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Abstract

In this work we show the capability of a sol–gel based electronic nose to be used in qualitative and quantitative analysis with the aim to

recognize common volatile compounds usually present in the headspace of foods. Acetone, hexanal and 2-pentanone were chosen for this kind

of measurements, performed both in dry air and in mixture of 50% humidity, just to simulate the experimental set-up in real applications.

Moreover, different mixtures of 2-pentanone and hexanal at low concentration were investigated. We show how linear technique, such as

principal component analysis (PCA) algorithm can be used for inspecting data distribution in simple cases like cluster discrimination.

Moreover, non-linear techniques for difficult regression problems, such as artificial neural networks (multi-layer perceptron (MLP) and radial

basis function (RBF)) are needed in particular for the prediction of different concentrations.
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1. Introduction

Recently, it has been shown that a new system, named

‘‘artificial-nose’’ [1], can be used as a powerful method for

quality food control in some specific applications. This

innovative system consists of a multisensor array capable

of monitoring the interaction with specific molecules as a

consequence of surface adsorption/desorption reactions

and/or gas diffusion processes. An adequate electronic

and software allow to make quantitative and qualitative

analysis of a mixture of gases. The goal is to obtain a

relatively quick response, as comparable as possible to that

of the human nose [2]. Making use of a dedicated software,

the responses are then submitted to data analysis and pre-

sented graphically. Due to sensor properties, such as speci-

ficity, selectivity and sensitivity, a final pattern (fingerprint)

of the sample can be obtained. Principal component analysis

(PCA) is the most widely used data analysis method for

inspecting data of sensor responses.

It is reported in literature that numerous volatile organic

compounds (VOCs) are present in the headspace of foods

[3,4], (acetone, hexanal, 2-pentanone, 2-butanone, toluene,

limonene, heptanal, etc.) and their concentration depends

on the nature of food but also on manufacturing process (an

example, for milk: pasteurization, sterilization, etc.) [5].

Furthermore, a high quantity of water is sometimes pre-

sent, so the headspace turn to be represented by a mixture

of volatile organic compounds in an atmosphere containing

a high percentage of relative humidity (RH). To this

reason, before testing an electronic nose to the aroma of

a specific food it is important to verify the detection

capability and the sensitivity of the sensors toward these

main volatile compounds, mainly to distinguish the con-

tribution to the response coming from the humidity and

from the compounds themselves. In this paper, two dif-

ferent artificial neural approaches have been used, a clas-

sification problem and a regression problem. In signal

processing applied to chemical sensors, the construction

of models for quantitative analysis based on concentration

discovery of each compound, generally follows the clas-

sification phase.

In this paper, a classification and a regression problem

is addressed by comparing two artificial neural techni-

ques. A multi-layer perceptron (MLP) trained with back-

propagation algorithm and a radial basis function (RBF)

neural network [6] have been used to solve the two

problems.
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2. The back-propagation classifier

Initially, we implemented associative memory by using a

multi-layer perceptron trained with a back-propagation

algorithm (BPNN) [7]. A back-propagation neural network

is a feed-forward, totally connected perceptron (net) whose

nodes are organized in layers. Activation propagates for-

ward, that means, from the input layer, to the hidden (or

intermediate) layer(s), then to the output layer. Each node

of a given layer is connected to all nodes of the subsequent

layer. A BPNN may have more than one hidden layer (more

than three total layers), but in general, good approximations

can be obtained only by using three layers. The acquired

knowledge is codified in the synapses (or weights) in each

link or connection between the network unities (nodes).

The weights are adjusted by a training process. The activa-

tion obtained in the last layer determines an answer repre-

senting the activation obtained by the whole network. Fig. 1

shows the structure of the BP net used in this work for

categorization behavior. It has one input node for each input

feature. The number of nodes in the output layer changes

dynamically by using the self-growing mechanism; a new

node is created for each new representation detected. A

weighted function of the minimum and maximum error

during training is used as a threshold to decide if a repre-

sentation is new. The number of hidden nodes is determined

empirically, 1.5 times the number of output nodes gives

good results.

A BPNN is typically initialized with random synapses

values. To train it, pairs of known input and associated

output vectors must be priory given. The net adjust the

initial values of the synapses based on learning rules. Each

time an input–output pair is presented, activation is pro-

cessed in two phases, forward-propagation and back-

ward-propagation. In the forward step, the activation is

processed from input to output layer. During the backward

step, errors detected in the output layer by comparing the

right output answer with the net given answer is back-

propagated and an update is calculated for each node until

the input layer is reached. After intensive training, the net

establish the relation between input and output vector in its

synapses.

Considering A as the number of nodes in a given layer r, B

as the subsequent (r þ 1), the BP training algorithm used in

this work can be resumed as

1. Initialize synapses, random values between �0:1 and

0:1 are given to all weights wij, that is

wij ¼ randomð�0:1;þ0:1Þ8i 2 fAg; j 2 fBg
2. Initialize first layer, put input vector in the input layer

xi;8i ¼ 1; . . . ;A.

3. Forward propagation, based on the sigmoid function

Eq. (1), the values of all nodes on the subsequent layers

are calculated.

oj ¼ 1 þ exp �
XA

i¼0

oijxi

 !" #�1

(1)

where w0j is the threshold for node j in subsequent layer.

4. Back-propagation, from the last layer, the error is

calculated and back-propagated. A Delta function,

which tries to minimize the error in the last layer, is

used. This function defines a surface over the synapses

space and this is modified in the direction of its gradient

(a descendant-gradient strategy). For the last layer, this

error is simply the difference between the ideal value yj

and the actual value oj. The following equations are used

to back-propagate the errors to the input layer Eq. (2) is

for the last layer and Eq. (3) is for the other layers.

dj ¼ ojð1 � ojÞðyj � ojÞ; 8j ¼ 1; . . . ;B (2)

dj ¼ ojð1 � ojÞ
XB

k¼1

dkojk; 8j ¼ 1; . . . ;A (3)

5. Adjusting net weights (synapses), the calculated errors

are used to adjust synapses. We use a learning rate E and

a momentum factor a to improve the process

Doijðt þ 1Þ ¼ Edjoi þ aDoijðtÞ; (4)

In Eq. (4) the values for oi and dj are determined in the

instant of time t þ 1 and the value of DoijðtÞ is the change

experimented in the weight during the previous forward and

backward steps (in instant t). The momentum factor

describes the influence of weight changing on the current

synapse update, experimented in the previous step.

A complete iteration, involving all training pairs, is called

an ‘‘epoch’’. The order in which all input-output vectors are

chosen must be random to guarantee convergence. A BP net

needs to learn some hundreds (or sometimes thousands) of

epochs to refine the connections. Two stop conditions are

used, a maximum number of epochs has been reached or the

errors calculated for all synapses are under a threshold, what

establish net convergence.

3. Radial basis function (RBF)

RBF networks were introduced into the neural network

literature by Broomhead and Lowe [8]. The RBF networkFig. 1. Feed-forward neural network.
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model is motivated by the locally tuned response observed in

biological neurons. Neurons with a locally tuned response

characteristic can be found in several parts of the nervous

system, for example, cells in the visual cortex sensitive to

bars oriented in a certain direction or other visual features

within a small region of the visual field [9]. These locally

tuned neurons show response characteristics bounded to a

small range of the input space. The theoretical basis of the

RBF approach lies in the field of interpolation of multi-

variate functions. The objective of interpolating a set of

tuples ðxs; ysÞN
s¼1 with xs 2 R

d and ys 2 R is to find a

function F : Rd ! R with FðxsÞ ¼ ys for all s ¼ 1; . . . ;N

where F is a function of a linear space. In the RBF approach

the interpolating function F is a linear combination of basis

functions

FðxÞ ¼
XN

s¼1

wsfðjjx � xsjjÞ þ pðxÞ (5)

where jj � jj denotes Euclidean norm, w1; . . . ;wN are real

numbers, f a real valued function, and p 2 Pd
n a polynomial

of degree at most n (fixed in advance) in d variables. The

interpolation problem is to determine the real coefficients

w1; . . . ;wN and the polynomial term p ¼
PD

l¼1 alpj where

pl; . . . ; pD is the standard basis of Pd
n and a1; . . . ; aD are real

coefficients. The interpolation conditions are

FðxsÞ ¼ ys; s ¼ 1; . . .N (6)

and

XN

s¼1

wspjðxsÞ ¼ 0; j ¼ 1; . . . ;D: (7)

The function f is called a radial basis function if the

interpolation problem has a unique solution for any choice

of data points. In some cases the polynomial term in Eq. (5)

can be omitted and by combining it with Eq. (6), we

obtain

Uw ¼ y (8)

where w ¼ ðw1; . . . ;wNÞ, y ¼ ðy1; . . . ; yNÞ, and U is a

N  N matrix defined by

U ¼ ðfðjjxk � xsjjÞÞk;s¼1;...;N (9)

Provided the inverse of U exists, the solution w of the

interpolation problem can be explicitly calculated and has

the form: w ¼ U�1 y. The most popular and widely used

radial basis function is the Gaussian basis function

fðk x � c kÞ ¼ e�ðkx�ck=2s2Þ (10)

with peak at center c 2 R
d and deceasing as the distance

from the center increases.

The solution of the exact interpolating RBF mapping

passes through every data point ðxs; ysÞ. In the presence

of noise, the exact solution of the interpolation problem is

typically a function oscillating between the given data

points. An additional problem with the exact interpolation

procedure is that the number of basis functions is equal to the

number of data points and so calculating the inverse of the

N  N matrix U becomes intractable in practice. The inter-

pretation of the RBF method as an artificial neural network

consists of three layers: a layer of input neurons feeding the

feature vectors into the network; a hidden layer of RBF

neurons, calculating the outcome of the basis functions; and

a layer of output neurons, calculating a linear combination of

the basis functions.

4. Experimental

In this work we used a microsensor array composed of

selected semiconductor thin films prepared by sol–gel

technology. In particular, SnO2-based thin films, pure

and doped with different elements (Os, Ni, Pt, Pd) were

considered. The films were prepared starting from tin

tetrachloride, as precursor, with the aim to obtain stabi-

lized SnO2 solutions. The solutions were modified through

the reaction of SnCl4 with alcohol before hydrolysis. In

this way, sols with a long term stability were obtained. For

the preparation of the doped SnO2 films, chemically

modified sols were prepared by adding selected precursors

of Ni, Os, Pt and Pd (NiCl2�6H2O, OsCl3, PtCl2,

Pd(OOCCH3Þ2, respectively), in atomic ratio of 5%, prior

dilution with appropriate solvents. In order to obtain the

thin film sensitive layer, whose final thickness was about

100 nm, the obtained solutions were deposited by means

of spin coating at 3000 rpm onto alumina substrates. After

spinning, the coating were dried 15 min at 80 � C, then

fired, in air, for 2 h at temperature of 500 � C. The

substrates, 35 mm  35 mm sized, were prearranged for

cutting and obtaining 3 mm  3 mm single microsensor

device. The resulting devices were equipped, on the back

side, with 500 Å, Ti/5000 Å, Pt heater and, on the front

side, with 500 Å, Ti/5000 Å Au interdigitated contact,

onto the sensing layer [10]. The final devices were

mounted on TO-8 socket and they were positioned in

the test chamber. All the sensors were heated at the

operating temperature of 250 � C by supplying a given

voltage to the heating element. The sensor responses

toward the different VOCs were carried out by applying

a constant voltage of 2 V, between the electrodes, and

measuring the current flowing trough the sensors by means

of an electrometer (Keithley 6517A) equipped with a

multiplexer. The entire process was controlled by a PC

via Labview National Instruments software. Furthermore,

the array was exposed to different gases: acetone, hexanal

and 2-pentanone both in dry air and 50% RH, at different

concentrations. The desired concentrations were obtained

starting from certified bottles of the considered gases by

diluting them in dry air by means of a mass flow controller

(MKS model 647B) and of mass flow meters. A total flow

of 200 sccm was fixed during the measurements. First of
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all, we exposed the sensors trough seven different classes,

according to the scheme reported in Table 1. The aim of

this choice was mainly to distinguish the contribution of

the sensor responses coming from the humidity and from

the compounds themselves. The second step was the

exposure of the sensor array trough mixtures of two gases

(hexanal and 2-pentanone) in different concentrations in

dry air in order to have information on the prediction

capability of the system. Table 1 summarizes the second

set of measurements. The fractional conductance change,

as measured from the response equilibrium value, at the

end of volatile vapor exposure, over the baseline value was

calculated and used as feature extraction for data analysis

purposes.

In a first stage, to test the discrimination capabilities of the

sensors to the VOCs taken into account, PCAwas used. Then

a MLP is used to solve a classification problem and a RBF

performed well in solving a regression problem for con-

centration discovery of several mixtures.

5. Results and discussions

Fig. 2 shows the PCA score plot regarding the three gasses

in dry air. The plot shows a good but non-perfect separation

among clusters. If we consider the third component, as

shown in Fig. 3, we cannot obtain a better separation among

the clusters. In case of the same gases, with the same

concentrations but in 50% of relative humidity similar

results are noticed.

Fig. 4 shows the PCA 2D-graph in this case. Despite the

overlap of some clusters, we can recognize the capability of

the array to distinguish the contribution of the water. More-

over when we try to consider the seven classes, as it is shown

in Fig. 5, we can observe a clear separation between the

substances in dry air and the substances in 50% relative

humidity but we are not able to separate each cluster from

the other. The enhancement of the pre-processing phase

(feature selection and extraction) generally improves clus-

ters separation. Several works have been done in this

direction, especially to extract useful features from the

sensor responses before the effective processing stage [11].

One of these methods is based on the use of the fractional

change in combination with normalization of the sensor

response components, using Sij ¼ jsijj=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

jðsijÞ2
q

where sij

is the jth component of the ith measurement. This procedure

has the aim to reduce the dispersion of the data mainly due to

Table 1

Classes of VOCs considered for the first step of measurements

Classes Substances Concentration

(ppm)

Humidity

(%)

1 Air 50

2 Acetone 40 –

3 Hexanal 5 –

4 2-Pentanone 5 –

5 Acetone 40 50

6 Hexanal 5 50

7 2-Pentanone 5 50

Fig. 2. PCA 2D-plot, second vs. first principal component, for the analysed compounds in dry air.
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the concentration effect. The results of the normalized

dataset are shown in Fig. 6. It is interesting to note that

the linear transformation of the PCA method on normalized

data does not perform well for cluster separation purposes.

Then a non-linear transformation on raw normalized data

has been investigated with two neural network models.

A multi-layer perceptron with back-propagation algo-

rithm has been trained with the entire data set and with

Fig. 3. PCA 2D-plot, third vs. first principal component, for the analysed compounds in dry air.

Fig. 4. PCA 2D-plot for the analysed compounds in 50% of relative humidity.
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the aim to classify seven different group of VOCs as shown

in Table 2. The network structure is composed of five input

nodes1, 17 hidden nodes (empirically found) and seven

output nodes representing the clusters. The log-sigmoid

transfer function2 has been chosen as the activation function

of each hidden and output node. A gradient descent with

momentum and adaptive learning algorithm to train the

Fig. 5. PCA Score plot of the seven classes considered.

Fig. 6. PCA Score plot of the seven classes considered, after the pre-processing of the data.

1 Features extracted with the fractional method from the steady-state

response. 2 It is defined as fðxÞ ¼ ð1=1 þ e�xÞ where x is the activity of a neuron.
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feed-forward neural network is chosen. The initial learning

rate parameter set to a ¼ 0:2, the momentum factor g ¼ 0:9
and the goal MSE to 0.001. The classification results are

given in the confusion matrix shown in Table 2 where the

error of 10% is reported with the leave-one-out procedure.

The second neural network investigated is a Radial Basis

Function. The RBF network used, creates neurons one at a

time. At each iteration the input vector which will result in

lowering the network sum–squared error, is used to create a

new radial basis neuron. The error of the new network is

Table 2

Confusion matrix for MLP classification results with leave-one-out procedure, true vs. predicted (rows vs. columns)

Air Acetone Acetone

50% RH

Hexanal Hexanal

50% RH

2-Pentanone

50% RH

Pentanone

Air 25 0 3 0 0 0 0

Acetone 0 26 0 0 0 0 2

Acetone (50% RH) 0 0 31 0 5 0 0

Hexanal 1 0 0 34 0 0 0

Hexanal (50% RH) 0 0 5 0 32 1 0

2-Pentanone (50% RH) 0 0 0 1 1 49 0

Pentanone 1 1 0 3 0 0 19

Table 3

Confusion matrix for RBF classification results with leave-one-out procedure, true vs. predicted (rows vs. columns)

Air Acetone Acetone

50% RH

Hexanal Hexanal

50% RH

2-Pentanone

50% RH

Pentanone

Air 19 0 3 0 6 0 0

Acetone 0 26 0 1 0 0 1

Acetone (50% RH) 0 0 27 1 8 0 0

Hexanal 0 0 0 33 0 0 2

Hexanal (50% RH) 0 0 7 0 31 0 0

2-Pentanone (50% RH) 0 0 4 0 3 44 0

Pentanone 0 0 0 1 0 0 23

Fig. 7. PCA 2D-plot for the analysed mixtures.
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Fig. 8. Linear regression analysis for the RBF network outputs vs. the corresponding targets.

Fig. 9. Linear regression analysis for the MLP network outputs vs. the corresponding targets.



checked, and if low enough the learning phase is finished.

Otherwise the next neuron is added. This procedure is re-

peated until the error goal is met (0.001), or the maximum

number of neurons is reached (i.e. the number of training

vectors). A spread of 0.8 is used for radial basis functions in

order to ensure that more than one neuron can respond to

overlapping regions of the input space. RBF network structure

at the end of the training phase was 5  157  7 and the error

reported for the testing phase was 15% as shown in Table 3.

The next experiments were addressed to the quantitative

analysis in order to discover the concentration level of the

three mixtures M1, M2 and M3. Three clusters are noted in

the PCA space shown in Fig. 7, each one related to the

varying concentration of hexanal in M1, M2 and M3. The

objective of the experiment has regarded to find a function

approximation for the hexanal concentration which has been

modeled by the RBF and MLP neural networks.

The radial basis function result is shown in Fig. 8 where a

linear regression analysis between the network outputs and

the corresponding targets have been carried out.

The MLP network used as a function approximator, is

trained with a modified version of the classical back-pro-

pagation algorithm. It is a network training function that

updates the weight and bias values according to Levenberg–

Marquardt optimization. It minimizes a combination of

squared errors and weights, and then determines the correct

combination so as to produce a network which generalizes

well. The process is called Bayesian regularization. The

network used a hyperbolic tangent sigmoid transfer func-

tion3 for the hidden nodes, while a linear activation function

for the output node. Fig. 9 shows the results of the linear

regression analysis on the network outputs with the leave-

one-out procedure.

6. Conclusions

In this paper an array of sol–gel based gas sensors have

been used to perform qualitative and quantitative analysis of

the several volatile odor compounds usually present in

headspace foods. The VOCs were measured both in dry

and humid air, making the sensors able to discriminate them

as a priory inspected with PCA analysis. The qualitative

analysis is carried out with two neural network, RBF and

MLP where this last showed a better performance. In the

quantitative analysis, a function approximator to discover

the concentration value of the hexanal in the mixtures under

consideration were modeled with different versions of RBF

and MLP with respect to the previous discussed analysis. As

a result, a modified version of MLP showed better capabil-

ities in solving a regression problems with respect to RBF

network.

Future works will be addressed on improving the training

algorithm of the radial basis function, initializing hidden

nodes by using learning vector quantization to find the

centers of the Gaussian functions.
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