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Abstract: EElectronic tongues are devices used in the analysis of aqueous matrices for classification1

or quantification tasks. These systems are composed of several sensors of different materials, a data2

acquisition unit, and a pattern recognition system. Sensors can be of the electrochemical type for3

the sensor array systems which are used for the inspection by different methods including cyclic4

voltammetry. By using this method, each sensor yields a voltammogram that relates the response5

in current to the change in voltage applied to the working electrode. A great amount of data is6

obtained in the experimental procedure which allows handling the analysis as a pattern recognition7

application, however, the development of efficient machine learning based methodologies still8

an open research interest topic. As a contribution, this work presents a novel data processing9

methodology is developed for sensor arrays of a cyclic voltammetry electronic tongue. This10

methodology is composed of several stages such as data normalization through group scaling11

method and a nonlinear feature extraction step with locally linear embedding (LLE) technique.12

A reduced-size feature vector is obtained that serves as input to a K-Nearest Neighbors (KNN)13

supervised classifier algorithm. A Leave-one-out cross-validation procedure is performed to obtain14

the final classification accuracy. The methodology is validated with a data set of five different15

juices as liquid substances. Results of this validation show that 80% of classification accuracy was16

obtained by applying this methodology to this dataset.17

Keywords: electronic tongue; locally linear embedding; cyclic voltammetry; K-Nearest Neighbors;18

classification; machine learning19

1. Introduction20

Discriminate different types of liquid substance is a daily task in the food industry.21

This procedure can be used to preserve the flavor of a product, identify adulterations,22

confirm the presence of a specific liquid, among others [1]. Generally, the analysis23

of liquid food products is carried out using a panel of previously trained experts[2]24

who allow tasting and identifying a specific flavor. This through the training of the25

human sense of taste. However, over time this ability may be deteriorated and, human26

reliability may be a risk factor for the process. Another method used in the analysis of27

liquids is high-performance liquid chromatography (HPLC)[3], but this type of analysis28

is expensive and must be performed in laboratories with specialized equipment. As29

an alternative to the two mentioned methods, the electronic tongues have emerged30

because its advantages such as the portability, reliability and low price [4]. Inspired by31

the human sense of taste and the behavior of taste buds, electronic tongues use an array32

of non-selective sensors to capture signals from a specific liquid. To do this, these arrays33
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use sensors of different materials and subsequently a sensor data fusion analysis and34

pattern recognition algorithms to perform classification tasks of different liquids.35

In this work, the cyclic voltammetry technique was used to perform analysis exper-36

iments on 5 different liquids, two voltametric sensors of the screen-printed electrodes37

type of two different materials were used in their working electrodes, in this case plat-38

inum and graphite. The amount of data captured when performing cyclic voltammetry39

experiments is high, therefore, these data have high dimensionality. This work uses the40

Locally Linear Embedding (LLE) [5] method to perform a dimensionality reduction of41

the original data. This dimensionality reduction serves as feature extraction method42

that is used as input of a k-Nearest Neighbor (k-NN) [6] classifier used as supervised43

machine learning method. In order to classify the 5 different juices a Leave One Out cross44

validation procedure is executed due to the small quantity of samples in the dataset,45

along to prevent over-fitting [7]. The results show a correct classification procedure of46

the juices evidenced with a high classification accuracy. The remainder of this papers47

is as follows: section 2 describes the experimental setup. Next, the section 3 shows the48

cyclic voltammetry test performed. Following, section 4 presents the data processing49

results including data unfolding, data scaling, dimensionality reduction, classification,50

and cross validation. Finally, the section 5 exhibits the main conclusions of the work.51

2. Experimental setup for the acquisition of the juice dataset52

The methodology developed in this work is used to classify 5 different classes of53

juices. This dataset of juices was obtained by conducting experiments on 5 different54

juices from a company located in the city of Tunja in the department of Boyacá-Colombia.55

Cyclic voltammetry tests were performed on each one of the 5 juices. For each juice, 556

experiment were performed as it is evidenced in Table 1.

Table 1: Description of the type of juice in the dataset registered with the EVAL-
AD5940ELCZ potentiostat.

ID Juice number of samples

1 BICHES FRUITS 5
2 GREEN APPLE 5
3 RED FRUITS 5
4 PASSION FRUIT 5
5 ORANGE 5

57

Experiments were performed on the different juices using the EVAL-AD5940ELCZ58

[8] electrochemical evaluation board from Analog Devices. This board is commanded by59

the evaluation board EVAL-ADICUP3029, which is an Arduino and PMOD compatible60

development board that includes Bluetooth and WiFi connectivity [9]. The EVAL-61

ADICUP3029 board uses the ADuCM3029 ultra low power Arm Cortex-M3 processor as62

the main device. The ADuCM3029 is an integrated mixed-signal microcontroller system63

for processing, control, and connectivity. The electronic boards EVAL -AD5940ELCZ,64

EVAL-ADICUP3029 and their integration are shown in Figure 1.

Figure 1. Ensemble of the EVAL-AD5940ELCZ and EVAL-ADICUP3029 boards.
65
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The integration of the EVAL -AD5940ELCZ and EVAL-ADICUP3029 boards is used66

as potentiostat equipment. This system provide only 1 channel in such a way that a67

cyclic voltammogram was obtained at a time, In the experimentation the sensor had to68

be changed to perform each cyclic voltammetry experiment. This electronic tongue used69

two reference screen printed electrode sensors, AC1.W2.R2 DW = 1 and AC1.W4.R2 DW70

= 1. The first one was used as a working electrode of platinum and the second one of71

graphite. AgCl-covered silver was used for the reference electrodes. The experimental72

configuration used to obtain the data set of 5 juices is depicted in figure 2.

 

Figure 2. Integrated electronic tongue system. Computer with Sensor Pal software, USB cable to
the EVAL-AD5940ELCZ and EVAL-ADICUP3029 attached boards, colored crocodile cable, sensor
connection cable and SPE Sensor.

73

3. Cyclic voltammetry tests to obtain the juice data set74

The Sensor Pal command software from Analog Devices was used to perform the75

cyclic voltammetry tests. The parameters used in the development of these experiments76

are shown in Table 2. The ramp-type drive signal shown in blue in Figure 3 has a total77

duration of 4 seconds. The number of the response current signal points is equal to 50078

since there is a period of 8ms for each sample corresponding to the scan rate used, which79

is equal to 500mV/s. Results shown by the green line in the unfolding voltammogram80

present data current in the ordinate axis in the order of µA .81

Table 2: Parameters used in cyclic voltammetry tests to obtain the juice data set.

Parameters Value

Initial potential -1000 mV
Final potential 1000 mV
Potential step 4 µV

Scan rate 500 mV / s
Current range ± 450 µA

Calibration resistance 12000 Ω
Load resistance 100 Ω

Figure 3. Cyclic voltammetry test in Sensor Pal software from Analog Devices. Blue line represents
the excitation ramp signal, while the green line shows the response signal.
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Figures 4 and 5 show the cyclic voltammograms for two different juices with both82

the platinum and graphite sensors in the electronic tongue system by using the boards83

EVAL -AD5940ELCZ and EVAL-ADICUP3029 as potentiostat. In particular, Figure84

4 depicts the cyclic voltammograms obtained for green apple juice showing that the85

voltammogram obtained by the graphite sensor reaches higher positive current values86

than the platinum sensor. In contrast, Figure 5 shows the cyclic voltammograms for87

an experiment in red fruit juice, the magnitude of the current obtained by the graphite88

sensor is clearly lower than with the platinum sensor.89
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Figure 4. Cyclic voltammograms obtained
by platinum and graphite sensors in exper-
iment # 2 on juice # 2 (green apple).
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Figure 5. Cyclic voltammograms obtained
by platinum and graphite sensors in exper-
iment # 5 on juice # 3 (red fruits).

4. Data processing Results90

4.1. Data Unfolding91

The unfolding of the cyclic voltammogram data obtained by each sensor is carried
out according to the group scaling method [10]. For each experiment carried out, the
unfolding of the two sensors is performed, obtaining a signal of 1000 data points. Figure
6 shows an unfolded signal by juice number 3 (red fruits). In this case, the ordinates
correspond to current measurements in mA and the abscissa to data points. Since 25
juice samples were considered in total, the matrix size X is equal to 25 ×1000.
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Figure 6. Example of unfolded signal of
the cyclic voltammograms obtained by the
platinum and graphite sensors.
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Figure 7. Three-dimensional scatter plot
for the first three dimensions obtained us-
ing the LLE method on the juice data set.

4.2. Dimensionality reduction using LLE92

The next step in the juice recognition methodology using a cyclic voltammetry93

electronic tongue is to reduce the dimensionality of the data. In this case, the Locally94

Linear Embedding (LLE) algorithm was used, which allows to carry out the feature95

extraction process. The results of the first 3 dimensions after applying the LLE algorithm96
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to the juice dataset are evidenced in the scatter diagram of Figure 7. There is an overlap97

of classes 1, 2 and 3, which is why the use of a machine learning classifier algorithm98

is necessary. In this case, the classifying algorithm was k-Nearest Neighbors described99

below in the next section.100

4.3. Classification and cross validation101

The LLE algorithm needs the definition of the destination dimension, to find this
parameter, a study of the change of the destination dimension d vs the classification
precision obtained by the algorithm k-NN with k = 1 was carried out and Euclidean
distance was considered. The cross-validation process executed was leaving one out
(LOOCV) due to the small number of samples in the juice data set. As it can be seen in
figure 8 the precision behavior tends to increase as d is increased up to a maximum of
d = 9 for a classification precision of 80%. After the dimension d = 9 accuracy tends to
decrease, in this sense the optimum size selection was defined as d = 9. Therefore, the
size of the characteristics matrix at the input of the k -NN classifier algorithm is equal to
25 ×9.

Figure 9 shows the results of the confusion matrix for the mentioned precision of102

80%. In this case, class 2 was correctly classified, there was 1 error for classes 1,3 and 4;103

finally, the class that was classified worst was class 5 with two errors. Overall of the 25104

total samples, 20 were classified well and 5 badly.105
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Figure 8. Behavior of the classification ac-
curacy when varying the number of dimen-
sions obtained with the LLE method at the
input of the classifier algorithm k-NN.
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Figure 9. Confusion matrix for the juice
data set obtained using 9 target dimensions
of the LLE algorithm. The classification
precision is equal to 80%.

5. Conclusions106

This work presented a computational framework for processing the signals obtained107

by a cyclic voltammetry electronic tongue sensor array. The high classification accuracy108

obtained by the methodology in a dataset of 5 different juices showed the advantages109

of apply this methodology as classification method. It processes the raw complete110

voltammograms obtained by each working electrode and unfolded them to create a two111

dimensional matrix. This matrix was normalized applying the group scaling method.112

Then, the locally linear embedding method is used as a nonlinear feature extraction113

approach to obtain the feature matrix at the input of a k-N classsifier. As future work,114

the developed methodology will be applied for classify other kind of substances and115

other approaches related to semi-supervised classification. will be tested.116
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