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Abstract

Use of prediction models in sensor networks proves to be
efficient with respect to energy savings, as it allows sensors
whose readings are predicted to remain in their idle mode,
thereby consuming orders of magnitude less energy that in the
active mode. In the context of continuous monitoring, where
a set of sensors is typically required to regularly send their
readings to a central server, an interesting approach consists
in splitting the set of sensors in two subsets, such that readings
of one subset are used to predict readings of the second subset.
In this paper, we propose to identify several sensor subsets for
predictions, that are used in turn in a round robin fashion.
Identification of different sensor subsets allows to detect
erroneous models or sensor failure, and to better distribute
energy consumption. Efficiency of the proposed procedure is
demonstrated on a set of experiments using real world sensor
data.

INTRODUCTION

Many applications of wireless sensor networks require a large
set of sensors (potentially hundreds or thousands) to regularly
report their readings to a central server to undertake off-line
data analysis. These applications, for instance environmental
or structural monitoring, HVAC systems, or object tracking,
also require the sensors to be running for as long a period
of time as possible. Limited energy ressources available on
a sensor module (a.k.a. mote) drive the need for efficient
scheduling of sensing and networking activities, so as to
maximize the application lifetime.
On a mote, efficient energy consumption is achieved by
switching to a sleeping mode components not in use. Dif-
ferent operating modes allow the mote to switch on and off
components such as micro-controller unit (MCU), sensors,
flash memory or radio. Radio transmission and reception are
known to be the dominant factors of energy consumption
on a mote [1], as their energy cost is at least an order
of magnitude higher than the sole use of the MCU. Many
strategies for in-network compression have been suggested in
the litterature to decrease use of radio communication, such as
distributed source coding, routing compression [7], or cluster-
based aggregation [4]. These compression methods entail
energy savings by reducing the communication time between

motes. However, these techniques still need the sensors to
collect measures at regular intervals, and so even though
overall radio communication activity is reduced, motes still
consume energy by keeping their MCU and sensors ON when
data is sensed from the environment.
To further decrease energy consumption, it has recently been
proposed to use a model driven approach to reduce the number
of sensors solicited in a sensing task [2]. In this approach,
a subset of sensors is identified (the prediction subset), from
which readings of remaining sensors (the predicted subset) can
be predicted within a user specified error threshold and con-
fidence level. This offers optimal energy savings for sensors
not solicited, as in current technology OFF operation mode,
energy consumption is three orders of magnitude less than
when the MCU is ON, and four orders of magnitude less than
when the MCU and the radio are ON [1].
Two undesirable consequences however follow from the use
of a single prediction subset:

1) Erroneous models: If dependencies between sensor
readings change over time, prediction models will be-
come outdated, entailing a possibly rapid deterioration
in predicted sensor values.

2) Unequal energy distribution: Continuous solicitation
of the same sensor subset will lead to the energy
depletion of these sensors.

The first issue is related to the fact that the data distribution of
the readings generated by a sensor network can not be assumed
to be stationary. The data set used to select a prediction subset
may not be consistent with subsequent measurements of the
sensor network. Strategies to detect sensor malfunctioning and
concept drift must therefore be implemented to avoid erro-
neous predictions. The second issue stems from the repeated
use of the same subset of sensors.
In this article, we propose relying on a round robin system
to adress the above mentionned issues. The principle consists
in designing a cycle such that a different prediction subset is
used at each step, and such that all sensors are at least queried
once during a cycle. This scheme allows to both detect faulty
sensors or changes in the dependencies between sensors by
keeping on collecting measures from all sensors. Moreover,
by taking into account estimates of sensor remaining energy,
the cycle can be defined so as to minimize use of sensors



with low remaining energy, thus extending the whole network
lifetime.
After presenting the network model considered in this paper
in section 1, we define in section 2 the notions of prediction
and predicted subsets of sensors. In section 3, we elaborate
on the cycle construction algorithm, central to the scheme
presented in this paper. This is followed in section 4 by a
set of experimental results related to prediction accuracy and
distribution of energy consumption.

1. NETWORK MODEL

The focus of the paper is on sensor network applications
requiring a continuous delivery of sensor measurements. In
this class of applications, all sensor measurements need to be
transmitted at regular time intervals to a central server [5]. We
suppose the central server to be unique, the sensing nodes to
be static, and the sensor network to be organized in clusters. A
cluster head is associated to each cluster, and all sensors in a
cluster are in transmission range with the cluster head (1-hop
cluster). Sensor readings are first sent to their corresponding
cluster head before being routed to the central server, see figure
1. In order to simplify the sensor energy consumption model,
we also suppose that cluster heads are endowed with renewable
energy ressources, so that routing costs between cluster heads
and central server are negligeable.

Fig. 1: Model of the network. 1-hop cluster organization, 1 central server

To estimate the lifetime of a sensor, we propose relying
on a measure defined as the query budget QB, corresponding
to an estimate of the number of queries that can be made
before depletion of a sensor. If we let Qremain (in Joules)
be the energy remaining in a sensor, Qacq (in Joules) be the
acquisition cost of a measure, and Plink be the probability for
the communication between the sensor and the head cluster
to succeed, then we can estimate the query budget by QB =
Plink

Qremain

Qacq
.

2. PREDICTABILITY

The proposed systems relies on the notion of predictability
between sensor readings. We define formally in this section
the notion of prediction and predicted subsets.

A. Prediction models

Let S = {s1, s2, ..., sS} be a set of S sensors deployed over
an environment, and let si(t) be the value read by sensor si at
epoch number t. We suppose that the monitoring task starts at

epoch t = 1, and let DT be an observation set collected over
T epochs. Let

ŝi(t) = h(s(t), α)

be a prediction model for sensor si, where s(t) denotes a
vector of inputs and α the set of parameters. Parameters α are
identified through a supervised learning procedure based on
the past observation set DT [8].
Inputs s(t) to the model are readings of different sensors at
instant t (use of readings obtained before t, that could capture
temporal dependencies, are left for future work as they may
not be reliable. Indeed, once the system runs in the model
driven mode, the past observation set DT becomes partially
filled with predicted values). For example, inputs for ŝ1(t)
could be s2(t) and s4(t) in a network with S ≥ 4 sensors.
Choice for input variables to the prediction model is a feature
selection problem that will be adressed in section 3-D.

B. Prediction error assessment

The prediction error of a model for a sensor si is typically
assessed by a validation procedure, such as cross validation,
that relies on the use of a loss function C(si(t), ŝi(t)). The
loss function quantifies how much predictions ŝi(t) deviate
from their actual values si(t). Different loss functions can be
used, such as quadratic loss function C(si(t), ŝi(t)) = (si(t)−
ŝi(t))2, absolute loss function C(si, ŝi(t)) = |si(t)− ŝi(t)|, or
ε-approximation based loss function C(si, ŝi(t)) = P (|si(t)−
ŝi(t)| > ε). Choice for the loss function is user or application
dependent.

C. Predictability

In our frame, we define sensor si as predictable if a prediction
model ŝi(t) = h(s(t), α) can be identified, such that its
average estimated prediction error is inferior to a user defined
error threshold T , i.e. C(si(t), ŝi(t)) < T on average. The
notion of predictability is thus user defined. In the remaining
of the paper, predictability always suppose an underlying user
defined T error threshold.
The subset of sensors whose readings are inputs to ŝi(t) is
defined as the prediction subset Si

pred for si. By extension,
we define as a prediction subset for S a subset Spred such
that ∀i, ∃Si

preds.t.Si
pred ⊂ Spred. The complementary subset

S\Spred is refered to as the predicted subset. Note that S is
always a prediction subset as it provides all sensor readings.
The goal in our frame is however to find prediction subsets
of minimal size to limit the number of solicited sensors at a
given instant.

3. ROUND ROBIN CYCLE

A. Round robin principle

The proposed approach consists in identifying a set K pre-
diction subsets Sk that are queried in turn, thus forming a
round robin cycle, such that all sensors are at least queried
once during a cycle. The main idea in designing such a cycle
is twofold.



First, by keeping on collecting data from all sensors, tech-
niques can be implemented to check for potential sensor
malfunctioning or changes in the reading dependencies among
sensors. Design of such techniques is a problem that will not
be further studied in this paper, as we focus here on designing
a cycle that allows such techniques to be implemented.
Second, using different prediction subsets may allow to more
evenly distribute energy consumption among sensors. This
second point depends on the predictability between sensors,
and it may not be always possible to evenly distribute energy.
However, as will be shown in the experimental section, if the
error tolerance and the cycle length defined by the user are
not too strict, energy can almost be evenly distributed in the
network.
The cycle length is a parameter that is user or application
dependent. It is a trade off between the reliability of the
monitoring system, and the distribution of energy consump-
tion. In the general case, the higher the cycle length, the less
frequent the possibilities to check for erroneous models or
sensor failures, but the higher the flexibility in designing a
cycle that distribute energy consumption among sensors.

B. Illustration

We propose in this section to illustrate the different cases that
can be encountered. Given a simple network with five sensors
s1, s2, s3, s4, and s5, let us consider the three following
examples.
Example 1: Suppose that any sensor is predictable from
any other. Then a cycle of length K = 5, with S1 = {s1},
S2 = {s2}, S3 = {s3}, S4 = {s4}, and S5 = {s5} can be
designed, thus reducing energy consumption in the network
by a factor 5. Higher cycle lengths would allow to rely more
on sensors with higher query budgets, and smaller cycle
lengths would yield suboptimal solution in terms of energy
savings.
Example 2: Suppose that sensors s1, s2, and s3 are all
predictable with one another, and that sensor s4 is only
predictable from sensor s5 and vice-versa. A 6-step cycle,
for example S1 = {s1, s4}, S2 = {s2, s5}, S3 = {s3, s4},
S4 = {s1, s5}, S5 = {s2, s4}, and S6 = {s3, s5}, would
allow to optimize the sensors’ lifetimes if they initially had
equal query budgets.
Example 3: Finally, suppose the extreme case where no sensor
readings are predictable. In this worst case, the only solution
is a cycle of one step, with S1 = {s1, s2, s3, s4, s5}, and
there is no possibility to solicit some sensors more than others.

Designing such a cycle is a complex optimization problem,
involving user defined criteria (cycle length and accuracy),
and sensor parameters (sensor query budgets). We propose in
section 3-D an algorithm that drives the search for prediction
subsets by minimizing use of sensors with low query budgets.
Before introducing the algorithm, we first describe how the
data gathering process can be simply implemented in the
network.

C. Data gathering process

The design of the cycle takes place at the central server. A
first stage consists in collecting readings from all sensors to
obtain an obervation set DT . Second, the cycle construction
algorithm presented in the next section can be applied to obtain
a set of K prediction subsets. This set can be represented as an
activity table of S rows and K columns, whose element [i, k]
is set to ’S’ (for send) if sensor si is to report its reading at the
k-th step of the cycle, and ’I’ (for idle) otherwise. Each row
of this matrix defines the activity schedule of a sensor, that is
sent over to the corresponding mote. The mote then applies
this activity schedule repeatedly, switching between active and
idle modes according to its schedule. Such an activity schedule
is represented on figure 2.

Fig. 2: Activity schedule of the five sensors for the example 2 of section
3-B.

Transmission of the activity schedule requires sending S
packets of K bits (by coding ’S’ state by 1 and ’I’ state
by 0). The cost associated to this transmission is therefore
negligeable if the average ratio of predicted sensors is not
dramatically low.
If sensor failures or erroneous models are detected, it may
be necessary to construct a new cycle after some time to
keep up with the user defined accuracy level. The updated
observation set DT is however partially filled with predicted
values. Two solutions can be implemented to adress this issue:
either predicted values in DT can be given low weights during
the stage of prediction model identification, or the system can
revert back to the non predictive mode, collecting values from
all sensors to get a new and complete observation set.

D. Cycle construction

We propose in this section an algorithm to construct the set of
prediction subsets that will form the cycle. The number of pos-
sible arrangements for predicted and prediction sensor subsets
grows exponentially with S, and feature selection methods
must therefore be used to guide the search for prediction
sensor subsets. Existing techniques for feature selection can be
grouped into two main approaches: the filter and the wrapper
approach [6]. The filter approach selects features using a
preprocessing step independently of the learning algorithm,
whereas the wrapper approach takes into account a learning
algorithm to estimate, through validation methods such as
cross validation, the quality of a feature subset.
As the feature selection problem faced here is constrained by
a user defined accuracy on the prediction errors, the wrapper



approach is preferable. In the following, we consider that the
learning algorithm used is a black box which can return, for a
given sensor subset, an estimate of prediction errors on other
sensor measurements.
Standard algorithms that find feature subsets using the wrapper
approach follow an incremental search, either in a forward
fashion, i.e. starting from a null subset, and then adding
features until the features to predict reach a given level of
accuracy, or in a backward fashion, i.e. starting with the
whole set of variables and removing features as long as the
features to predict remain above the prespecified level of
accuracy. Addition or removal of a feature at a given step of
these algorithms is decided by a measure taking into account
different criteria of interest in selecting or discarding a feature.
There is a priori no decisive argument to opt for a forward or
backward search. We present in table 1 an algorithm for the
cycle construction, based on a backward search. The algorithm
takes as inputs the set of sensors S, the remaining query budget
vector QB, and the user defined cycle length K and prediction
error threshold T. Creation of a cycle is made of two stages:
First stage: A first step S1 = S containing all the sensors is
defined. A backward feature selection is applied, which tries
to remove sensors 1 by increasing order of their remaining
query budgets. Once such a sensor is found, a second step
S2 = {S\s current} is created, and the first step S1 remains
the same. Then the algorithm tries to remove the following
sensors, still by increasing order of their remaining query
budgets. If a sensor can be removed from both S1 and S2,
a third step S3 = {S3\s current} is created.
The rationale of this procedure is that each newly created step
is obtained by splitting on the last step of the current cycle,
whose sensors all have query budgets higher than at least one
of the sensor in the preceding steps. This allows to make sure
that a sensor that can be removed from all existing steps at a
given point of the cycle construction will be assigned to one
and only one step. As sensors are taken by increasing order
of their remaining query budgets, this gives more chance to
sensors with low query budget to be assigned to only one step
of the cycle.
For example, let us consider a set of 4 sensors s1, s2, s3 and
s4, with query budgets of 4, 8, 9 and 10 respectively, such
that any two sensors can predict the remaining two, but that
no sensor is predictable by a single sensor. The first step is
initially S1 = {s1, s2, s3, s4}. s1 can be removed, as it is
predictable from {s2, s3, s4}. The first step is left unchanged,
and a second step S2 = {s2, s3, s4} is created. s2 can be
removed from S1 and from S2, so a new step S3 = {s3, s4}
is created, and s2 is left in S2. s3 can then be removed from
S1 and S2 but not S3, so no new step is created, and we have
S1 = {s1, s4}, S2 = {s2, s4}, and S3 = {s3, s4}. Finally, s4

cannot be removed from any step, and so the first stage of the
algorithm would stop here. Note that s1, s2 and s3 all belong
to a different step of the cycle, as they were removed first,

1The function predictable(Y,X,T) returns true if the sensor subset Y is
predictable from X with accuracy T

and that s4 belongs to all steps as it was removed last.
Second stage: The second stage simply consists in creating
new steps, applying a backward feature selection by removing
sensors by increasing order of their updated query budget.
Given the three first steps obtained in the first stage of the
algorithm, updated query budgets are 3, 7, 8 and 6 for s1,
s2, s3 and s4, respectively. A new step S4 = {s1, s2, s3, s4}
is created, from which are removed s1 and s4 as they have
the lowest updated query budgets. Therefore S4 = {s2, s3}.
Updated query budgets are now 3, 6, 7 and 6, which leads
to S5 = {s2, s3} or S5 = {s2, s4} depending on the draw
between s2 and s4. This procedure is reiterated until the
desired cycle length K is reached.
Finally, note that if steps cannot be created in stage 1 because
the specified cycle length K has been reached, then a sensor
that can be predicted by any of the existing steps is reassigned
to the step with the lowest number of sensors, which aims at
balancing the number of sensors among the cycle steps.

4. EMPIRICAL STUDY

A. Data set

To assess our procedure, we realized a set of experiments,
varying the different parameters. The data set used was a
set of temperature readings obtained from a 54 Mica2Dot
sensor deployment at the Intel research laboratory at Berkeley
[3]. We discretized the original dataset to 2-minute interval
measurements over a 10 days period. After preprocessing, the
dataset contained a trace of 7200 readings from 52 different
sensors (sensors 5 and 15 were removed as they collected too
few data).

B. Prediction model

Probability distribution of a set of environmental readings such
as temperature, light, or humidity have been shown to be well
approximated by multivariate gaussian models [2]. Multivari-
ate gaussian models offer a certain number of properties, such
as adaptavity to missing values and on-line updating, that make
them attractive in the context of sensor network monitoring.
They also allow to capture in a single model, by the means
of the covariance matrix, all the dependencies between sensor
measurements [2].
Given an observation set DT , the probability distribution of
readings of DT can therefore be approximated by the multi-
dimensional gaussian:

P (s) =
1

(2π)
d
2 |ΣDT

| 12
e
− 1

2 (s−µDT
)Σ−1

DT
(s−µDT

)T

where µDT and ΣDT are the mean vector and covariance
matrix of the observation set DT , and s represents a vector
of readings for the 52 sensors. An advantage of this model
is that, by using simple matrix computations, it is possible
to extract any sensor’s mean value together with its variance,
possibly conditioned on measurements of other sensors [8].
This allows to easily derive estimates for quadratic and ε-
based loss functions. We use in the following the ε-based loss



TABLE 1: CYCLE CONSTRUCTION ALGORITHM

Algorithm Cycle Construction(S, QB, K, T)

Sort S by increasing order of sensors remaining QB
Size S ← size(S)
S1 ← S
K stage1 ← 1

For (s in 1:Size S)
s current ← S[s]
used ← False
For (k in 1:K stage1)

new set ← Sk\ s current
If (predictable(S \ new set, new set, T))
Sk ← new set

Else
used ← True

EndIf
EndFor
If (used==False)

If (K stage1 < K)
K stage1 ← K stage1 + 1
SK stage1 ← SK stage1−1

Add s current to SK stage1−1

Else
Add s current to Sk lowest number of sensors

EndIf
EndIf

EndFor

K stage2 ← K stage1
While (K stage2 < K)

update QB with Sk, 1 ≤ k ≤ K stage2
Sort S by increasing order of sensors remaining QB
K stage2 ← K stage2 + 1
SK stage2 ← S
For (s in 1:Size S)

s current ← S[s]
new set ← SK stage2\ s current
If (predictable(S \ new set, new set, T))
SK stage2 ← new set

EndIf
EndFor

EndWhile

Return the set of SK

function P (|si(t) − ŝi(t)| > ε) < 1 − δ, together with its
confidence level δ, which is naturally derivable from the mean
vector and covariance matrix of DT . The error threshold to be
defined by the user is therefore the pair (ε, δ).
In the following experiments, all results reported are average
results obtained through ten-fold cross validations on the entire
data set DT , each validation consisting in keeping readings of
9 days as training set, and readings of the remaining day as
test set.

C. Prediction error and average sensor queries

In this first experiment, we varied the error threshold ε from
0.1 to 2.5 and the confidence level δ from 0.9 to 0.99, and
reported the average number of sensor solicited at each epoch
and the overall prediction error in table 2. The cycle length
was fixed in this first experiment to 52, i.e. the number of

TABLE 2: AVERAGE SENSOR QUERIES PER TIME UNIT AND PREDICTION
ERROR (IN BRACKETS) USING GAUSSIAN MODELS

δ
0.90 0.95 0.99

ε=0.1 1 (0) 1 (0) 1 (0)
0.5 0.63 (0.05) 0.72 (0.031) 1 (0)

1 0.47 (0.043) 0.52 (0.032) 0.75 (0.014)
1.5 0.32 (0.04) 0.41 (0.028) 0.53 (0.014)

2 0.21 (0.043) 0.31 (0.024) 0.39 (0.017)
2.5 0.12 (0.042) 0.22 (0.025) 0.31 (0.013)

sensors. We observe that on this data set, predictions can
be accurately obtained for ε as low as 0.5 degree with a
confidence level of δ = 0.95. Prediction error estimates
are however violated for higher confidence levels, which is
explained by the fact that two different estimation methods
were used to assess prediction errors. During the cycle
construction and the search for prediction subsets, prediction
error estimates were derived from the covariance matrix ΣDT

,
which are slightly over optimistic, whereas prediction errors
reported in table 2 are obtained through the cross validation
method.

D. Network lifetime vs cycle length

Figure 3 plots the percentage of sensors with non exhausted
query budgets for different cycle lengths, with an inital query
budget of 100 for all sensors. The reference is a cycle of length
1, which corresponds to the solicitation of all sensors. After
100 epochs, all sensors have exhausted their query budgets.
Plots for cycle lengths of K = 10 and K = 25 correspond
to cycles where energy consumption is not evenly distributed.
The cycle length is too small to get an equal distribution of
energy, and therefore some sensors run out of energy quickly.
This entails that some sensor subsets that were deemed as
prediction subsets during the cycle construction phase are no
more reliable, and a new cycle should be designed, as justified
in 3-C, that takes into account an updated view of sensors’
remaining query budgets.
Once the cycle is long enough, from K = 40, we see that
the algorithm proposed can find a set of prediction subsets
such that all sensors are evenly solicited. This is optimal with
respect to the network lifetime, as it allows to keep all sensors
operational in a quasi homogeneous way. Network lifetime can
be extended in this case by a factor close to 3.

E. Network lifetime vs accuracy

We also run a set of experiments illustrating the prolongation
in the network lifetime for varying ε, with a cycle length of
K = 100. Results are reported on figure 4. This experiment
shows that for tight error thresholds, a subset of sensors may
quickly exhaust its energy budget. This subset corresponds to
sensors whose readings are not or virtually not predictable by
other sensor readings.
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Fig. 3: Sensors lifetime for varying cycle length (Initial QB: 100, ε = 1.5,
δ = 0.95).
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Fig. 4: Sensors lifetime for varying accuracy (Initial QB: 100, T = ε,
δ = 0.95, K = 100).

F. Energy offset

Finally, we illustrate on figure 5 how a round robin cycle
on prediction subsets can offset unequal query budgets. Each
curve corresponds to a different ratio between sensors whose
initial query budget is 100 and sensors whose intial query
budget is 50. Sensors with initial query budgets of 50 were
drawn at random from the set of sensors. Each plot is an
average result for ten different random draws.
For N=52, all sensors have an inital query budget of 50, and
network lifetime is extended by a factor close to 3 as was
observed in experiment 4-D. For N=0, all sensors have an
initial query budget of 100, and network lifetime is extended
by the same factor. In between, sensor lifetimes are quasi
similar for a given N , which, due to the fact that each curve is
an average over ten draws, accounts for an evenly distributed
energy consumption among sensors, .

CONCLUSION

This paper lies within the framework of using prediction
models for data acquisition in sensor networks. It provided
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Fig. 5: Sensors lifetime for unequal query budgets (N: number of sensors
with initial QB=50, ε = 1.5, δ = 0.95, K = 100).

a general purpose definition for the notion of predictability of
a sensor subset, and proposed relying on a round robin cycle
on different prediction subsets to increase the reliability of the
model driven monitoring system. The two key contributions of
using a cycle are, first, to evenly distribute energy ressources
among sensors, and second, to offer a way to check for
sensor failure or erroneous models by keeping on collecting
readings from all sensors. Experimental results demonstrated
the efficiency of the approach with respect to the prolongation
of the network lifetime. More importantly, results showed that,
if the user defined accuracy is not too strict, it is possible
to extend in an homogeneous way lifetimes of all sensors,
avoiding anticipated depletion of a subset of sensors. Use of
different prediction subsets therefore appears as a promising
way for increased reliability of model-driven data acquisition
in sensor networks.
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