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Bayesian Learning Using Gaussian Process
for Gas Identification

Amine Bermak, Senior Member, IEEE, and Sofiane Brahim Belhouari

Abstract—In this paper, a novel gas identification approach
based on Gaussian process (GP) combined with principal com-
ponents analysis is proposed. The effectiveness of this approach
has been successfully demonstrated on an experimentally obtained
dataset. Our aim is the identification of different gases with
an array of commercial Taguchi gas sensors (TGS) as well as
microelectronic gas sensors. The proposed approach is shown
to outperform both K nearest neighbor (KNN) and multilayer
perceptron (MLP) classifiers.

Index Terms—Bayesian learning, gas identification, gas sensor
array, Gaussian processes (GPs), pattern recognition.

I. INTRODUCTION

HE PAST decade has seen an increased interest for

the development of integrated human-like smell sensing
capabilities. The problem of classifying and further quantify-
ing chemical substances is very critical for a wide range of
applications in the industrial and civil environments [1]. There
have already been several reports on the use of different kinds
of sensors for detecting poisonous and dangerous gases [2],
[3]. Present gas sensors are very sensitive, but their selectivity
and response are greatly affected by many pollutants like the
relative humidity, temperature variation, and background odors.
It is well known that gas sensors suffer from a number of
shortcomings such as low selectivity, nonlinearities, and in-
stability. Waiting for the development of a new generation of
sensors, strategies and algorithms of pattern recognition must
be developed to overcome the drawbacks of the actual sensors.
A gas sensor array permits to improve the selectivity of the
single gas sensor and shows the ability to classify different
odors. In fact, an array of different gas sensors is used to
generate a unique signature for each odor. After a preprocessing
stage, the resulting feature vector is used to solve a given
classification problem, which consists of identifying an un-
known sample as one from a set of previously learned gases.
Significant work has been devoted to design a successful pattern
analysis system for machine olfaction [4]. Various kinds of flex-
ible pattern recognition algorithms have been used for classify-
ing chemical sensor data. Most notably, neural networks have
been exploited, in particular multilayer perceptrons (MLPs) and
radial basis functions (RBFs). Other methods based on the
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class-conditional density estimation have been used, such as
quadratic and K nearest neighbor (KNN) classifiers. These
parametric and nonparametric density estimation methods have
their merits and limitations.

A new method for regression was inspired by Neal’s work
on Bayesian learning for neural networks [5]. It is an attractive
method for modeling noisy data, based on priors over func-
tion using Gaussian processes (GPs). It was shown that many
Bayesian regression models based on neural networks converge
to GPs in the limit of an infinite network [5]. GP models have
been applied to the modeling of noise-free [6] and noisy data
[7] as well as to classification problems [8]. Recently, GP has
been successfully used for nonstationary time series forecasting
with excellent performance [9]. In this paper, we present a gas
classification approach based on GP combined with principal
components analysis (PCA). The effectiveness of the proposed
approach has been successfully applied to an experimentally
obtained dataset where the objective is the identification of
different gases using commercial Taguchi gas sensors (TGS),
as well as microelectronic gas sensor arrays. It is shown that the
proposed approach outperforms both KNN and MLP classifiers.

II. CLASSIFICATION PROBLEM

The objective of pattern recognition is to set a decision rule
that optimally partitions the data space into c regions, one
for each class Cj. The boundaries between regions are the
separating surfaces or decision boundaries. A pattern classifier
generates a class label for an unknown feature vector & € R¢
from a discrete set of previously learned classes. The most gen-
eral classification approach is to use the posterior probability
of class membership o(Cj|x). To minimize the probability of
misclassification, one should consider the maximum a posterior
rule and assign x to class C;, [10], i.e.,

C; = arg max} [0(Ck|x)]

1,...,c
= arg max, [p(x|Cr)p(Cy)] (1)

where p(x|Cy) is the class-conditional density and o(Cl) is
the prior probability. In the absence of prior knowledge, p(Cj)
can be approximated by the relative frequency of examples
in the dataset. One way to build a classifier is to develop a
model that estimates the posterior probabilities directly, where
the boundaries are learnt from data. An alternative is to estimate
the class-conditional densities by using representation models
for how each pattern class populates the feature space.
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A. KNN

The most widely used method for nonparametric density
estimation is the KNN. The KNN rule is a powerful technique
that can be used to generate highly nonlinear classification
with limited data. To classify a pattern @, we find the closest
K examples in the dataset and select the predominant class
C}, among those K neighbors. Despite the simplicity of the
algorithm, it often performs very well and is an important
benchmark method. However, one drawback of KNN is that
all the training data must be stored, and a large amount of
processing is needed to evaluate the density for a new input
pattern.

B. MLPs

The posterior densities can be estimated via discriminant
analysis, where the boundaries are directly learnt from data.
This supervised classification is based on the learning of the
input pattern-class label mapping. The posterior probability is
estimated by o(y(x)), where o(y) is the activation function.
Usually, we use the logistic function o(y) = 1/1 + exp(—y)
for the two-class problem and the softmax activation function
for the multiclass classification. One way to generalize the
discriminant function to permit a much larger range of possible
decision boundaries is to transform the input vector x using
a set of H predefined nonlinear basis functions ¢;(x) and
represent the output as a linear combination of these functions.

H
ye(@) = wijd;(@) + wio- 2
=1

The MLP is probably the most widely used architecture for
practical applications of neural networks [11]. For a high-
dimensional input space, there will be a large number of basis
functions, each one with the associated parameters, and one
risks overfitting the training data. Network complexity must
be controlled by determining the optimal number (in terms of
small generalization error) of hidden units H. The goal is to
find a network that gives the best prediction on a new dataset.
The simplest approach is to train several MLPs using the
same training dataset. The performance of the networks is then
compared by evaluating the error function using an independent
validation set. Network complexity can also be controlled by
using regularization approaches such as weight decay [10]. The
problem with regularization is that it is difficult to determine
the optimum value for the regularization parameter. Additional
details on complexity control can be found in [12].

C. Bayesian Learning

One approach to the complexity control problem is to con-
sider the Bayesian framework explained in [11] and [13]. In this
framework, we start with the priors on the parameters, which
express our knowledge before the data is observed. Once we
observe the data, Bayes’ rule can be used to update our beliefs,
and we obtain the posterior probability density. In pattern

recognition applications, Bayesian methods offer a number of
important practical benefits [11], [14].

» By taking into account the parameter uncertainty, overfit-
ting problem is solved.

* Regularization can be given a natural interpretation in the
Bayesian framework.

 The relative importance of different input variables can be
determined using automatic relevance determination.

However, the Bayesian analysis is difficult because a simple
prior over parameters implies a complex prior distribution over
functions. With neural networks, approximation or sampling
methods are needed to perform the Bayesian inference and
to evaluate some integrals. Rather than expressing our prior
knowledge in terms of a prior for the parameters, we can instead
integrate over the parameters to obtain a prior distribution for
the model outputs in any set of cases. This operation is most
easily carried out if all the distributions are Gaussian. Fortu-
nately, GPs are flexible enough to represent a wide variety of
interesting model structures, many of which would have a large
number of parameters if formulated in more classical fashion.
The GP method can be extended to classification problems by
defining a GP over y: the input to the sigmoid function.

III. GP CLASSIFIERS

A GP is a collection of random variables, any finite set
of which have a joint Gaussian distribution [8]. For a finite
collection of inputs, = = [V, ... x(™]T, we consider a set
of random variables y = [y, ..., 5] to represent the cor-
responding function values. A GP is used to define the joint
distribution

1
p(ylx) ~ exp (2yTEly) 3

where the matrix > is given by the covariance function
Ypg = cov(y(p>, y(q)) = C’(:c(P),a:(q)).

A. Parameterizing the Covariance Function

There are many possible choices of prior covariance func-
tions. From a modeling point of view, we wish to specify prior
covariance that contains our prior beliefs about the structure
of the function we are modeling. Formally, we are required to
specify a function that will generate a non-negative definite
covariance matrix for any set of input points. GP procedure
can handle interesting models by simply using a covariance
function with an exponential term [7], i.e.,

d
O (2@ 2@) =y exp{_l o (2P — 2@ 2}+U
R SR

where 0 = (p1, ..., pd, Vo, v1) plays the role of hyperparame-
ters. It expresses the idea that cases with nearby inputs will
have highly correlated outputs. One way to construct a variety
of covariance functions is by adding and multiplying together
other covariance functions.



BERMAK AND BELHOUARI: BAYESIAN LEARNING USING GAUSSIAN PROCESS FOR GAS IDENTIFICATION 789

B. Classifying With GP

For the two-class problem, we use the logistic function to
produce an output that can be interpreted as 7(x) = o(y(x)),
the probability of the input x belonging to class 1. The prob-
ability and the activation corresponding to input x; will be
noted by 7; and y;, respectively. We specify a GP prior over
the activation function y that we have a probabilistic model as
a discriminant classifier.

Making classification for a test input x* given a set of
training data D = {&® t®|i =1,...,n}, with a fixed set
of hyperparameters 6, requires the calculation of the integral
defined as

Tt = /W*p(w*|t,9)d7r* ®)

where 7* = 7(a*). To find the posterior distribution of 7*, we
use the distribution p(y*|¢, ), which is defined by

o[t 0) = / o, ylt, 0)dy

ol

=——5 [0 yl0)p(tly)dy (6)
©(t19)

and apply the appropriate Jacobian to transform the distribution.

Because we are using a logistic sigmoid output function, the

appropriate noise model is no longer Gaussian but Bernoulli.

@(t‘y) = H?:ﬂrf" (]_ — Wi)lfti (7)

which means that (6) is no longer analytically tractable.
Faced with this problem, there are two ways to evaluate the
integral, namely 1) to use an analytic approximation or 2) to use
Monte Carlo methods. We consider an analytic approxima-
tion based on Laplace’s method. We approximate the function
p(y*,ylt,0) by a Gaussian distribution at the maximum
of this function with inverse covariance matrix given by
—VVlog p(y*, y|t, 0). Finding a maximum can be carried out
using the Newton—Raphson algorithm, which then allows the
approximation distribution of y* to be calculated. Details of the
maximization procedure can be found in [15].

C. Training a GP

Let us assume that a form of covariance function has been
chosen, but depends on undetermined hyperparameters 6. We
would like to learn these hyperparameters from the training
data. In a maximum likelihood framework, we adjust the hy-
perparameters to maximize the log likelihood of the hyperpa-
rameters log (t|@). For the classification problem, we have
to approximate this function by using Laplace’s method. Let
¢ =log p(t|y) + log p(y). Using p(t:|y:) = tiy: — log(1 +
exp(y;)), we obtain [15]

n
p=1t"y - log (I +exp(y))

=1

1 1
_ inQfly — 5 logdet(Q) - glog 27 (8)

MFC
GAS
CHAMBER
SENSOR
ARRAY
MFC
GAS 1
MFC
— ]
AIR
Fig. 1. Scheme of the experimental setup. MFC stands for mass flow
controller.

where Qg = C (x(P), £(9)). By using Laplace’s approximation
about the maximum g, we find that

- 1 _ n
log p(t|0) = p(7) — 3 log det(Q Ly W) — 3 log2w. (9)

We initialize the hyperparameters to random values (in a rea-
sonable range) and then use an iterative method, for exam-
ple, conjugate gradient, to search for optimal values of the
hyperparameters. We found that this approach is sometimes
susceptible to local minima. To overcome this drawback, we
randomly selected a number of starting positions within the
hyperparameters space.

The extension of the method to multiple classes is essentially
straightforward, although considerably more complex. A soft-
max activation function for each class Cy, (k =1,...,¢) with
a one-of-c coding scheme is used [15]. The probability of the
input x belonging to class C}, is given by

() = exp(ys)
Zk’ C€Xp (y;c)

which ensures that the GP outputs lay in the range [0, 1] and
summed to 1. As for a two-class case, one can take the new log
likelihood for similarly represented targets i (i =1,...,n)
and assume that GP prior operates in the activation space.

(10)

IV. EXPERIMENTAL RESULTS

We evaluated the performance of the proposed GP classifier
on five datasets of gases collected from both a commercial TGS
and a microhotplate (MHP) microelectronic gas sensors arrays.

A. Data Description

Measurements have been done with an experimental equip-
ment consisting of gas pumps, mass flow controllers, a sensor
chamber, and a computer used for data acquisition and the
experiment control. Fig. 1 shows the experimental setup used
in our work. In a gas chamber, we placed a sensor array based
either on the commercial TGS or MHP microelectronic gas
sensors. Vapors were injected into the gas chamber at a flow
rate determined by the mass flow controllers. Measurement
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TABLE 1
GASES AND THEIR CONCENTRATION RANGES

Gas Concentration range (ppm)
CoHgO 1000-5000

CyH100 800-3000

co 25-200

CHy 500-4000

Hy 500-2000

procedure consists of two steps. The first step consists of
injecting the tested gas during the 10-min period, whereas
40 min is allocated to a cleaning stage with dry air. Data are
collected at a sampling period of 3 s. We have performed five
experiments with different gases.

* First experiment: A sensor array composed of five com-
mercial tin oxide gas sensors, TGS Figaro (TGS 2600,
2602, 2610, 2611, and 2620), have been used to discrim-
inate between ethanol (CoHgO) and butanol (C4H;(0).
Different concentrations were used for both vapors (see
Table I). We have recorded the steady-state outputs of the
Sensor array.

* Second experiment: For the detection of CO in the pres-
ence of CHy, we have used an array of eight micro-
electronic gas sensors. This multisensor based on SnOs
thin film was integrated using a microelectronic structure
referred to as the MHP [16]. Different concentrations were
used for each gas (see Table I). The steady-state values of
the sensor array were recorded while periodically injecting
different gases.

» Third experiment: We used the same experimental proce-
dure as the second one to detect CO in the presence of
hydrogen Hs.

* Fourth experiment: We built the fourth dataset to separate
the signatures of carbon monoxide and the mixture of
carbon monoxide and methane. The experimental setup is
similar to the one used in the previous two experiments.

 Fifth experiment: Methane, carbon monoxide, or their
mixture vapors were injected into the gas chamber at a
flow rate determined and accurately controlled by the mass
flow controllers. Different concentrations were used for
CO ranging from 25 to 200 ppm and for CH,4 ranging
from 500 to 4000 ppm. The CO—CH, mixture concentra-
tion was also injected into the gas chamber with different
combination of both gases’ concentrations. The MHP
microelectronic gas sensor array was again used in this
experiment.

Concentration ranges used for the experiments are reported
in Table I. Inasmuch as our goal is the qualitative classifica-
tion of patterns, a normalization procedure is used to reduce
the influence of concentrations and nonlinearities. Each input
pattern is divided by its Euclidean norm. The characteristics
of the datasets are summarized in Table II. It is important to
notice the small amount of data available, which is typically the
case in the gas sensor experiments as it is very costly and time-
consuming to obtain a large, reliable, and representative set
of examples.

TABLE 1I
DATASET CHARACTERISTICS
Dataset 1'ype of gas Number of sensors | Number of patterns
1 (Co g0, Cyll100) 5 124
2 (CHy, CO — CHy) 8 120
3 (Hy, Ho — CO) 8 54
4 (CO, CO - CHy) 8 128
5 (CO, CHy, CO— CHy) 8 168
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Fig. 2. PCA results for the first dataset. Measurement type: ethanol (circles)
and butanol (triangles).

B. Identification Results

The obtained datasets were used to estimate the performance
of the GP classifier and compared with both MLP and KNN.
The most important multivariate tool for exploratory analysis is
the PCA. PCA was therefore used as a preprocessing stage for
redundancy removing and feature reduction before applying a
given classifier. By applying this technique, principal compo-
nents and eigenvalues are calculated. Inasmuch as the two first
components allow us to take into account more than 95% of the
data variance, we limit our representation to these components.
Figs. 2—-6 present the first two PCA scores for each of the
datasets so that we can judge the relative complexity of the dif-
ferent datasets. We note that the features can be separated into
different distributions corresponding to each measurement gas
type. However, the decision boundaries are not well defined due
to some overlapping, especially the third and the fifth datasets,
having the most complex PCA scatter plots (Figs. 4-6).

The inputs to each classifier are the projections of the data on
the first two principal components. The hyperparameters of the
GP classifier were adapted to the training data using conjugate
gradient search algorithm. All parameters for MLP and KNN
were chosen according to the validation stage. Inasmuch as
the datasets we used were small, generalization performances
were estimated by using the /N-fold cross validation approach.
Table III reports the identification accuracy of the GP classifier
in comparison to the one of KNN and the MLP classifiers. For
the five datasets, the results using the GPs are better than both
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Fig. 3. PCA results for the second dataset. Measurement type: CHy (circles)
and mixture CO—CHy4 (triangles).
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Fig. 4. PCA results for the third dataset. Measurement type: Ha (circles) and
mixture CO—Hz (triangles).

the KNN and MLP classifiers. These results can be explained
by the fact that, with Bayesian learning, GP classifier succeeds
in building a statistical model of the process that generates the
data and, hence, exhibits better generalization performance than
KNN and MLP. The GP classifier is also applied to the general
case of more than two classes as shown in the fifth experiment.
The performances are still consistently higher as compared with
KNN and MLP.

V. CONCLUSION

In this paper, we proposed a gas identification method based
on GP models combined with PCA. We have shown that
an excellent classification rate can be achieved on both TGS
and microelectronic gas sensor data. Using GP classifiers, we
obtained results that are superior to both KNN and MLP for gas
identification applications. In addition, it was shown that the
GP classifier can be applied to the general case of identifying
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Fig. 6. PCA results for the fifth dataset. Measurement type: CO (circles), CH4
(squares), and mixture CO-CHy (triangles).

TABLE III
GAS IDENTIFICATION RESULTS (%)
Classifier | Dataset 1 | Dataset 2 | Dataset 3 | Dataset 4 | Dataset 5
GP 90.5 98 75 100 90
KNN 85 93.3 57.7 95.4 89.9
MLP 88.3 95.8 67.3 99.2 88.3

more than two gases. However, a problem found in GP-based
methods is the computational cost because they require com-
putations (trace, determinants, and linear solutions) involving
n X n matrices, where n is the number of training examples.
This represents a drawback when dealing with large datasets.
It is of interest to investigate the possibility of speeding up
Bayesian computations by using specific numerical methods.
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