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ABSTRACT

The process of measuring physical parameters at specific locations in the geographic region
is known as environment sensing. The geographic region is monitored by deploying sensors
at the requisite locations. The research problems can be classified as the problems at the
device-level and the problems at the network-level. At the device-level, the variations in the
sensor’s response due to baseline drifts and sensitivity /selectivity variations are the major
problems. Two device-level algorithms have been proposed to improve the accuracy of the
sensor. A time series analysis-based approach is proposed for baseline drift removal. The
response of a sensor is modeled as an autoregressive (AR) process associated with an obser-
vation zero-mean Gaussian noise. The parameters of the state-space model are learned using
the calibration data. The variance of the Gaussian noise is estimated using an adaptive on-
line method. The AR process equation and the observation equation are used to construct
the adaptive Kalman filter. Each sensor response is passed through a separate Kalman
filter, and then a regression technique is used to predict the sensor response. Numerical
results show that the technique is effective in removing baseline drifts in sensors. Thus for
a chemical sensor, the proposed factory calibration method can help in removing baseline
drifts when the sensor is deployed on the field. Adapting the observation noise variance is
the key to resolving the problem of baseline drifts in sensors. The second solution consists
of modelling the fluctuations in the response of a chemical sensor. A stochastic differential
equation model has been proposed. The model is developed by formulating the binding
and unbinding reactions in the form of Bernoulli trials. The transition probability density
function (pdf) of the number of binded analyte molecules X, , at a given time instant ¢,
has been evaluated using the Bernoulli trial representation. The obtained pdf is used to
derive the Fokker Planck equation (FPE) for the stochastic process. The FPE has a direct
correspondence with the desired SDE model. A maximum aposteriori (MAP) estimation
method has been proposed for evaluating the parameters. This work presents a novel theo-
retical contribution to the chemical sensing literature as it models the operation of a surface
based chemical sensor in form of a SDE. The proposed method is useful in compensating
for the effects due to sensitivity /selectivity variations. At the network level, the major is-
sues are finding optimal locations for sensor deployment and ensuring data reliability of the
network. Two network-level algorithms have been proposed as a solution to these problems.
A data-driven spatio-temporal model is proposed. The spatio-temporal representation of
sensor values has been modeled as the sum of a systematic trend component and a residual
process. The trend component is modelled as the sum of deterministic functions, and the
residual component is modelled using support vector regression. The locations with maxi-

mum support vector count in the residual model are identified as optimal for the deployment



of sensors. The method can be used for both static and dynamic deployments. The pro-
posed method is data-driven and can be used to deploy sensors in all environment sensing
applications. It only requires an initial data for the specific use case and the geographical
covariates. An integro-difference equation (IDE) based spatio-temporal model is proposed
for estimating missing data. The spatio-temporal field is modelled in the form of an adaptive
linear state space model. The parameters of the model are identified using sensor values
and are updated in a rolling window approach. Whenever missing data is encountered, the
algorithm predicts the missing observations based on the learned state evolution equation.
The proposed method can be used in all sensor network applications for estimating missing
data as it makes no assumption about the application or on the underlying spatio-temporal
field. In this thesis, the application of chemical sensing has been chosen to demonstrate
the efficacy of the proposed methods. The drift correction and the deployment method has
been tested on air pollution dataset. The utility of sensor modeling work is demonstrated in
case of a pH sensor, molecular communication and in agent identification application. The
missing data algorithm is applied on air pollution dataset and on an inertial sensor network

used for human activity recognition.

KEYWORDS: Chemical Sensing, Baseline Drift Correction, Sensitiv-

ity /Selectivity variations, Sensor Deployment, Missing data
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