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Abstract. Sensor networks employed by scientific applications often
need to support localized collaboration of sensor nodes to perform innetwork data processing. This includes new quantitative synthesis and
hypothesis testing in near real time, as data streaming from distributed
instruments, to transform raw data into high level domain-dependent
information. This paper investigates in-network data processing mechanisms with dynamic data requirements in resource constrained heterogeneous sensor networks. Particularly, we explore how the temporal and
spatial correlation of sensor measurements can be used to trade off between the complexity of coordination among sensor clusters and the savings that result from having fewer sensors involved in in-network processing, while maintaining an acceptable error threshold. Experimental
results show that the proposed in-network mechanisms can facilitate the
efficient usage of resources and satisfy data requirement in the presence
of dynamics and uncertainty.
Key words: Sensor system programming, In-network data estimation,
Sensor-driven scientific applications.
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Introduction

Technical advances in sensing technologies are rapidly leading to a revolution in
the type and level of instrumentation of natural and engineered systems, and
is resulting in pervasive computational ecosystems that integrate computational
systems with these physical systems through sensors and actuators. This in turn
is enabling a new paradigm for monitoring, understanding, and managing natural and engineered systems – one that is information/data-driven and that
?
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opportunistically combines computations and real-time information to model,
manage, control, adapt, and optimize.
Several scientific and engineering application domains, such as waste management [1], volcano monitoring [2], city-wide structural monitoring [3], and endto-end soil monitoring system [4], are already experiencing this revolution in instrumentation. This instrumentation can also potentially support new paradigms
for scientific investigations by enabling new levels of monitoring, understanding
and near real-time control of these systems. However, enabling sensor-based dynamic data-driven applications presents several challenges, primarily due to the
data volume and rates, the uncertainty in this data, and the need to characterize and manage this uncertainty. Furthermore, the required data needs to be
assimilated and transported (often from remote sites over low bandwidth wide
area networks) in near real-time so that it can be effectively integrated with
computational models and analysis systems. As a result, data in most existing
instrumented systems is used in a post-processing manner, where data acquisition is a separate offline process.
The overall goal of this research is to develop sensor system middleware
and programming support that will enable distributed networks of sensors to
function, not only as passive measurement devices, but as intelligent data processing instruments, capable of data quality assurance, statistical synthesis and
hypotheses testing, as they stream data from the physical environment to the
computational world [5]. This paper specifically investigates abstractions and
mechanisms for in-network data processing that can effectively satisfy dynamic
data requirements and quality of data and service constraints, as well as investigate tradeoffs between data quality, resource consumptions and performance. In
this paper, we first present the iZone programming abstractions for implementing in-network data estimation mechanisms. We then explore optimizations that
can use the spatial and temporal correlation in sensor measurements to reduce
estimation costs and handle sensor dynamics, while bounding estimation errors. For example, an appropriate subset of sensors might be sufficient to satisfy
the desired error bounds, while reducing the energy consumed. The optimized
in-network data estimation mechanisms are evaluated using a simulator. The
evaluations show that these mechanisms can enable more efficient usage of the
constrained sensor resources while satisfying the applications requirements for
data quality, in spite of sensor dynamics.
The rest of the paper is organized as follows. Section 2 describes the iZone
programming abstraction and in-network data estimation mechanisms. Section 3
presents space, time and resource aware optimizations for in-network interpolation. Section 4 presents an experimental evaluation. Related work is discussed
in Section 5. Finally, Section 6 presents conclusions.

2

In-network Data Estimation

Scientific applications often require data measurements at pre-defined grid points,
which are often different from the locations of the raw data provided directly by

In-network Data Estimation for Sensor-driven Scientific Applications

3

the sensor network. As a result, a sensor-driven scientific/engineering application requires a virtual layer, where the logical representation of the state of the
environment provided to the applications may be different from the raw measurements obtained from the sensor network. The iZone abstractions described
in this section enables applications to specify such a virtual layer as well as implement the models (e.g., regression models, interpolation functions, etc.) that
should be used to estimate data on the virtual layer from sensor readings.
2.1

The iZone abstraction

As mentioned above, there is often a mismatch between the discretization of
the physical domain used by the application and the physical data measured by
the sensor network and as a result, data from the sensors has to be processed
before it can be coupled with simulations. The goal of the iZone abstraction is
to support such an integration. It essentially abstracts away the details of the
underlying measurement infrastructure and hides the irregularities in the sensor
data by virtualizing the sensor field. The result is a consistent representation
over time and space to match what is used by the simulations.
The iZone itself is thus a representation of the neighborhood that is used
to compute a grid point, and can be specified using a range of coordinates, a
function, etc. The iZone abstraction enables the implementation of the estimation functions. For example, interpolation algorithms, such as regressions, inverse
distance weighing (IDW), and kriging, require the definition of an interpolation
zone, an iZone, which defines the neighborhood around the grid point to be
estimated, and such neighborhood is then used to compute that interpolation
point. Note that for several interpolation algorithms, this zone may change on
the fly based on the constraints provided by the application. The iZone abstraction also provides operators for obtaining sensor measurements corresponding to
the region of interest as well as for defining in-network processing operators to
compute a desired grid point from sensor values of this region. The semantics of
operators of discover, expand, shrink, get, put and aggregate are list in Table 1.
Table 1. The iZone operators
Operator
discover
expand
shrink
get
put
aggregate

Semantics
Discover sensors within an iZone
Expand an iZone by adding additional sensors
Shrink an iZone by removing sensors
Collect data from sensor(s) in the iZone
Send data to sensor(s) in the iZone
Aggregate sensor data using reduction operators,
such as max, min, weighted avg, etc.

Once an iZone is defined, computing the data value at a grid point consists
of (1) identifying a master node that coordinates the estimation process, which
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could be the sensor node that is closest to the grid point and has the required
capabilities and resources, (2) discovering the sensors in the iZone that will be
used in the estimation, (3) planning the in-network estimation strategy based on
desired cost/accuracy/energy tradeoffs, and (4) performing the estimation and
returning the computed data value at the desired grid point.

3

STaR: Space, Time and Resource Aware Optimization

This section explores temporal and spatial correlations in the sensor measurements to reduce costs and handle sensor dynamics, while bounding estimation
errors for a given iZone. For example, a subset of the sensors in an iZone may
be sufficient to satisfy the desired error bounds while reducing the energy consumed. Further, temporal regression models can be used to handle transient data
unavailability, which may otherwise lead to a significant increase in costs and
energy consumption [5].
3.1

Saving Energy using iSets

Typically, for a densely deployed sensor network, a subset of sensors across an
iZone may be sufficient to meet the quality requirements for in-network data
estimation. In this case, sensors in the iZone are divided into multiple interpolation sets, iSets, each of which can be used to estimate the data points while still
satisfying the error bounds, and reducing costs and energy consumed. The iSets
are generated and maintained at runtime to balance cost and energy as well as
to tolerate failures.
The problem of generating the iSets can be formalized as follows: assume
that an iZone Z is divided into m exclusive subsets {S1 , S2 , ..., Sm } (such that
Si ∩ Sj = ∅ and S1 ∪ S2 , ..., ∪Sm = Z), and each subset k (k = 1, 2, ...m) contains
Nak number of sensors. The objective is to find “best” collection of iSets that
satisfies data quality requirements.
The iSets should satisfy three requirements: (1) the interpolation error for
EACH iSet should be less than the specified error tolerance; (2) the average number of sensor measurements for each iSet should be minimized in order
P to reduce
the energy consumed; (3) the average aggregated error (i.e., 1/m k err(Sk ))
should be minimized in order to achieve best data quality whenever possible. In
addition to these basic requirements, further constraints may be added to satisfy
additional resource consumption and scheduling requirements. For example, the
sizes of the iSets should be similar to make resource consumption more balanced
and the scheduling easier. Similarly, the variance of interpolation errors across
the iSets should be as small as possible.
The iZone is thus divided into m iSets, only one iSet of which needs to be
active at a time. These iSets can now be scheduled in a round-robin fashion. Note
that, as the number of iSets increases (i.e., the average size of iSets decreases),
the efficiency of the approach increases as well. The generation and maintenance
of iSets is illustrated in Figure 1 and is described below.
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Generate iSets
Qth: error threshold

Selection algorithms:
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Semi-random or
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Criteria:
1.
err( iSetk)<Qth
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4.
……
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Fig. 1. An overview of generating and maintaining iSets.

3.2

Generating iSets

Determining the sizes of iSets: The appropriate size of the iSets used for
interpolation is determined based on the specifications provided by the application, and computed (offline or online) using a stochastic approach as follows.
The size of an iSet is first initialized to 3 (i.e., k = 3). The sensors used for
interpolation tests are randomly selected, and the number of tests is set to some
reasonable number (i.e., Ntr = 50). If the interpolation error is within the error
tolerance threshold Qth , the successful interpolation counter succ is incremented.
If the success rate (i.e., succ/Ntr ) is greater than a specified percentage θ, the
algorithm terminates and the current size of the iSet is returned as the desired
iSet size. If the success rate is less than θ after all the tests are completed, the
size of iSet is incremented and the procedure is repeated until the size equals
the size of the iZone. Note that this is only done once.
Selecting members of the iSets: Once the size of an iSet is determined, members of each iSets are selected so as to satisfy the criteria discussed earlier. An
straightforward approach is to use an exhaustive search to find the optimal collection of iSets. This approach is obviously expensive for reasonably sized iZones,
and as a result, we propose approximate algorithms, random, semi-random and
greedy algorithms, to find near optimal iSets, as described below.
Random algorithm Given N sensors in an iZone, this algorithm randomly
generates
Pm m mutually exclusive iSets, each approximately of size k (Nak ≈ k),
and k=1 Nak = N . The interpolation error of each iSet is then evaluated. If the
error for every iSet is below the error threshold, Qth , the aggregated error across
all the iSets is computed and saved. This process is repeated several times. The
collection of iSets that leads to the smallest aggregated error is finally selected as
the initial collection of iSets. The number of trials Ntr may be explicitly specified
or computed based on observed (or historical) data. The actual value depends
on the characteristics of sensor data. For example, for the dataset used in the
experiments in the paper (see Section 4), a suitable value is between 50 and 100.
Semi-random algorithm This algorithm is based on the heuristic that
if the sensors in an iSet is more uniformly distributed across the iZone, the
estimation has higher chance to be more accurate. This algorithm attempts to
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assign neighboring nodes to different iSets. This is done using locality preserved
space filling curves [6] as the indexing mechanism. First, each sensor is indexed
using the Hilbert space filling curve (SFC) based on their locations. Within
a given iZone, sensors with neighboring identifiers are then virtually grouped
based on their SFC indices, so that the size of each virtual group is equal to the
number of iSets required. For example, if m iSets are needed, each group would
have m members. The iSets are now constructed by selecting one sensors from
each of the virtual groups. Note that the selection of sensors from each of the
virtual groups is random.
Greedy algorithms Three of greedy algorithms are also devised to select
appropriate sensors for the iSets. These algorithms are described below.
Greedy Algorithm 1 – “Remove one node at a time”: In this algorithm, we
start with one iSet containing all sensors in the iZone. Sensors are then removed
one at a time. The removed sensor is the one that leads to minimal interpolation
error at each step, until desired iSet size is achieved. That is, given the iSet k,
sensor node j such that
j = arg min err(Sk − i)
i∈Sk

is removed from the iSet. We then use a random algorithm to select the appropriate members of the last two iSets. This is because, if all iSets were generated
using “remove one at a time”, the last iSet would come up together with the
(m − 1)th one without any chance to make any local optimal selection to minimize estimation errors as other iSets, and thus usually cannot meet quality
requirements. As a result, the last two iSets are chosen with another methods,
such as random algorithm or the second greedy algorithm.
Greedy Algorithm 2 – “Add one node at a time”: The second algorithm starts
with a single sensor node in the initial iSet, and add one node at a time while
maintaining interpolation error constraints. That is, given the iSet k, node j,
which has not been assigned to any iSet and minimizes the interpolation error,
such as
j = arg min err(Sk ∪ i),
i∈Z\Sk

is added to the iSet. This process is repeated until all nodes are assigned to iSets.
Greedy Algorithm 3: This algorithm uses the heuristic that nodes which are
far from each other are less correlated and as a result are good candidates to
add into the existing iSets. The idea is to select sensors that far from the last
selected sensor. To implement this algorithm, we used the SFC-based indexing
method described as part of the semi-random algorithm. Sensor nodes are first
indexed using the Hilbert SFC. Virtual groups with sizes equal to number of
iSets are then formed base on their SFC indices.
The algorithm is initialized by assigning sensors of one virtual group to each
iSet. Next, sensors are permutated from one of remaining virtual groups, and
are mapped to each of m iSets. The permutation leading to the least aggregated
interpolation error is added to each of them respectively at a time. This step
is repeated until all the sensors are assigned to the iSets. As stated with the
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heuristic, the sequence of which virtual group to be added to the iSets has
the impact on the accuracy of estimations using the iSets. As a result, a preprocessing step is used to find such good sequence(s) either online or using
historical data. Note that this only needs to be done once.
Once sensors are assigned to iSets, interpolation are performed. Next, we
describe how to maintain iSets when the underlying system changes at runtime.
3.3

Maintaining iSets at runtime

Due to the dynamics of underlying physical environment and the sensor system,
currently valid iSets may not satisfy data quality requirements in the future. As
a result, mechanisms are needed to maintain iSets to ensure that they continue
to meet data quality requirements. In this section, we describe how to maintain
iSets. We also assume that the sensor network is clustered to construct a two level
self-organizing overlay of sensors, in which cluster heads perform coordination
of the iZone.
Our approach is as follows. First, interpolation errors are tracked by using
localized error models at each individual cluster. The error models are localized
so that a violation of error thresholds can be detected locally without communicating with other clusters. When a threshold violation is detected, a greedy
algorithm is used to update the involved iSet to improve estimation quality
whenever possible.
Generating models for interpolation errors: It is noted that interpolation errors are often correlated with relevant sensor measurements. As a result,
regression models can be used to describe the relationship e(t) = f (vk (t)) between interpolation errors e(t) and the current measurement vk (t) of sensor k. A
combination of offline and online estimation methods can be used to learn such a
relationship, in which the coarse trends of error models are learned using offline
methods using historical data, while specific local parameters can be learned at
runtime. For example, an offline study may suggest that a regression model with
degree one, i.e., a1 vk + b1 , should be used. The model parameters a1 and b1 are
estimated using previous values of sensor k and the corresponding interpolation
errors at runtime at individual cluster heads. These models can then be used to
estimate interpolation errors using measurement of sensor k from local cluster.
Maintaining iSets using a greedy algorithm: When an iSet only temporarily exceeds error thresholds, the greedy “remove one at a time” algorithm
can be used at each cluster to temporarily remove sensor measurements from
that iSet. Each cluster makes recommendation of which node(s) to remove, and
the recommendation that provides the least interpolation error is enforced. Note
that if the interpolation error still exceeds error threshold, the iSets needs to be
regenerated.
Transient unavailability using temporal estimation: Since unavailability of scheduled sensors requires re-collection of raw data and thus resulting in
expensive communication and energy consumption, temporal models are used to
estimate the missing sensor measurement. The idea is to use the fact that neighboring sensor nodes would experience similar changes. As a result, samples from
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neighboring sensors can be used to facilitate the estimation of temporal model
parameters, such as degree of regression model, length of time-series. Note that
these parameters would change as the underlying physical characteristics vary.
The actual coefficients of temporal model are determined based on previous values of the missing sensor data. The evaluations of these optimized in-network
mechanisms are presented next in Section 4.

4

Experimental Evaluation

In this section a simulator is used to evaluate the performance of in-network
data estimation mechanisms. The simulator implements the space, time, and
resource aware optimization mechanisms for realistic scenarios. The scenarios
in the experiments are driven by a real-world sensor dataset obtained from an
instrumented oil field with 500 to 2000 sensors, and consisting of pressure measurements sampled 96 time per day. A two-tiered overlay with about 80 clusters
is initialized. More powerful nodes are elected as cluster heads and also perform
the in-network estimations.
In each experiment, about 500 instances of in-network interpolations are
performed on pressure values obtained from simulated sensor nodes. Communication costs are evaluated with and without optimizations. The accuracy and
costs are also evaluated in the presence of dynamics of physical environments
and sensor systems. Finally, the cost of generating iSets is examined using the
random, semi-random and greedy algorithms. The primary metrics used in the
evaluation are communication cost, measured in terms of number of messages
transmitted within the network, and accuracy, measured in terms of relative or
absolute interpolation errors.
4.1

Communication costs
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polation.

The current iZone prototype implements a distributed in-network mechanism, in which parameters corresponding to the estimation model are first computed at the cluster heads. The cluster heads coordinate the estimation process,
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and distribute those parameters to the selected iZone sensors. A decentralized
energy-efficient aggregation scheme is then used to estimate the data. To simulate
transient unavailability of sensors, each sensors are given the same unavailability
rates, which are the frequencies that scheduled sensors are not available at the
time of interpolation. The communication costs are normalized to the cost of the
baseline centralized approach, where a coordinator sensor collects raw measurement from selected iZone sensors and does the estimation. As plotted in Figure 2,
the distributed approach performs best when the sensor system is static. With a
small unavailability rate of 0.5%, the communication cost increases by over 50%
for an iZone radius of 60, and over 4 times for a radius of 140. The cost also
increases as the unavailability rate increases.
Effectiveness of temporal estimation: In this experiment, the performance of using temporal estimation for temporarily unavailable sensor data is
evaluated. Model parameters such as the order of regression functions, and the
length of historical data used for the estimation, are chosen at runtime. The
estimation parameters varies over time. For example, the length of used historical data is changed from 8 to 6 after interpolation time 6, and the degree of
regression models is changed from 3 to 2 after interpolation time 5. The adaptive
temporal estimation using spatial-temporal information from neighboring nodes
(i.e., circles in Figure 3) is much closer to the actual values (i.e., solid line) than
that using only historical measurements from sensors with temporally unavailable data (i.e., crosses in Figure 3). This is because the spatial-temporal models
of neighboring nodes can better catch the changes of the underlying physical
characteristics than that only using the model from temporally unavailable sensor. Furthermore, as plotted in Figure 2, by using adaptive temporal estimations
for temporarily unavailable sensor measurements when possible, the communication cost is reduced by about 25% for a radius of 60, and about 60% for a
radius of 140.
4.2

Effectiveness of generating iSets

In these experiments, the effectiveness of using random, semi-random and greedy
algorithms to generate iSets for in-network interpolation tasks are investigated,
and three iSets are formed within the given iZones for this set of experiments.
Effectiveness of random-based algorithms The histograms of average
interpolation errors for each of three generated iSets are plotted in Figure 4 using
random and semi-random algorithms respectively. The probability of smaller
average interpolation errors using the semi-random algorithm is much higher
than that using the random algorithm. For example, for an average interpolation
error less than 0.2%, the semi-random algorithms (e.g., with probability about
32%) have higher probability to generate iSets meeting quality requirements
than that using the random algorithms (e.g., with probability about 12%).
In Figure 5, the standard deviation of interpolation errors is examined for the
two algorithms. The random algorithm gives much larger variation than the semirandom algorithm. For the random-based algorithms, within the same range of
interpolation error (i.e., 0.62%), the standard deviation of random method is

10

Nanyan Jiang and Manish Parashar

still much larger than that of semi-random algorithm. This tells us that the
semi-random algorithm is generally more effective in finding the collections of
iSets having both small interpolation errors and a small variation of such errors.
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In Figure 6, the number of collections of iSets is counted in terms of the absolute average interpolation errors and deviations (i.e., δ) among iSets. More candidates meeting those requirements are available using semi-random algorithm
than that using random algorithm. For example, with small variance 1 (i.e.,
δ = 1), the available number of collections using semi-random algorithm is five
more times than that using random algorithm, which indicates the effectiveness
using the semi-random algorithm especially with higher quality requirements.
Effectiveness of greedy algorithms First the three greedy algorithms, as
well as random and semi-random algorithms are compared in terms of interpolation errors. Three iSets are generated in this example. As shown in Figure 7,
the first greedy algorithm, “remove one at a time”, behaves well for most of the
generated iSets except the last one. For this algorithm, the last iSet exhibits high
error since it has no chance to exploit local optimization. The last two iSets are
thus chosen using other algorithms, such as random algorithms or “add one at
a time” greedy algorithm. The second algorithm, “add one at a time” may give
relative balanced results, however, the overall error rates could be higher than
that of random and semi-random algorithms. The third greedy algorithm gives
good accuracy performance comparing to random and semi-random algorithms.
The tradeoff is that it needs pre-processing to find good sequence of the next
explored sensors. However, the pre-processing could be performed offline and its
cost is much less than that of random and semi-random algorithms.
4.3

Tradeoffs between accuracy and energy consumption

In this section, the tradeoff of accuracy and energy consumption is examined. The
energy consumption is normalized to one when all sensors in an iZone are active
at each time. As shown in Figure 8, as the sizes of iSets becomes smaller, less
energy is consumed and the interpolation errors become greater. For example,
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when half of the nodes are active, approximately half of the energy can be saved,
and the range of interpolation errors of selected iSets are greater. In addition,
the maximum error is slightly greater than when using all nodes. When only one
third or one fourth of nodes are active, the maximum error is similar to that of
using only half of all nodes. This means that only a portion of active sensors may
be able to meet accuracy requirements while saving additional energy. However,
when only one fifth of nodes are active, the errors (both maximum and average)
become much larger and not meet application requirements anymore.
4.4

Cost of maintaining iSets

In this experiment, the communication cost of maintaining iSets at local cluster heads is examined. The cost primarily consists of exchanging information,
such as calibration information, identifiers of temporarily removed sensors between cluster heads. As shown in Figure 9, the cost of maintaining iSets at cluster head introduces much less communication overhead than regenerating iSets.
Furthermore, the original error before removing a sensor is .06069% (threshold
is .06%), and after removing one of them using greedy algorithm, the result
becomes .00922%, which is far lower than the threshold. This method is quite
effective when the change of physical phenomenon is just temporary. After this,
the original iSet can be used again with the error rate lowered to .04681%. As a
result, this method significantly reduced the frequency to re-generate the whole
iSets in the iZone.

5

Related Work

There are some recent research efforts [7, 8] that use the concept of virtual sensors to support sensor applications. VNLayer [7] provides abstraction layers that
mask uncertainty of underlying sensor networks through consistency management. Virtual sensor [8] provides a virtual sensor model and application APIs to
support heterogeneous aggregation and hierarchical specifications. However, the
underlying concepts and implementation of the system described in this paper
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is quite different from these approaches in that it uses virtualization to address
the mismatch between the instrumentation of the physical domain and its discretization in the computational model, rather than to create, for example, a
virtual sensor for a derived data type.
Data aggregation is an essential functionality in sensor networks, and has
been addressed by a number of research efforts [9, 10]. Optimizations techniques
such as aggregation trees are used to resolve queries efficiently. Homogeneous
aggregation operations are supported. The approach presented in this paper
supports used-defined functions using in-network coordination and optimization
mechanisms. The sensor selection schemes are also closely related to our work.
The sensor selection approach described in [11] uses approximation algorithms to
select near-optimal subsets of k sensors that minimize the worst-case prediction
error. Entropy-based approaches [12] are used for the sensor selection problems
of target tracking and localization applications. The goal of our proposed algorithms is to find a “best” collection of subsets, all of which satisfy the error
tolerance rate (and minimize aggregated errors), while saving and balancing the
energy consumptions among sensors in the long run.

6

Conclusion

This paper investigated abstractions and mechanisms for in-network data processing that can effectively satisfy dynamic data requirements and quality of data
and service constraints, as well as investigate tradeoffs between data quality, resource consumptions and performance. Specifically, the proposed mechanisms
(i) allow flexibility in the specification of relevant subsets of a sensor network
with iZones and iSets; (ii) explore space, time and resource aware optimizations
that utilize the spatial and temporal correlation among sensor measurements to
reduce costs while bounding estimations errors; (iii) are robust with respect to
network dynamics; and (iv) provide a virtualization of the physical sensor grid
to match the representation of the physical domain used by the models, and can
dynamically discover and access sensor data independent of any change to the
sensor network itself. Experimental results show that the proposed in-network
mechanisms can facilitate the efficient usage of constraint resources and satisfy
data requirement in the presence of dynamics and uncertainty.
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