodes is expected to follow the correlation trend
modeled by the variogram. Hence, it is practical to construct the variogram model for
a phenomenon in a given WSN using past data and distribute the computed model in
the network at the time of initialization. Therefore, we do not consider the variogram
model building cost as a parameter in our analyses of the opportunistic sampling
technique.

Once an appropriate variogram model is built and distributed in the network,
every node can use Eq. 13 to determine the confidence interval for estimation based
on its current sample. However, a node first requires the spatio-temporal extent of
its current sample so that appropriate spatial and temporal lag values can be used
to evaluate Eq. 13. We propose the following strategy to compute the confidence
interval for a node B’s current sample based on a given variogram model:

1. Setup. Distribute spatio-temporal variogram model (Eq. 13) to all nodes in the
network;

2. For each new query:

(a) Divide the entire network area in a regular grid G of resolution R;
(b) For each cell c ∈ G:

i. Find the most recent sink node Sc responsible for data flow from c to
node B;

ii. Set the temporal integral bounds (for the evaluation of Eq. 13) as the
arrival time of sink Sc and the current time;

iii. Set the spatial integral bounds as the distance between node B and the
edge of cell c closest to B and the distance between node B and the
edge of cell c farthest from B;

iv. Evaluate Eq. 13
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(c) Compute the mean variogram for all cells;
(d) Compute the desired confidence interval using mean variogram.

The above process is repeated by any node that requires to respond to a query.
Using this computation it can determine if the resulting error is higher than a user
defined confidence interval. If the error is indeed higher, the node broadcasts the
query in the network. Otherwise it simply evaluates the query using its current
sample.

The computational complexity of the above process is simply |G|K, where |G|
is the number of cells in grid G and K is the constant time operation cost of
evaluating Eq. 13. To avoid computing the integration operation at each node, we
propose to centrally compute the symbolic integral for the required variogram model
parameterized in spatial and temporal lag parameters. Instead of distributing the
actual variogram model, all nodes can then be initialized with the pre-computed
integral. In this way, each node can simply substitute its spatial and temporal
lag parameter values in the pre-computed integral to calculate a variogram value
(Step 2(b)-iii).

5 System implementation and applications

In this section, we provide the implementation details for the opportunistic sampling
system deployed in a simulated WSN environment. Using real and simulated datasets
as seed, we present two main applications of opportunistic sampling. In the first
application, we test the accuracy and communication cost of opportunistic sampling
for computation of global statistics including MIN, MAX and AVG queries. The second
application relates to the computation of same queries in a spatial range centered at
each node.

5.1 Simulation settings

We design two WSNs in a custom-built simulator environment using C++. WSN-1
comprises of 2500 nodes, spans an area of 50 m2 with node density of 1 node/m2,
where all nodes are located in a grid pattern. WSN-2 is designed to be comparable
to the Intel Lab data set (as described in Section 4.2), comprising of 54 nodes set
in a geographical layout that replicates the original deployment. For both WSNs,
the communication radius of each node is set as 5 meters. In WSN-1, each node is
assigned a synthetic value determined as a function of its location and current time,
while in WSN-2, each node is assigned a value according to the original dataset.

We assume a query-tree based data collection model similar to TAG [22], where
each query is broadcasted to the network and data is collected through a routing tree
rooted at the respective sink node. We analyze the performance of opportunistic
sampling approach based on its communication cost and accuracy. For communica-
tion cost, we estimate the overall energy spent in data transmission and reception
using the function ε = σs + δsx, where ε is the total amount of energy spent in
communicating a message with x bytes of content, and σs and δs represent the per-
message and per-byte communication costs, respectively [28]. We use the specifi-
cation of the Mica motes [8] to set the values of constants σs and δs.
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5.2 Implementation

As part of the system initialization, all nodes are provided with the number of sink
nodes that are required to cover the entire network with a user-defined probability
(i.e., the value of κ using Eq. 9). Nodes are also provided with a variogram model,
i.e., the definite integral of Eq. 13 pre-computed in terms of variables H and U .
During network operation each node maintains a list of current sink nodes that it has
responded to and the time of arrival of associated queries.

On receiving a new user query, each node adopts the following strategy for query
evaluation:

1. If the number of current sink nodes is less than κ , broadcast the query;
2. If the number of current sink nodes is greater than κ , evaluate the estimation

error of the current sample using the variogram model;
3. If the estimation error is less than a predefined threshold, evaluate the query on

current sample;
4. If the estimation error is greater than the predefined threshold, broadcast the

query.

5.3 Gathering global statistics

In this section, we present a set of experiments where nodes opportunistically gather
and transmit partial aggregates while responding to queries issued from different
parts of the network. The sampling and aggregate computation strategy adopted by
nodes during opportunistic sampling varies with respect to the nature of required
aggregates. For instance, for the minimum (or the maximum) value of a phenomenon
under observation, each node can simply maintain and transmit the minimum (or
maximum) value that it receives or overhears. Other aggregates such as average can
also be computed in a similar fashion with one major difference: unlike minimum or
maximum, the average is not an order and duplicate insensitive (ODI) aggregate.
Since the nature of opportunistic sampling is multi-path, the simplistic averaging
technique of forwarding count and sum of child node values to the parent node will
produce inaccuracies. Discussed in detail in [25], for aggregates, such as the average,
that are not ODI, we propose to use the aggregation algorithm proposed in [25].

The aim of our experiments is to show that even a small number of queries in the
network provide enough data to a large number of nodes to compute global statistics
with high accuracy. We also analyze the communication cost of opportunistic sam-
pling. We expect this cost to be minimal as opportunistic sampling is not a proactive
technique, such as data collection, and works by piggy-backing partial aggregates
with data flow already present in the network.

Figure 14 shows the effect of increasing number of sink nodes on estimation
accuracy of MIN, MAX and AVG queries. In these charts, the sink node values are
shown as proportion of network size, while accuracy is represented as normalized
root mean squared error (RMSE). The charts show that an increase in the number
of active sink nodes increases the mean M2 coverage for all nodes leading to a better
estimation. For the simulated data set (Fig. 14a), a relatively small number of active
sink nodes (2 %), distributed uniformly at random in the network, is enough to
guarantee a mean error less than 2 % in MIN and AVG and less than 5 % in MAX
aggregates. Experiment with real data shows similar trend (Fig. 14b).
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(a) WSN-1, Simulated data (b) WSN-2, Intel lab data

 

Fig. 14 Effect of the number of sink nodes on estimation accuracy. Number of sink nodes normalized
to the total number of nodes in the network

Figure 15 shows the error surface of AVG aggregate at each node for simulated
data set with 2 % active sink nodes. Although the error at border nodes is higher, for
a large number of nodes located close to the deployment center, the error is smaller
than 2 %. This result further confirms the high level of M2 coverage for central nodes,
even with relatively few sink nodes.

The charts in Fig. 16 show the cost comparison between computing global statistics
in a network by opportunistic sampling (denoted as M2) in comparison to a proactive
data aggregation technique using TAG. In our implementation of TAG, a designated
base station collects aggregate data from the entire network employing in-network
aggregation. It then broadcasts the final aggregates to all nodes in the network. Since
during data aggregation and broadcast phases each node transmits only one message,
i.e., towards its parent node, a single run of this technique is quite efficient. However,
due to constant temporal variation, frequent data collection is required to maintain
the aggregation accuracy.
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Fig. 16 Effect of temporal variation on system performance (simulations results for WSN-2, Intel
lab data)

In the face of temporal variation, a simplistic technique like TAG has to resort
to a constant rate of data recollection and retransmission of results to all nodes
in the network. Opportunistic sampling on the other hand, makes use of historic
spatio-temporal trends in the data and can adapt itself to any level of temporal
variation based on a desired accuracy level. The charts in Fig. 16 highlight this
strength. In this experiment, we use the Intel lab data for a 12-h period (0800–2000 h)
with a requirement to maintain the mean network area temperature at all nodes
in the network. We assume the presence of data flow in the network with a query
arrival rate of 10 queries per hour. The experiment is repeated for different values
of desired accuracy, defined in terms of: (i) acceptable absolute error (Fig. 16a), and
(ii) acceptable confidence interval (Fig. 16b). Meanwhile, TAG is oblivious to these
accuracy levels and always strive to compute the most accurate reading and hence
having to rerun several times during the session. We repeat the experiment for five
randomly selected days in the data set and report only the mean values here. Results
show that the energy efficiency of opportunistic sampling system increases quadrat-
ically with increase in error threshold. This feature provides the WSN applications
with a cheap yet effective method of maintaining global aggregates if a predefined
level of error is acceptable.

5.4 Gathering multi-resolution statistics

In multi-sink WSNs, the queries issued by sink nodes often have a localized spatial
scope, i.e., nodes are most often interested in aggregates only from the area surround-
ing them. Consider for instance, a WSN monitoring empty car spaces in a parking
lot where nodes are queried by drivers for conditions in the space immediately sur-
rounding a node. In such settings, multi-resolution statistics provide better estimation
accuracy than global aggregates. For each node, multi-resolution statistics is com-
puted with a bias towards the nodes located closer to it. As a result the aggregation
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accuracy for the area in the immediate vicinity of a node is higher and decreases as an
inverse function of distance. Typically, multi-resolution statistics for a given node in a
WSN is calculated based on a sample drawn from its neighborhood. Several proactive
techniques for in-network multi-resolution aggregation have been reported in the
literature [11, 27].

In contrast to the existing multi-resolution aggregation techniques, opportunistic
sampling provides a means to exploit the data flow present in a network for collection
of multi-resolution statistics at every node. Similar to the piggy-backing strategy in
global statistics computation, in this application each node piggy-backs a sample of
values consisting of its own and sensor readings it receives or overhears during query
response phase.

Sample selection Assume each sample is a tuple t j = (x j, y j, r j), where first two
values are the location of a node j that creates this tuple and the last value is its
reading. A node i aims to select a sample of size f , where f is expressed as a fraction
of the total number of nodes in its M2 coverage. Assume di to be the diameter of
node i’s M2 coverage, we divide di in D discrete levels. Then, node i selects a tuple t j

originating from node j with probability:

pij = f
2πx

x �= 0, 0 < f ≤ 1 (15)

where x is the distance between nodes i and j normalized using the range 0 to
D
di

. Given that node i is located approximately at the center of its M2 coverage, a
condition true for all nodes with a high M2 coverage, the probability function in
Eq. 15 ensures that node i gives preference to the samples generated by the nodes
located close to it. Although the number of nodes at a distance d ≤ di from node i
increases linearly with d, the function ensures that the number of selected samples
remains fixed, as:

∫ 1

0
pij dx ≈ f. (16)

To compute multi-resolution statistics, nodes employ the following strategy: While
responding to network queries, nodes use the above sample selection technique and
piggy-back the selected set of samples along with query response. Similar to global
aggregate computation, nodes can terminate sampling as soon as a desired level
of M2 coverage is obtained. Using the selected samples, each node can compute
aggregates with various granularity levels in increasing spatial extents centered on
itself.

Figure 17 shows the results of our experiments with this application domain. In
these experiments, we perform MIN, MAX and AVG aggregates in a circular window
of 15-m radius, centered at each node. Each node selects a multi-resolution sample
equal to 5 % of its M2 coverage i.e., by setting f to 0.05 in Eq. 15. We only use the
simulated data set in this experiment as the Intel lab data set is too small to produce
meaningful results. The chart in Fig. 17a shows the accuracy of each aggregate as
the coverage increases. The accuracy of opportunistic sampling approach for multi-
resolution aggregation shows a pattern similar to that for global aggregation. With
only 0.4 % nodes acting as sink nodes, the mean accuracy of each aggregate is above
90 %. It is important to note that the accuracy of multi-resolution statistics is lower
to that we achieved for global statistics.
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Fig. 17 Opportunistic sampling for multi-resolution statistics. Number of sink nodes normalized to
the total number of nodes in the network

A major concern for adopting opportunistic sampling for multi-resolution aggre-
gation is increase in its cost due to a larger message size. As opposed to piggy-backing
just one value for each aggregate for global aggregation, multi-resolution sample
requires forwarding all selected samples hence increasing the message size for node i
by O( f�i) bytes, where f is the size of the selected sample and, �i is the current M2
coverage for node i. As charts in Fig. 17a show that a high accuracy can be obtained
for a sample size of 0.05, we do not expect the increase in transmission cost to be
significant. Figure 17b presents the comparison of costs of opportunistic sampling
with and without multi-resolution sampling, for increasing number of sinks and f of
0.05. As expected the difference between the costs of opportunistic sampling with
and without a multi-resolution sample is not significant.

6 Further analysis

To simplify the presentation of main costs and benefits associated with opportunistic
sampling system, Section 5 does not report on low level operational mechanisms
such as storage and fault tolerance. Typical WSN implementations share many such
implementation details and are thus affected by similar constraints. In following
subsections, we provide a brief analysis of the impact of typical operational factors
on our proposed system.

Sample storage An opportunistic sampling approach demands that each node
maintains extra information on-board with its own sensed data. The volume of this
information mainly depends on the nature of application. For instance, the storage
cost of a global statistics gathering application is negligible as nodes maintain only
one global statistic for each sensed parameter, i.e., in the form of a partial aggregate
of all incoming data. Multi-resolution statistics applications, on the other hand,
require more space as nodes maintain samples representing multiple spatial windows.
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However, even in this case the storage cost is not prohibitive as the number of partial
aggregates that a node maintains grows only linearly with the granularity of the multi-
resolution statistic.

Communication and node failures The multi-path nature of opportunistic sampling
approach makes it inherently robust against losses due to network or hardware
failures. As shown in multipath routing literature [24, 25], even in moderately dense
deployments, packets arising from any region may propagate through the network
on many different routes. Consequently, nodes can maintain accurate global or
neighborhood statistics evens in the face of communication and node failures in
certain parts of the network.

Concurrent queries In an active WSN where any sink can be used to initiate a query,
many queries can be injected in to the network simultaneously. In the proposed
system, nodes respond to a query using data gathered during past communications
and hence are not affected by any concurrent queries present in other parts of the
network. Queries are only broadcasted if a node determines that it cannot accurately
respond to a certain query using its local data. The worst case scenario in terms
of efficiency of the proposed method occurs when similar queries are injected at
the same time and all sink nodes decide to broadcast their queries. Although such
a scenario is likely to be rare, the querying system could be extended by enabling
nodes to suppress further broadcast of a query based on a measure of its similarity to
recently relayed queries.

7 Related work

A large number of localized approaches for WSNs rely on some form of global
statistics for enhancing accuracy or energy efficiency. For instance, for each node
a in the network, the WSN database system TinyDB [23] proposes to maintain a
copy of MIN and MAX aggregates of all direct and indirect children of node a. The
MIN and MAX aggregates of sensed variables enhance the performance of selective
queries based on these variables. Similarly, in the distributed model-based data
collection method Ken [2], a copy of a global statistical model is distributed to each
WSN node so that nodes send their data to the base station if it has a considerable
effect on the global statistics. In distributed regression proposed in [14], neighboring
nodes coordinate processing such that a global regression task is computed locally.
However, this method also requires a prior distribution of global statistics in the
WSN, in the form of regional correlation models (kernels).

Motivated by the need of global statistics for localized and distributed information
processing, a number of methods for collecting and distributing such statistics have
been proposed in the WSN literature. In the following subsections, we discusses these
methods in detail.

7.1 Multi-resolution in-network data storage

Multi-resolution storage techniques propose to build an in-network storage struc-
ture such that each node possess global aggregates of multiple granularity levels.
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Typically, granularity levels are defined in a hierarchical and spatially decaying
fashion, i.e., the level of summarization gradually increases with the increase in area.

In [11], a multi-resolution data storage system called DIMENSIONS is proposed.
In this system, the WSN area is recursively divided as grids of increasing resolution
and data for each grid cell is summarized using a wavelet-based technique. The
authors propose a distributed variant of the quad-tree concept to locate a data sum-
mary in the network. Although DIMENSIONS and other distributed data indexing
systems [13, 26] enable fast in-network search of pre-computed aggregates, the costs
involved in maintaining aggregation accuracy are often non-trivial. Therefore, it is
important in such systems to strike a balance between frequency of aggregation
update, the change in observed phenomenon and the volume of queries being
submitted.

Other in-network storage systems rely on hash functions, such as the geographic
hash table (GHT) [26], to store and retrieve aggregates at certain nodes. However,
the main problem of such a technique is that since the hash function remains fixed,
some nodes are queried more often than others and in turn may become a bottleneck
for the entire system. Fractional cascading [12] proposes to collocate information
with the sources (nodes) that generate it. As a result, the most accurate information
available at the lowest cost to each node is about its own neighborhood. This
approach is useful in multi-sink WSNs with no fixed base station, as users in such
networks are likely to be interested in localized information and collocate with the
sink node they choose to query the network.

For WSNs processing high volumes of user queries, opportunistic sampling pro-
vides a much efficient alternative to achieve the goals set out by specialized global
knowledge gathering approaches. By exploiting the multihop and multipath nature of
WSN communication, opportunistic sampling integrates aggregate computation with
regular query processing and hence eliminates the need of specialized techniques to
regularly refresh global knowledge.

7.2 Gossip-based probabilistic aggregation

Pre-computation and in-network data storage helps to improve query processing but
individual nodes still require to traverse the storage structure in order to access any
global aggregate. The traversal cost depends upon the distance between the node that
requires the global statistic and the node hosting this information. Although some
replication methods [26] have been proposed mainly to improve fault-tolerance, the
traversal cost can still be quite significant. As an orthogonal approach, the spatial
gossiping method aims to build and distribute a uniform level aggregate throughout
the entire network. Typically, a gossiping message goes through several rounds of
communication among randomly chosen neighbors [19]. Once the gossiping reaches
an equilibrium, a large proportion of nodes is expected to accumulate the desired
global aggregate.

In [27], Sarkar et al. propose the hierarchical spatial gossip (HSG) algorithm that
combines in-network storage and gossiping approaches to accumulate multi-resolution
aggregates at each node in the network. The HSG algorithm works in an iterative
manner, where during each iteration each node in the network finds itself a gossiping
partner to share data with. The distance at which nodes look for gossiping partner is
increased exponentially during each iteration so that for a n node network, O(log n)



594 Geoinformatica (2013) 17:567–597

iterations suffice. As it is the case in above described techniques, the communication
cost of HSG is non-trivial and for large networks may become prohibitive.

7.3 Multipath advantage in WSNs

The multipath nature of WSN communication has been exploited before for a
variety of goals. One of the main uses of multipath communication in WSN is fault
tolerant in-network data aggregation [4, 24, 25]. Single path data aggregation, such
as TinyDB, is highly susceptible to link and node failure. Multi-path aggregation
enhances robustness by exploiting the fact that that all nodes within a communication
range can overhear a message transmitted towards a sink a node. Instead of relaying
a message using a single node as TinyDB, all neighboring nodes relay the same mes-
sage toward the sink. As a consequence, multipath aggregation becomes more robust
for node failures or communication losses. To deal with the resulting redundancy,
multipath schemes integrate probabilistic order and duplicate insensitive (ODI)
methods of the sketch theory [25]. Multipath communication has also been exploited
for spatial suppression in data collection [22]. In this approach, a node suppresses
its response to a query if it overhears a similar response from another node in its
neighborhood. Since, our proposed opportunistic sampling method is based on a
multi-path routing paradigm, its coverage properties complements the fault tolerant
behavior of multipath routing.

Gandhi et al. propose a spatial sampling approach that exploits the statistical
theory of the VC-dimension of a geometric shape to detect physical phenomena
characterized by their spatial layout [10]. Since most simple shapes (such as circles,
rectangle, and ellipse) have small VC-dimension, their detection also requires rela-
tively less number of samples. Based on this observation, the authors show a remark-
able reduction in the number of sensing nodes required to detect events occurring
in large parts of a network. In contrast to opportunistic sampling, this spatial
sampling approach is limited to networks with a single sink or central point with
complete knowledge of exact node locations. Opportunistic sampling is oblivious to
individual node positions as long as nodes are distributed uniformly at random within
the network area and the sensed phenomena can be described by a spatio-temporal
correlation model.

8 Conclusions and future work

The scalability of a WSN is largely defined by its communication efficiency. It is
therefore natural in WSNs to discourage global data collection and dissemination
operations as they often involve expensive communication among distant nodes.
The localized counterparts of traditionally global network operations often require
global statistics to guide and optimize their working. In this paper, we propose a
novel sampling method for accumulating global statistics at the node level. Based on
the multi-hop and multi-path (M2) advantage of the WSN communication paradigm,
we observe that user queries being processed in an active WSN can be exploited to
gather global statistics at individual nodes. We model the M2 advantage for multi-
sink WSNs and show that only a relatively small number of queries are enough
to guarantee the collection of accurate global statistics at individual nodes. This
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hypothesis is confirmed by the simulation results with opportunistic sampling for
global and multi-resolution statistics computation.

This work and our observations from the experiments, presents us with several
avenues of future research. First, we observe that the temporal stability of aggregates
plays a crucial rule in the accuracy of opportunistic sampling approach. A proactive
aggregation scheme, such as TAG in our experiments, can cope with decreasing
temporal stability by frequently refreshing the aggregate. Opportunistic sampling, on
the other hand, depends on the user queries in this regard. If queries are not issued at
a rate high enough to cope with low temporal stability of an aggregate, the accuracy
may suffer drastically. In such scenarios, a hybrid approach could opportunistically
sample aggregates whose temporal stability matches the expected rate of query
arrival; for other aggregates a proactive scheme may be used.

Apart from the rate of query arrival, query (or sink) locations also play a crucial
role in maintaining the accuracy of aggregates in opportunistic sampling. These
parameters, however, cannot be controlled and may affect the quality of aggregates
adversely. In situations where it is crucial to maintain the quality of aggregates for
an essential WSN operation, for instance data validation, an artificial sink placement
strategy may be employed. In such an application, as soon as M2 coverage for a set
of nodes goes below a certain threshold, nodes request one of the allocated sinks
to issue an artificial query. If the sink locations are chosen carefully, a few artificial
queries can result in increasing the overall coverage of all nodes. The greedy heuristic
discussed in Section 3.2 may be used for locating such artificial sinks.
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