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Abstract

In this paper, the possibility to use an electronic tongue based on a polypyrrole sensor array in
classifying coffee samples has been studied. Each sensor shows a distinguished electrochemical
response when exposed to the studied solutions, providing signals with a high degree of cross-se-
lectivity. The sensor array electrochemical response is related to the interaction of the ionic and
non-ionic solution compounds and to the surface of the sensors polymeric matrix. Furthermore,
the electronic tongue was used to perform an analysis on coffee samples. In this case, each sensor
showed a particular response to each coffee sample. Data obtained from the registered signals
were used to perform a discrimination of the samples. The analysis with neural networks of the
principal components (NNPC) done on the electronic tongue response to five types of commercial
coffee, allows to achieve a clear differentiation of samples.
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1. Introduction

In the food industry, the commercial success of a product is determined by many factors, such as appearance,
aroma and flavor. The growing customers’ demand on food quality makes the inspection and approval of prod-
ucts more rigorous every day. In order to guarantee the quality of commercial drinks, specifically coffee, differ-
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ent methods of chemical, Physicochemical and sensory analysis are utilized. The first ones include a series of
well-known techniques, mainly volumetric, chromatographic and spectroscopic, which are able to categorize with
great accuracy the chemical composition. The goal of the second ones—sensory methods—is to evaluate the sensa-
tions produced by coffee altogether [1]. The sensorial analysis can be defined as the experimentation and analy-
sis of the global characteristics of a product through the senses; those characteristics are known as organoleptic.

Smell and taste senses are known as chemical senses since they respond in a direct manner to stimuli pro-
duced by molecules originating a nerve reaction. Taste responds to stimuli produced by food molecules on the
tongue’s taste cells. That interaction produces the sensation of taste. The taste receptor organs are located above
all on the taste buds. The mechanism by which different flavors are detected and recognized is not yet deter-
mined, but it is known that taste cells respond with partial selectivity to a series of chemical compounds; in de-
tecting a flavor a series of electrical impulses are generated with different intensities and are transmitted to the
brain, where they are compared to identify flavors [2] [3].

Smell and taste systems have produced inspiration so that from its functioning principles instruments may be
developed to search for a way to emulate its capacity to classify and differentiate complex substances [4]-[6].
These biologically inspired systems are known as electronic noses and tongues. Thus, a certain analogy can be
established between the human taste system and the electronic one in order to detect flavors (electronic tongues),
so that some approximations can be found in its structure and functioning principles (Figure 1).

Electronic systems to measure flavors or electronic tongues are some of the most promising tendencies to de-
velop a fast, cheap and objective method to evaluate food taste. Since the development of the first prototype in
1990 by K. Toko, [7] a certain number of research groups have focused their efforts on the improvement and-
perfection of those systems by utilizing diverse strategies and measuring techniques. There are several types of
sensors that can be utilized in electronic tongues. The most important ones are based on electrochemical tech-
niques such as potentiometry and voltammetry. In the bibliography there are diverse papers where these types of
instruments have found numerous applications [4]-[6] [8]-[11]. However, it is also possible to use sensors based
on other types of transduction, such as, optical or gravimetric sensors [12]-[14].

The information given by electronic tongue instruments is analyzed through multi-variant statistical tech-
niques [15] [16]. The selection of the statistical analysis method depends on the type of study being carried out
and the type of given data. The most utilized techniques to treat data from electronic tongues are different me-
thods of recognizing patterns, such as the Principal Component Analysis (PCA), Cluster Analysis, Discriminant
Analysis (DA) and so on. Undoubtedly, PCA is the most utilized chemometric method in studies made with
electronic tongues because of its accessibility, simplicity in interpretation and low informatics cost. The Princip-
al Component Analysis is a lineal method used to reduce variables or dimensions. It has been widely used in
unnumbered applications. Nonetheless, being a lineal method, it is not always the most appropriate one because
it generates redundancy when expressing data and it is possible to ignore important information when consider-
ing the array response as a lineal system. To solve this problem, some non-lineal PCA methods are proposed.
However, many of the non-lineal methods have a constraint. The number of components to utilize should be
pre-determined and an explicit order of the components is not given. Bearing in mind that the PCA should not
be utilized in non-lineal complex systems, this project proposes the use of a non-lineal adaptive system based on
neural networks.

On the other hand, a new voltammetric sensor array based on polypyrrole is utilized in this work, whose sig-
nals are rich in information because its sensors’ interactions with the analyzed samples can modify the redox
potential of the electrode material (polypyrrole). The polypyrrole catalytic electroactivity can ease the oxidation
or reduction of compounds present in the sample, and the sensors’ response is related to the capacity to generate
counterions diffusion between the matrix and the analyzed sample to keep its electroneutrality. Consequently,
the given information reflects the specificities of each sample and its interaction with the electrode material,
providing signals that are converted in a fingerprint of each sample that allos discrimination and classification of
the samples under study. Experiments were made in this research utilizing coffee samples to test the capacity to
differentiate the sensor array, and neural networks are utilized as principal components for the data treatment,
thus, two biologically inspired technologies are implemented to classify coffee samples.

2. Experimental
2.1. Reagents and Samples

All reagents used had a sigma-aldrich analytical quality (pyrrole, phosphotungstic acid, potassium hexacyano-
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Figure 1. Functional analogy between the human taste system and the elec-
tronic system of flavors detection.

ferrate (1), sodium salt of anthraquinone-1,5-disulfonic acid, potassium ferrocyanide (111), Sodium salt of dode-
cylbenzensulfonic acid and sodium salt of p-toluensulfonate) and solutions were prepared with ultra purified
water with a Milli-Q quality. Coffee samples were taken from five commercial brands (La Bastilla, Cérdoba,
Almendra Tropical, Sello Rojo and Universal) and they were prepared according to regulation NTC 3566 (sam-
ple preparation to use in sensory analysis), 7 grams of sample were weighed and prepared in 100 ml of water.
For that purpose, the water was heated in the heater up to the boiling point, 100 ml were measured and they were
poured in a beaker. The infusion was decanted for 5 min, then remains were eliminated from the solution surface
and the solution was cooled to room temperature.

2.2. Electronic Tongue (Measuring Instrument)

Measures on coffee samples were made with an electronic device developed in the laboratory composed by a
sensor array coupled to a multichannel measuring module elaborated at LabVIEW with cards or modules for
data input and output. For the acquisition of data, modules N19263, analogous output voltage module of 16 bit
and four channels, and the N19203, input module of analogous current of 16 bit of 8 channels were used. These
modules were mounted in a framework NI Compact DAQ USB especially designed for this type of cards.

The sensor array was elaborated from pyrrole electropolymerization with different doping agents. All sensors
were generated by chronoamperometry in a pyrrole aqueous solution (0.2 mol L™) and different doping agents
were utilized in each of the sensors (each at 0.1 mol L™): Phosphotungstic acid, potassium hexacyanidoferrate
(1), sodium salt of anthraquinone-1,5-disulfonic acid, potassium ferrocyanide (1), Sodium salt of dodecilben-
censulfonic acid and sodium salt of p-toluensulfonate. For the electropolymerization, a conventional three-elec-
trode cell was used; reference electrode Ag/AgCI (saturated); a platinum sheet as auxiliary electrode and as sub-
strate (work electrode) for the polymerization, disk electrodes were used elaborated in laboratory. Polymeriza-

tion conditions are summarized on Table 1.
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Table 1. Polymerization conditions of polypyrrole sensor array.

Sensors Acronym Concentration Py/Dopant (mol L™)  Epoymeri.v)  toolymeri. (5)
Pyrrole/Phosphotungstic acid PPy/SO,4 0.2/0.05 08V 50
Pyrrole/potassium hexacyanidoferrate PPy/HCF 0.2/0.1 0.8V 25
Pyrrole/sodium salt of anthraquinone-1,5 disulfonic acid PPy/AQDS 0.2/0.1 08V 50
Pyrrole/potassium ferrocyanide PPy/FCN 0.2/0.1 08V 20
Pyrrole/Sodium salt of dodecilbencensulfonic acid PPy/DBS 0.2/0.1 08V 50
Pyrrole/sodium salt of p-toluensulfonate PPy/PTS 0.2/0.1 08V 50

2.3. Measures and Data Treatment

Coffee samples were randomly measured with the previously described instrument. After preparing samples,
measures were made at room temperature, in a potential range from —1.0 V to 0.5 V with a sweep rate of 0.1 V
S-1. It was necessary for each measure to primarily make 10 voltamperograms to stabilize signals, and then
measures were collected to feed the system of data treatment. Seven measures were made to each sample to test
the method repetitiveness. In data treatment, an algorithm for neural networks was utilized for principal compo-
nents available in the Statistica V7 software. Data were analyzed with no previous treatment of signals. For data
interpretation, results of first components (scores) were graphed.

3. Results and Discussion

As established in previous works with this type of research, before starting the research on differentiation of com-
plex substances such as coffee, which is the case in this study, a preliminary test should be done to determine if
the electronic tongue instrument is able to differentiate simple substances with diverse chemical and taste proper-
ties. [9] [17] [18]. In order to evaluate the discrimination capability of the sensor array, the instrument was used
with a series of five simple substances whose properties are related to coffee including the specificity of basic
flavors. Thus, to initially evaluate the differentiation capacity of liquids from the voltammetric and electronic
tongue, measures were made on five solutions representing basic flavors related to coffee; NaCl (0.1 mol L ™),
sucrose (0.1 mol L™), citric acid (0.1 mol L), caffeine (0.1 mol L ™) y vainillin (0.1 mol L™). On the experi-
ments, seven replicas of each measure were made to evaluate the capacity of reproduction of signals given by the
sensor array. On the different registered signals, it was observed that each sensor presents a particular response
(“fingerprint’) to a type of substance with a determined taste property, producing a sign with informationon the
analyzed substance. It is important to point out that with the sensor array it is possible to get voltammetric signals
with well-defined peaks (with information on the analyzed method) from non-electroactive substances, differing
from that obtained with the use of traditional voltammetric and metallic sensors utilized by other authors [19] [20].

The response of sensor PPy/DBS to the solutions shows a good example of the crossed selectivity from the
sensors. The electrochemical behavior from the polypyrrole redox pair to the solutions is shown on Figure 2. The
cyclic voltammetry of the PPy/DBS electrodes in contact with NaCl (salty), citric acid (sour) and caffeine (bitter)
showed two redox couples (Figures 2(a)-(c)). The figure shows that the cathodic sweeps were dominated by one
sharp reduction peak (at —0.63 V, —0.58 V and —0.48 V for NaCl, citric acid and caffeine, respectively) and one
smaller, broader peak at ca. 0.09 V, —0.08 V and 0.20 V for NaCl, citric acid and caffeine, respectively. Two re-
dox processes were also observed in the anodic branch (at —0.55 V and 0.08 V for NaCl, —0.63 V and —0.05 for
citric acid and —0.71 V and —0.07 V for caffeine). The CV from PPy/DBS in vanillin and sucrose (tow sweet
compounds) showed two redox processes. The anodic peaks appear at —0.75 and —0.25V for vanillin and —0.69
and —0.15 for sucrose. In the corresponding reverse scan, the cathodic wave of the first redox couple was not
clearly observed, whereas that of the second redox process appeared at —0.57 V and —0.45 V for vanillin and su-
crose respectively. According to the literature, these peaks can be assigned respectively to the formation of the
polaron and bipolaron [21].

During the first redox process occurring at lower potentials (peak I), the doping anions remain immobilized in-
side the film, whereas cations are exchanged with the surrounding solution to maintain the electroneutrality. In the
second process (peak Il1), occurring at higher voltages, the PPy film gets highly oxidized and anions from the
electrolyte are inserted into the film to maintain the charge balance [22] [23].

The possible mechanisms that generate the responses of the sensors can be associated with the electrochemi-
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Figure 2. PPy/DBS sensor response against: (a) NaCl, (b) citric acid, (c)
caffeine, (d) vanillin y (e) sucrose.

cally controlled ion-exchange process. The exact nature of the ion-exchange process is not clearly deciphered, but
it has been established that during the first redox process occurring at lower potentials (peak 1), the doping anions
remain immobilized inside the film, whereas cations are exchanged with the surrounding solution to maintain the
electroneutrality. In the second process (peak 1), occurring at higher voltages, the PPy film gets highly oxidized
and anions from the electrolyte solution are inserted into the film to maintain the charge balance [24]. The chem-
ical basis of the electrochemical responses can be explained as follows:

On the first reduction/oxidation process for reasons of electroneutrality, the PPy film behaves as a cation ex-
changer: The reduction/oxidation process leading to the second reduction/oxidation process can be formulated as
follows:

In this case, the electroneutrality makes the film behave as an anion exchanger.

The PPy symbolizes a segment of the polypyrrole chain, the subscript indicates that the species is in the solu-
tion phase and is in the PPy matrix.

The above results indicate that the shape and position of the peaks depend on the nature of the doping anion.
Therefore, a rich variety of sensor responses was achieved by changing the doping agent entrapped inside the po-
lypyrrole films. On the other hand, the ability to incorporate and expel ionic species during the redox transforma-
tions for preserving the macroscopic electroneutrality of the electrode can be used to produce analytically useful
signals.

In order to study the lifetime of the electrodes, they were recurrently exposed (twenty exposures per day in
seven successive days) to an electrolytic solution of 0.1 mol L™ NaCl. Then, the coefficients of variation (%CV)
of the peak heights were calculated. The electrodes showed good stabilities up to the fifth day of exposition,
with %CV values below 15%. On the seventh day, the %CV increased drastically (30% in all cases).

The voltammograms on the different solutions show a double process of oxidation/reduction typical of the po-
lymer but in each case the sign is completely different and the potential varies from one solution to the next. The
other sensors also showed crossed selectivity, that is, they showed a particular behavior to each substance. Be-
sides, each sensor responds differently to a unique type of substance. Thereby, it is evident that each sensor shows
a characteristic response to each solution. These changes are mainly due to variation on forms, positions of redox
peaks and relative intensities. This way, the matrix data built from the intensity values of the signals given by the
sensor array allowed to make the work of differentiating the substances through an NNPC analysis.

In order to evaluate the discrimination capabilities of the voltammetric sensors, NNPC analysis was conducted
by combining the information obtained from the PPy electrodes system. Then, the array of electrodes was im-
mersed in the samples and seven replicates of each sample were registered. Because the voltammograms com-
prise a large amount of information with a large number of current—potential pairs and since a CV is a bi-valuated
curve, the anodic scan was selected to build the matrix used for the pattern recognition techniques.

Figure 3 shows results obtained from the NNPC analysis. This representation of the primary three principal
components shows a clear differentiation of the five studied substances (with different taste properties). The three
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principal components represented in the figure present a variance (information) of 87.5%, as expected, the first
component (C.P.1) has the maximum information (54.0%); the second principal component (C.P. 2) contains
20.3% and the third principal component (C.P.3) only 12.8%.

Having tested the differentiation capacity of the electronic tongue, the instrument was used to analyze coffee
samples. Samples were commercially acquired and represent five out of the most popular brands in Colombia.
Each sample was analyzed with the sensor array and seven replicas were made for measuring. On the sensors’
response it could be observed that each sensor showed a particular response when exposed to each coffee sample.
The response variety of the sensors, which reflects the high crossed selectivity of the array, is represented on
Figure 4. This response variety is due to interactions that take place among the different sensors and the sample
compounds.

Responses from each sensor vary from one coffee brand to the next. As for the case of simple substances with
different analyzed taste properties in the preliminary assays, these differences are detected mainly by changes in
the peak’s position and the variations in its relative intensities. This way, the data given by the electrochemical
signals from the sensor array can be utilized to differentiate and classify coffee samples with no need to analyze
its particular components.

From the registered signals, a data matrix was built which allowed classifying the coffee samples through an
NNPC analysis. Figure 5 shows the resultant graph from the NNPC analysis done from the obtained data. The
three primary and principal components summarize 87.0% of information; the first component collects a 53.9%,
the second one a 23.6% and the third 9.7%. As observed, each of the clusters resulting from the analyzed sample
are perfectly differentiated, consequently the sensor array allows to clearly classify the analyzed coffee samples.
These results demonstrate that the developed electronic tongue instrument with polymeric sensors can be utilized
to perform experiments on classifying coffee samples.

4. Conclusion

An electronic tongue elaborated from a polymeric sensors array was used to classifying coffee samples. The
electrochemical responses to the analyzed samples were collected through an electronic instrument of multi-
channel measures (multi-potentiostat) which was able to differentiate a group of substances with different taste
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properties. The classification of the substances was made through an NNPC analysis and the resultant graphic
shows an excellent separation of clusters representing each studied sample. In addition, when this device was
used with coffee samples, it showed signals that were converted to a samples’ fingerprint since each sensor pro-
vides a particular curve that can be used to differentiate the samples using NNPC. This opens the possibility of

using these devices as the sensing units of an electronic tongue in the analysis of other beverages and sample
types (water, drugs, beer, etc.).
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