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Abstract—Wireless sensor networks are deployed for the pur-
pose of sensing and monitoring an area of interest. Sensors in
the sensor network can suffer from both random and systematic
bias problems. Even when the sensors are properly calibrated at
the time of their deployment, they develop drift in their readings
leading to erroneous inferences being made by the network. The
drift in this context is defined as a slow, unidirectional, long-term
change in the sensor measurements. In this paper we present
a novel algorithm for detecting and correcting sensors drifts
by utilising the spatio-temporal correlation between neigbouring
sensors. Based on the assumption that neighbouring sensors have
correlated measurements and that the instantiation of drift in a
sensor is uncorrelated with other sensors, each sensor runs a
support vector regression algorithm on its neigbours’ corrected
readings to obtain a predicted value for its measurements. It then
uses this predicted data to self-assess its measurement and detect
and correct its drift using a Kalman filter. The algorithm is run
recursively and is totally decentralized. We demonstrate using
real data obtained from the Intel Berkeley Laboratory that our
algorithm successfully suppresses drifts developed in sensors and
thereby prolongs the effective lifetime of the network.

I. INTRODUCTION

Recently, wireless sensor networks (WSN) have emerged
as an important research area [1]. This development has been
encouraged by the dramatic advances in sensor technology,
wireless communications, digital electronics and computer
networks, enabling the development of low cost, low power,
multi-functional sensor nodes that are small in size and can
communicate at short distances [2]. When they work as a
group, they can accomplish far more complex tasks and
inferences than individual super nodes. This led to a wide
spectrum of possible military and civilian applications, such as
battlefield surveillance, home automation, smart environments
and forest fire detection.

On the down side, these wireless sensors are usually left
unattended for long periods of time in the field, which makes
them prone to failures. This is due to either sensors running
out of energy or harsh environmental conditions surrounding
them. These cheap sensors also tend to develop drift as they

age. This poses a major problem for the end application, as the
data from the network becomes progressively useless. An early
detection of such drift is essential for the successful operation
of the sensor network.

The sensor error problems and their effects on sensor
inferences have not been addressed thoroughly in the literature.
We address this problem using the fact that neighboring
sensors in a network observe correlated data, i.e., the mea-
surements of one sensor are related to the measurements of its
neighbors. Furthermore, the physical phenomenon that these
sensors observe also follows some spatial correlation. Hence,
in principle, it is possible to predict the data of one sensor
using the data from other closely situated sensors [3], [4]. This
predicted data provides a suitable basis to correct anomalies
in a sensor’s reported information. The early detection of
anomalous data enables us not only to detect drift in sensor
readings, but also to correct it.

Another common problem faced in large scale sensor net-
works is that sensors can suffer from bias or systematic errors.
These errors have a direct impact on the effectiveness of the
associated decision support systems. Calibrating these sensors
to account for these errors is a costly and time consuming
process. Traditionally such errors are corrected by site visits
where an accurate, calibrated sensor is used to calibrate
other sensors. This process is manually intensive and is only
effective when the number of sensors deployed is small and
the calibration is infrequent. In a large scale sensor network,
constituted of cheap sensors, there is a need for frequent
recalibration. Due to the size of such networks, it is impractical
and cost prohibitive to manually calibrate them. Hence, there is
a significant need for auto-calibration [4] in sensor networks.

A straightforward approach to calibration is to apply a
known stimulus to the sensor network and measure the re-
sponse [5]. Then comparing the ground truth input to the
response will result in finding the gain and offset for the
linear drifts case [6]. The calibration problem of the sensor
network was also tackled by [5] in a different way. They
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stated that after sensors are calibrated to the factory settings
when deployed their measurements will differ linearly from
the ground truth by certain gains and offsets for each sensor.
They presented an intelligent method to estimate these gains
and offsets without the need of ground truth measurements for
comparison and referred to this problem as blind calibration
of sensor networks. So by identifying these gains and offsets
(which they assumed to be constant for each sensor), the future
readings of the sensors can be calibrated to the true values.
The method worked well in a controlled environment but not
with noise and other disturbances.

The idea of drift aware wireless sensor networks was first in-
troduced by Maen et al. [4]. They argued that detecting drifting
sensors and correcting their measurements would increase the
effective life of the network. In [7], they introduced a formal
statistical procedure for tracking and detecting sensors drifts
using Kalman filters. The sensors of the network were close
enough to have similar temperature readings and the average
of their measurements was taken as a sensible estimation to
be used by each sensor to self-assess.

In this paper we present a novel algorithm for continu-
ous online sensor calibration using support vector regression
(SVR) and Kalman filtering. Unlike our previous work in [4]
and [7], the sensors are not assumed to be densely deployed
and have their measurements variable with space and time.
Therefore, the average cannot be used as a sensible estimate
of the sensor measurements. Instead, we use a support vector
regression algorithm in each sensor to predict its reading as a
function of the measurements of its neighbours. The predicted
and measured values are then fed to a Kalman filter to detect
(track) and correct the drift in the measurement. The algorithm
is totally decentralized. No assumptions regarding the linearity
of the drifts are made as in [5].

Support vector regression is used in many applications for
forecasting and inferencing the physical parameters of interest.
Kashif et al. [8] have used SVR to successfully predict the
ground moisture at a site using meteorological parameters
such as relative humidity, temperature average solar radiation,
and moisture measurements collected from spatially distinct
locations. Wang et al. [9] have used SVR for medical imaging,
where a non-linear estimation and modeling of functional
magnetic resonance imaging (fMRI) data is performed as the
SVR reflects the intrinsic spatio-temporal autocorrelations in
the fMRI data.

The rest of the paper is organised as follows. We present
our network structure and the problem statement in Section
II. Sections III and IV formulate the support vector regression
and Kalman filter framework for drift correction in sensor
networks. The complexity of the algorithm is analysed in
Section V. Section VI evaluates the proposed algorithm using
real data and Section VII concludes with future work.

II. NETWORK STRUCTURE AND PROBLEM STATEMENT

Consider a wireless sensor network with a large number of
sensors distributed randomly in a certain area of deployment
such as the one shown in Figure 1. The sensors are grouped

in clusters (sub-networks) according to their spatial proxim-
ity. Each sensor measures a phenomenon such as ambient
temperature, chemical concentration, noise and atmospheric
pressure. The measurement, say temperature, is considered to
be a function of time and space. As a result measurements
from sensors within the cluster are different from each other.
For example, a sensor closer to a heat source or near direct
sunlight will have readings higher than those in a shaded
region or away from the heat source. An example of a cluster
is shown using a circle in Figure 1. The sensors within the
cluster are considered to be capable of communicating their
readings among themselves.

As time progress, some nodes will start experiencing drift in
their readings. If these readings are collected as such at these
nodes, it would cause the network to accept erroneous conclu-
sions. After some level of unreliability, the network inferences
become un-trusted. At this point, the network becomes useless
as it is impractical and infeasible to manually recalibrate the
sensors. In order to mitigate the drift problem, each sensor
node in the network has to detect and correct their own drifts
using the feedback obtained from its neighbour nodes. This
is based on the fact that the data from all the nodes within
a cluster are correlated and the faults or drifts instantiations
are likely to be uncorrelated. The ability of the sensor nodes
to auto-detect and correct their drifts helps to extend the
effective (useful) lifetime of the network. In addition to the
drift problem, we also consider the inherent bias that may exist
within some sensor nodes. There exists a distinct difference
between these two errors. The former changes with time and
often becomes accentuated, while the latter, is considered to
be a constant error from the beginning of the operation. This
error is usually caused by a possible manufacturing defect or
a faulty calibration.

The sensor drift we consider in this work is smooth as
it usually grows slowly, as such in a linear or exponential
fashion. It will not have sudden changes, surges or sharp peaks
in their readings. Besides, it is dependent on the environmental
conditions, and strongly related to the manufacturing process
of the sensor. This is what makes the instantiation of drift
different from one sensor to the other as it is highly unlikely
that two electronic components fail in a correlated manner
unless they are from the same integrated circuit (IC). Figure
2 shows examples of theoretical smooth drift models that can
be used and captured by a the model we propose.

Consider a sensor sub-network that consists of n sensors
deployed randomly in a certain area of interest. Without loss of
generality we choose a sensor network measuring temperature,
even though this is generally applicable to all other types of
sensors that suffer from drift and bias problems. Let T be
the ground truth temperature. T varies with time and space.
Therefore we denote the temperature at certain time instance
and sensor location as Ti,k where i is the sensor number and
k is the time index. At each time instant k, node i in the
sub-network measures a reading ri,k of Ti,k. It then reports a
drift corrected value xi,k to its neighbors. The corrected value
xi,k should ideally be equal to the ground truth temperature
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Ti,k. If all nodes are perfect, ri,k will be equal to the Ti,k,
and the reported values will ideally be equal to the readings,
i.e., xi,k = ri,k.

During this process, each node i finds a predicted value
x̂i,k as a function of corrected measurements collected from
its neighbour sensors using x̂i,k = f(neighbourdata). In an
ideal situation, x̂i,k = Ti,k. In practice, each sensor reading
comes with an associated reading error, and drift di,k. This
drift may be null or insignificant during the initial period
of deployment, depending on the nature of the sensor and
the deployment environment. The problem we address here
is how to account for the drift in each sensor node i, using
the predicted value x̂i,k, which is obtained using information
gathered from neighbouring nodes, so that the reading ri,k is
corrected and reported as xi,k.

Maen et al. [7], in their previous work, have used the
average of the neighbouring sensor measurements to compute
the x̂i,k, based on the assumption that the sensors are spatially
close enough to have the same measurements. In this paper, we
relax this assumption and the x̂i,k is computed using a support
vector regression taking into account the temporal and spatial
correlations of the sensor measurements.

In this paper, we propose an online drift correction frame-
work for automatic drift correction in sensor networks. This
consists of two processes. First, a trained support vector
regression (SVR) is used to predict the measurements x̂i,k,
which uses the corrected measurements from neighbouring
sensors as input. Second, a Kalman filter is used to recursively
correct the drift in the readings ri,k using the output of SVR
x̂i,k to arrive at the corrected measurement xi,k. Figure 3
shows a block diagram of our drift correction framework for
sensor networks. In the following section we describe the SVR
formulation in detail.
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Figure 1. Wireless sensor area with encircled sub-network

III. MODELING AND PREDICTING MEASUREMENTS USING

SUPPORT VECTOR REGRESSION

Our aim is to predict the sensor measurements x̂i,k of a
sensor node i at time instant k using the corrected measure-
ments from neighbouring sensors. Our intention is to learn
a model function f(.) that can be used for prediction of
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Figure 2. Examples of smooth drifts

Figure 3. Drift correction framework at node i.

subsequent sensor measurements along the time period. Sup-
port vector regression (SVR) implements this in two phases,
namely the training phase and the running phase. During
the training phase, sensor measurements collected during the
initial deployment period (training data set) is used to model
the function f(.). During the running phase, the trained model
f(.) is used to predict the subsequent sensor measurements
x̂i,k. Below we describe the mathematical formulation of the
SVR in more detail.

For simplicity, we consider the training data set to be
represented as Xs = {(xk, ýk) : k = 1...m} in the
input space, where m is the number of training vectors.
Data vectors Xs are mapped to a feature space via a non
linear function φ(.) : �d → �p, resulting in image vectors
X = {(φ(xk), yk) : k = 1...m}, where p is the dimension
of the feature space and d is the dimension of the input space.
Our aim is to fit a function f(φ(x)) to the data set in the
feature space that has at most ε deviations from the targets yk

of the training input [10]. That means the errors less than ε
are ignored and the errors above are penalised. For the linear
case, the function f(φ(x)) is given as

f(φ(x)) = 〈ω.φ(x)〉 + b (1)

where 〈 . 〉 denotes the dot product in X , ω ∈ �p and b ∈ �
is the bias.

Choosing a function f(φ(x)) for X in the feature space
that ensures a smooth function in the input space can be
obtained by minimising the norm ‖ω‖2 [10], [11]. This leads
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to the following optimisation problem for the support vector
regression with ε-intensive loss function [10], [12].

min
1
2
‖ω‖2 + C

m∑
k=1

(ξk + ξ∗k)

subject to: yk − 〈ω.φ(x)〉 − b ≤ ε + ξk

〈ω.φ(x)〉 + b − yk ≤ ε + ξ∗k
ξk, ξ∗k ≥ 0, k = 1...m (2)

where {ξk, ξ∗k : k = 1...m} are the slack variables that
allow some of the errors to be tolerated in approximating the
function f(φ(x)) using the input X (see Figure 4). Constant
C > 0 determines the trade off between the complexity of the
function f(φ(x)) and the degree to which deviations more than
ε are tolerated (see figure 4). Using the Lagrange technique,
a dual for the above primal optimisation problem (2) can be
obtained. The Lagrange function for this optimisation is as
follows:

L =
1
2
‖ω‖2 + C

m∑
k=1

(ξk + ξ∗k) −
m∑

k=1

(ηkξk + η∗
kξ∗k)

−
m∑

k=1

αk(ε + ξk − yk + 〈ω.φ(x)〉 + b)

−
m∑

k=1

α∗
k(ε + ξ∗k + yk − 〈ω.φ(x)〉 − b) (3)

where {αk, α∗
k, ηk, η∗

k ≥ 0 : ∀k} are the Lagrange multipliers.
Equating the partial derivatives of L with respect to b, ω, ξk

and ξ∗k to zero yields:

∂L

∂b
= 0 ⇒

m∑
k=1

(αk − α∗
k) = 0 (4)

∂L

∂ω
= 0 ⇒ ω −

m∑
k=1

(αk − α∗
k)φ(xk) = 0 (5)

∂L

∂ξk
= 0 ⇒ C − αk − ηk = 0 (6)

∂L

∂ξ∗k
= 0 ⇒ C − α∗

k − η∗
k = 0 (7)

Substituting (4) - (7) in (3) results in

L = −1
2

m∑
k=1,l=1

(αk − α∗
k)(αl − α∗

l ) 〈φ(xk).φ(xl)〉

+
m∑

k=1

yk(αk − α∗
k) − ε

m∑
k=1

(αk + α∗
k) (8)

Therefore, the dual problem is as follows:

max L

subject to:
m∑

k=1

(αk − α∗
k) = 0,

0 ≤ αk, α∗
k ≤ C, k = 1...m (9)

Further, using (5) and (1), we can obtain

ω =
m∑

k=1

(αk − α∗
k)φ(xk) (10)

f(φ(x)) =
m∑

k=1

(αk − α∗
k) 〈φ(xk).φ(x)〉 + b (11)

This dual problem (9) is a quadratic optimisation problem with
linear constraints. The solution can be obtained using widely
available convex optimisation techniques such as the interior
point methods [10], [13], [14].

Figure 4. Support vector regression framework [14].

From the Karush-Kuhn-Tucker (KKT) conditions [10], [11],
[13] for optimal solution of the dual problem (9), the data
vectors that satisfy |f(φ(xk)) − yk| < ε will have their
{αk, α∗

k} as zero. Only data vectors that fall outside or on the
ε-tube (i.e., |f(φ(xk)) − yk| ≥ ε) will have nonzero {αk, α∗

k}.
These data vectors are called support vectors. Hence, only the
support vectors, rather than the whole data set, are required
to approximate function f(φ(x)). Therefore the approximate
function that models the input vectors becomes f(φ(x)) =∑msv

k=1(αk − α∗
k) 〈φ(xk).φ(x)〉 + b, where msv < m is the

number of support vectors.
The bias b can be computed using support vectors that fall

on the ε-tube [15] using the equation b = averagel{δl + yl −∑
s(αk − αs∗) 〈φ(xs).φ(xl)〉)}, where δl = ε sign(αl − α∗

l ).
In the case of using an interior point optimisation technique
for optimising (9), b happens to be the by product of that
optimisation process [10].

Using Mercer kernels, the dot product computations of the
image vectors in the feature space can be computed in the
input space without any knowledge of the non-linear function
φ(.). Hence the optimisation problem (2) can be expressed in
terms of a Mercer kernel function K(u, v) = φ(u)φ(v)T , by
replacing the dot products with the kernel function. This is
called the kernel-trick [12]. This provides a way to fit non
linear regression to the data in the input space. Hence the
function approximation (11) now becomes

f(x) =
msv∑
k=1

(αk − α∗
k)K(xk, x) + b (12)

In this paper, we use the Gaussian kernel K(u, v) =
exp(−‖u−v‖2

2σ2 ) for the SVR. There are three modelling param-
eters need to be considered in using SVR to fix a model to
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the data, namely C,ε and σ. In practice, the parameter values
are obtained by grid-search and cross-validation techniques
[8], [14]. Further, the number of support vectors produced
also depended on these parameter settings [11], [14], thereby
providing flexibility in terms of getting the desired number of
support vectors during training.

Furthermore, we use sensor measurements collected during
the initial periods of deployment of the network as our training
data set. We assume that this data is void of any drift and can
be used for training the SVR at each node. This is a reasonable
assumption in practice, as the sensors are usually calibrated
before deployment to ensure that they are in working order.
Hence the training data set we consider at each node i is
given by Xs = (TrX, TrY ), where TrX = {xj,k, xj,k−1 :
j = 1...n − 1, k = 1...m, j �= i}, TrY = {xi,k : k = 1...m}
and m is number of training data vectors.

After the training phase, each node i has to keep in memory
only the support vectors, the nonzero Lagrange multipliers
(αk − αk∗) and the bias b. This model obtained via SVR
training will then be used during the running phase for
predicting subsequent measurements x̂i,k using equation (12).
This x̂i,k and the actual reading ri,k are used in the Kalman
filter to estimate the drift experienced in that sensor node and
to subsequently correct it. Below we explain the Kalman filter
formulation that utilises the SVR prediction for online drift
correction in sensor networks.

IV. ITERATIVE DRIFT ESTIMATION AND CORRECTION

USING KALMAN FILTERING

The solution to the smooth drift problem consists of the
following iterative steps. At stage k, a reading ri,k is made
by node i. Rather than sending that value automatically to is
neigbors, the node is aware of its drift, and has an estimate
d̃i,k for it at this stage. It is a projected value from an
estimate of the drift made at the previous stage d̂i,k−1. Using
this estimate of the drift, the node sends a corrected sensor
value xi,k to its neighbors. Each node then collects all the
neighbors’ values and computes x̂k. To estimate the drift of a
node, the mathematical model given in (13) is used, assuming
smoothness in the way the drift changes.

di,k = di,k−1 + vi,k vi,k ∼ N(0, Qi,k) (13)

where vi,k is assumed to be gaussian noise and Qi,k is the
state noise covariance.

Equation (13) is a model that effectively tracks slow move-
ments. In Target Tracking, equation (13) is called the target
dynamics equation, a mathematical model that shows the
target’s dynamical behavior. In our case, the drift of the node
is the target, and the purpose of the methodology is to track
that drift’s amplitude over time. A source of information is
needed to provide input to a statistical model such as equation
(13). In target tracking, a measurement equation is established
to model observations made over time. These measurements
provide the statistical information needed for the estimation
procedure. In this case, the preferred source of information

would be the real value of Ti,k, the quantity being sensed. For
example, if Ti,k was available after the reading ri,k is made
by node i, then the drift would be assessed exactly, it being
ri,k − Ti,k. However, the whole purpose of the sub-network
is to assess Ti,k for each sensor, and so Ti,k will never be
known. Only an estimate of it is available, and in this case,
it is x̂i,k. We use this x̂i,k as a sensible estimation for Ti,k

based on the assumption that not all sensors will start drifting
together at the same instant, i.e., it is more likely that only
one sensor at a time will start drifting. This, with the addition
that the nodes are self-correcting, makes x̂i,k a good statistic
for Ti,k.

The measurements {zi,k} are taken to be:

zi,k = ri,k − x̂i,k (14)

Equation (14) is derived from the relationship

ri,k = Ti,k + di,k (15)

Often, there is an error (noise) associated with the reading of a
node and it is assumed to be gaussian wi,k ∼ N(0, Ri,k) with
variance Ri,k ( measurement noise covariance). This leads to
ri,k = Ti,k + di,k + wi,k. We can now write the measurement
equation as

zi,k = di,k + wi,k wi,k ∼ N(0, Rk) (16)

Equations (13) and (16) form a Kalman Filter (KF) tracking
set of equations [16]. The solution to this problem is well
known and has been widely applied in many real world
problems. Here, it is adapted to the wireless sensor network
technology, and to the drift problem of the sensors. This
solution is implemented in a decentralized iterative procedure,
i.e., it is run in each node to estimate its drift, and then using
this estimation the subsequent reading is corrected.

Since the algorithm is totally decentralized and applied on
each sensor, by looking at (13) and (16), we see that the state
transition matrix F and the observation matrix H of the KF
are actually equal to an identity matrix of dimension (1x1),
which means they are numbers. This dramatically reduces
the complexity of the KF since no matrix multiplication or
inversion is required in the evaluation of innovation covariance
and the Kalman gain. As a result, the Kalman filter system of
equations reduces to:

d̂i,k = d̂i,k−1 +
Pi,k−1 + Qi,k

Pi,k−1 + Qi,k + Ri,k
(zi,k − d̃i,k) (17)

Pi,k = (Pi,k−1 + Qi,k)
(

1 − Pi,k−1 + Qi,k

Pi,k−1 + Qi,k + Ri,k

)
(18)

d̃i,k is the predicted drift at the beginning of stage k, before
the correction. In this case, d̃i,k = d̂i,k−1, a straightforward
prediction given by the KF solution. Note that (zi,k − d̃i,k) =
xi,k − x̂i,k. The variances Qi,k, Ri,k, Pi,k−1 and Pi,k are
numbers, and therefore the solution is easy to compute in a
sensor network with a very small complexity. Once d̂i,k is
evaluated, it is used as the predicted drift d̃i,k+1 for the next
stage. This allows for the correction of reading ri,k+1.
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Distributed Drift Correction Algorithm

For each node i

• At step k, a predicted d̃i,k drift is available
• Each node i obtains its reading ri,k

• The corrected reading is calculated, xi,k = ri,k− d̃i,k and
then transmitted to the neighboring nodes.

• Each node computes x̂i,k using the SVR equation (12).
• The measurement zi,k = ri,k − x̂k is obtained.
• The one step KF equations for each node i are

di,k = di,k−1 + vi,k, vi,k ∼ N(0, Qk)
zi,k = di,k + wi,k, wi,k ∼ N(0, Rk)

resulting in the drift estimate d̂i,k at time k.
• The projected drift d̃i,k+1 = d̂i,k is obtained and the

algorithm iterates.

V. COMPLEXITY ANALYSIS

The computational complexity and memory complexity of
our online drift correction framework is mainly contributed by
the SVR and Kalman filter computations.

The computational complexity for modeling data using SVR
is mainly contributed by the training phase. Training the SVR
involves a quadratic optimisation process. Polynomial time
algorithms such as the interior point methods incur O(m3)
arithmetic operations and have a complexity of O(

√
mL)

iterations [17], where m is the number of variables and L is
the size of the optimisation problem, i.e., roughly the number
of bits required to represent the problem. Alternatively, linear
programming based support vector regressions can be used
in place of the current qudratic programming based SVR
[18], [19], which is advantageous in terms of computational
complexity. There are several algorithms available for linear
programming in the literature [17]. The simplex algorithm is
extremely efficient in practice, although it has been shown
to have worst case exponential complexity in the number of
variables [20].

The training of SVR is usually done once or at low
frequencies during the life time of the sensor network, unless
the network is deployed in a highly dynamic environment.
Hence they can be trained off-line or at a high performance
node which is resourceful. Then the trained SVR can be
uploaded to each sensor for use in the running phase. Note
that only the support vectors are needed to be uploaded to
the sensors as opposed to the whole training data set. This
way the communication and memory overhead in the sensor
during the running phase can be reduced. Further, the SVR
can be retrained if there is a significant change in the observed
phenomenon. This can be done in an incremental fashion with
less computational overhead. This is a topic of future research
in this context.

The running phase of the SVR involves predicting the output
using the function f(.) for new inputs obtained from neigh-
bouring sensors in each time step. This involves a maximum
computational complexity of O(m2

sv) in each sensor, where
msv << m is the number of support vectors. The memory

complexity for the SVR training phase is O(m+2msv+1) and
for the running phase O(2msv + 1). Each node has to com-
municate their corrected measurements among their closest
neighbours in each time step. This involves a communication
overhead of O(n), where n is the number of nodes within the
closest neighbourhood (cluster).

The Kalman filter estimates the drift at every time step
using equations (17) and (18). This involves real number
computations rather than matrix computations. Hence the
computational complexity is only contributed by the number
of multiplications and divisions of real numbers. Memory
complexity is mainly involved in keeping the predicted drift
of the current and previous instances, current reading, and the
predicted measurement from the SVR.

VI. EVALUATION

Our aim is to evaluate the ability of our proposed framework
to correct the drift experienced in a sensor node using the in-
formation gathered from the nearest neighbouring nodes. The
data in our evaluation are a set of real sensor measurements
gathered from a deployment of wireless sensors in the Intel
Research Berkeley Laboratory (IBRL) [21].

In 2004, a set of wireless sensors with 55 sensor nodes
(including a gateway node) were deployed in the IBRL lab
for monitoring the lab environment (refer to Figure 5). They
recorded temperature, humidity, light and voltage measure-
ments at 30 seconds intervals during the period starting from
28th February 2004 to 5th April 2004.

Figure 5. Sensor nodes in the IBRL deployment. Nodes are shown in black
with their corresponding node-IDs. Node 0 is the gateway node [21].

We consider a network consisting of seven sensor nodes
selected from the IBRL deployment. The node IDs considered
here are 1, 2, 3, 4, 33, 34 and 35. These nodes come from
a cluster of neighbouring sensors in the IBRL deployment
(refer to Figure 5). Temperature measurements are used in
our evaluations.

Data from the sensor nodes are re-sampled at seven minute
intervals and the first 2000 samples are used for our evaluation
purposes. This corresponds to the data collected during a ten
day period from 28th February 2004 to 9th March 2004. We
used the first 1000 samples (this corresponds to the first five
days data) as the training set for use in the training phase.
An exponential drift is introduced to the real data in each
node, starting randomly after the first 1000 samples. The data
after 1000 samples and up to 2000 samples are used in the
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running phase for testing our algorithm for drift correction.
These samples correspond to the next five days of the IBRL
data.

Our algorithm is implemented in matlab, utilising the
support vector machine toolbox from [22]. For comparison
purposes, we run the algorithm on two data sets. One, the data
without the introduced drift (WOD), and the other, the data
with drift introduced (WD). Initially the SVR is trained on the
first 1000 samples at each node. We fix the ε parameter to 0.05
in all our evaluation. Parameters C and σ are selected using
grid search and cross-validation. In order to obtain this, we
divide the training set (the first 1000 samples) into two parts.
The first 60% of the training set is used for training the SVR
and the other 40% is used for testing. Root mean square error

RMSE =
√∑ q

l=1(yl−f(xl))2

q , where q is the number of train-
ing vectors, mean absolute error MAE =

∑q
l=1 |yl − f(xl)|

and number of support vectors are computed for each (C, σ)
pair. The pair (C, σ) that yields lowest RMSE and MAE errors
with a reasonable number of support vectors are selected and
used to obtain the completely trained SVR using the first 1000
samples for each node.

During the running phase, each sensor node i at time
interval k uses the corrected measurements collected from
neighbours {xj,k, j = 1...q, j �= i} and the previous corrected
measurements {xj,k−1 : j = 1...q, j �= i} as the input to the
SVR. The SVR outputs the predicted measurement x̂i,k. x̂i,k

and the current reading ri,k are then fed to a Kalman filter
to estimate the drift d̂i,k. Using the estimated drift d̂i,k and
the current measurement ri,k, the corrected measurement xi,k

is computed. This process is repeated at each time step for
the rest of the 1000 samples. The Kalman filter parameters
Q and R are tuned using trial and error, and the values used
in our evaluation are Q = 0.001 and R = 2. If R is set to
a high value, the estimated drift starts to follow the reading
as it starts to trust the reading more than the SVR model.
When Q is high, the estimate becomes oscillatory and leads
to an unstable state. Hence, a compromise has to be made in
selecting these values in order to obtain good drift estimations.

We have conducted two simulations using two data sets.
One data set has no drifts introduced. We call this data set R-
WOD. The other is the same data set with drifts introduced in
seven different scenarios. We denote the readings in this data
set as R-WD. The seven drift scenarios considered in R-WD
are as follows: scenario 1 being one node drifting, scenario
2 being two nodes drifting and so on until the last scenario
(scenario 7) having all seven nodes drifting. The resulting
corrected measurements obtained when the algorithm is run
on the R-WD data sets are denoted by DCM-WD. Similarly,
the corrected measurements obtained using data set R-WOD
is denoted by DCM-WOD.

Figure 6 shows the graph obtained for the network having
one of the nodes with drift introduced (namely the node ID 2).
The plot shows curves for R-WOD, R-WD, DCM-WOD and
DCM-WD during the sample period between 900 and 2000.
From the graph, we can observe that the DCM-WD curve is

coinciding or close to the DCM-WOD curve. This shows that
the algorithm successfully eliminates the introduced drift into
the measurements with minimal error. We ideally expect the
curve DCM-WOD (and DCM-WD curve) to coincide with the
R-WOD curve. However, this is not the case as evident from
the graph. This is because the Kalman filter and SVR intro-
duces some system error (different from the introduced drift)
into the process during the operation. This can be improved
by using an unscented Kalman filter in place of the current
Kalman filter. This is a topic of future research. Further, it can
be observed that the gap between the DCM-WOD and R-WOD
widens as time increases. This is because the errors introduced
by the system accumulate as time progresses. Therefore, if this
trend is allowed to continue, the system becomes useless as the
corrected measurements become overly erroneous. In practice,
this accumulation of error can be limited by re-initialising the
Kalman filter periodically during its operation.

Figure 8 shows the mean absolute error between the read-
ings R-WOD and R-WD for the network in each scenario
(i.e, one sensor with drift, two sensors with drift and so on).
This error is computed for each scenario as follows. For each
node, at each time instant, the absolute error between the
observed readings R-WOD and R-WD is computed. Then the
average error is computed taking the absolute error of all the
seven sensors in the network. This graph, in essence, shows
the introduced drift in the nodes in each of these scenarios
separately.

Figure 7 shows the mean absolute error between the cor-
rected measurements DCM-WOD and DCM-WD for each
scenario. This graph reveals the effect of drift error in the
network as a whole when the number of sensors with drift
are increasing in that network. It is evident from this graph
that when the percentage of sensors in the network with drift is
increased beyond 50%, the error starts to increase significantly.
For example, in the graph, a maximum error of 0.4 is observed
until the network begins to have more than three drifting
sensors.

Furthermore, comparing the two graphs 8 and 7 for the
scenario of 50% of the sensors drifting (i.e., three sensors
are drifting), it can be observed that the network with the
drift correction incurs an error of 0.4 or less for the whole
period of 2000 samples. Whereas the network without the drift
correction ability, incurs a maximum error of 0.4 up to the time
instant of about 1500 samples. Beyond this the error increases
up to 1. This is evidence that the network with drift correction
ability extends its useful life time compared to the one without
the drift correction ability.

VII. CONCLUSION AND FUTURE RESEARCH

In this paper we have proposed a formal statistical procedure
for estimating sensor errors in a WSN based on the assumption
that neighboring sensors have correlated measurements and
that the instantiation of drift in a sensor is uncorrelated
with other sensors. We have used SVR to model sensor
measurements incorporating the the spatio-temporal correla-
tion between neighboring sensors and then to predict future
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Figure 7. Mean absolute error of the corrected measurements for each
scenario.

measurements. The prediction is used in a Kalman Filter to
estimate the drift in the sensor reading under consideration.
The algorithm is run recursively and is fully decentralized.
We have demonstrated using real data obtained from the Intel
Berkeley Research Laboratory that the algorithm successfully
suppresses the drifts developed in sensors and thereby prolongs
the effective life of the network. In the future, we intend to
incorporate unscented Kalman filters to minimise the system
errors introduced by the present Kalman filter during the drift
correction process. We will also implement an incremental
SVR framework to periodically re-train the SVR, in order to
adopt for any phenomenal changes that occur in the network.

VIII. ACKNOWLEDGMENT

We acknowledge the support of THALES, Australia funding
for this work through an ARC Linkage grant (LP0561200) /
APAI Scholarship, ARC Research Network on Intelligent Sen-
sors, Sensor Networks and Information Processing (ISSNIP)
and the Australian Research Council.

REFERENCES

[1] D. Estrin, L. Girod, G. Pottie, and M. Srivastava, “Instrumenting the
world with wireless sensor networks,” International Conference on
Acoustics, Speech, and Signal Processing (ICASSP 2001), May 2001.

[2] I. F. Akyildiz, W. Su, Y. Sankarasubramaniam, and E. Cayirci, “Wireless
sensor networks: a survey,” Comp. Networks, vol. 38, pp. 393–422, 2002.

900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000
0

0.5

1

1.5

2

2.5

Samples

M
ea

n 
ab

so
lu

te
 e

rr
or

One drifting
sensor

Two drifting
sensors

Three drifting
sensors

Four drifting
sensors

Five drifting
sensors

Six drifting sensors

All (7) drifting sensors

Figure 8. Mean absolute error of readings for each scenario.

[3] B. Krishnamachari and S. Iyengar, “Distributed bayesian algorithms for
fault-tolerant event region detection in wireless sensor networks,” IEEE
Transactionon Computers, vol. 53, no. 3, pp. 241–250, 2004.

[4] M. Takruri and S. Challa, “Drift aware wireless sensor networks,” Proc.
of the 10th intl. conference on information fusion (Fusion 2007), July
2007.

[5] L. Balzano and R. Nowak, “Blind calibration of sensor networks,”
Proceedings of Information Processing in Sensor Networks, April 2007.

[6] B. Hoadley, “A baysian look at inverse linear regression,” Journal of the
American Statistical Association, vol. 65, pp. 356–369, March 1970.

[7] M. Takruri, K. Aboura, and S. Challa, “Distributed recursive algorithm
for auto calibration in drift aware wireless sensor networks,” Proc. of the
Intl. Joint Conferences on Computer, Information, and Systems Sciences,
and Engineering (CIS2E 07), December 2007.

[8] M. K. Gill, T. Asefa, M. W. Kemblowski, and M. McKee, “Soil moisture
prediction using support vector machines1,” Journal of the American
Water Resources Association, vol. 42, no. 4, pp. 1033–1046, 2006.

[9] Y. M. Wang, R. T. Schultz, R. T. Constable, and L. H. Staib1,
“Nonlinear estimation and modeling of fmri data using spatio-temporal
support vector regression,” Information Processing in Medical Imaging,
vol. 2732, pp. 647–659, 2003.

[10] A. J. Smola and B. Schölkopf, “A tutorial on support vector regression,”
Statistics and Computing, vol. 14, no. 3, pp. 199–222, 2004.

[11] S. M. Clarke, J. H. Griebsch, and T. W. Simpson, “Analysis of support
vector regression for approximation of complex engineering analyses,”
Journal of Mechanical Design, vol. 127, no. 6, pp. 1077–1087, 2005.

[12] V. N. Vapnik, Statistical Learning Theory. John Wiley & Sons, 1998.
[13] S. Boyd and L. Vandenberghe, Convex Optimization. New York, NY,

USA: Cambridge University Press, 2004.
[14] B. Scholkopf and A. Smola, Learning with Kernels. MIT Press, 2002.
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