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ABSTRACT: Electrochemical impedance spectroscopy (EIS) technique has been applied to
determine the ethanol concentration in pineapple waste samples. To do this, six different
concentrations of ethanol were added to the pineapple samples and were analyzed using the
system designed by our research group and consisting of the called Advanced Voltammetry,
Impedance Spectroscopy & Potentiometry Analyzer (AVISPA) device associated to a
stainless steel double needle electrode. Results indicated that phase data in frequencies
between 6.0 × 105 Hz and 8.0 × 105 Hz showed the highest sensitivity to ethanol
concentrations. A principal component analysis (PCA) confirmed the potential
discrimination and partial least squares (PLS) regression showed mathematical models able
to quantify ethanol in samples accurately. In order to implement flexible and precise models
in programmable equipment, different types of artificial neural networks (ANNs) have been
studied: Fuzzy ARTMAP and multi-layer feed-forward (MLFF) algorithms. As a result, a
coefficient of determination (R2) = 0.996 and a root mean square error of prediction (RMSEP)
= 0.408 have been obtained. Therefore, it allows us to introduce this technique as an
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alternative method for ethanol quantification along the fermentation of pineapple waste in an
easy, low-cost, rapid and portable way.
Keywords: Electrochemical impedance spectroscopy; ethanol; pineapple waste; artificial
neural networks.
1. Introduction
Global energy demand is significantly increasing due to global population growth and
the industrialization of the emerging countries [1]. The depletion of fossil energy resources
and the emission of pollutants into the atmosphere [2] have led to the rise of new energy
policies promoting renewable energies, such as bioethanol [3].
In this scenario, second-generation bioethanol, which is produced from the fermentation
of lignocellulosic biomass such as agricultural, forestry or industrial wastes, deserves special
attention. Unlike first generation bioethanol (obtained from sugar or starch-rich crops)
second-generation of this biofuel helps to diversify energy supplies without competing in the
global food market [4, 5]. Furthermore, the use of waste as a source for bioethanol production
would also add up value to the whole manufacturing process. This biofuel can be used singly,
as an additive replacing methyl tert-butyl ether (MTBE), or can be used in mixtures with
conventional gasoline in a variable percentage from 10% to 85% [6, 7, 8]. As a result,
bioethanol is the most widely used biofuel in the transport sector [9]. Nowadays, pineapple
industrial waste is considered as a potential bioethanol source because of its high content of
fermentable sugars and highly hydrolysable cellulose and hemicellulose [10, 11, 12]. This
waste represents up to 50% (w/w) of the total processed fruit whose world production has
reached 24 millions of tons in 2014 [13].
Hydrolysis, fermentation, distillation and dehydration are the necessary steps for
bioethanol production from lignocellulosic biomass [14]. In the specific case of the
fermentation step, performance depends on the operating conditions (pH, oxygen content and
temperature), the raw material properties (initial fermentable sugars content) and the used
microorganisms (yeast strain and the viability of cell populations) [15]. Therefore, a proper
monitoring of the process is of capital importance. To date, chromatographic and enzymatic
methods are highlighted among the current techniques to determine ethanol content.
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Chromatographic methods such as gas-chromatography (G-C) and high-performance liquid
chromatography (HPLC) are accurate and considered as a reference but they are timeconsuming and complex pretreatments are needed (distillation, pervaporation) [16]. On the
other hand, enzymatic methods are easier although spectrophotometric techniques are
generally required to follow the enzyme-catalyzed reactions. As a consequence, they are
undesirable for complex media due to the presence of interfering substances [17]. In contrast,
electrochemical methodologies are emerging as an alternative to the traditional ones in order
to identify chemical compounds in an easy, fast, non-destructive and on-line way.
Specifically, electrochemical impedance spectroscopy (EIS) is one of the most remarkable
ones. It consists in analyzing properties of the samples by means of electric alternating signals
(current or voltage) at different frequencies and measuring the corresponding electric
response (voltage or current) within an electrochemical cell [18, 19].
In previous studies, identifying and quantifying fermentable sugars in pineapple waste as
well as monitoring its enzymatic saccharification has been possible by using a device called
Advanced Voltammetry, Impedance Spectroscopy & Potentiometry Analyzer (AVISPA) that
combines EIS with a double needle stainless steel sensor [20, 21]. Furthermore, it has been
necessary to use artificial neural networks (ANNs) for a proper statistical treatment of the
EIS data. ANNs are mapping structures simulating the neural system of the human brain.
These structures are able to solve problems involving complex and non-linear data even in
case of imprecise and noisy data sets. Among the different ANNs, Fuzzy ARTMAP and
multi-layer feed-forward (MLFF) algorithms are able to be implemented in portable
equipment [22]. These algorithms are characterized by a high accuracy, fast calculation, ease
to use and low memory requirements that facilitate their application in programmable
components such as microcontrollers, Digital Signal Processors (DSP) or Field
Programmable Gate Arrays (FPGA).
Consequently, the aim of the present study was to validate the designed EIS-based system
to quantify added ethanol in real pineapple waste samples and create reliable ANNs-based
models able to be implemented into programmable devices.
2. Material and methods
2.1.Electrochemical impedance spectroscopy equipment
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The EIS measuring system has been designed by the Group of Electronic Development
and Printed Sensors (GED+PS) belonging to the Instituto Interuniversitario de Investigación
de Reconocimiento Molecular y Desarrollo Tecnológico (IDM) at the Universitat Politècnica
de València (UPV). It consists of three parts: the AVISPA device, the sensor and the specific
software. The AVISPA device is able to run tests for potentiometry, pulse and cyclic
voltammetry and impedance spectroscopy. It includes a Field Programmable Gate Array
(FPGA), a 12-bit Digital-to-Analog Converter (DAC), two 12-bit Analog-to-Digital
Converters (ADC) and different analog blocks [20]. The software application was developed
using Visual Basic® 6.0 (Microsoft, Redmond, WA, USA) to be run in a PC. It includes a
section for EIS that allows the selection of the frequency sweep (from 0.01 Hz to 10 MHz),
the current scale (up to 32 current scales) and the amplitude of the variable sinusoidal voltage
signals (amplitude up to 1 Vpp). Finally, a double needle electrode (working and counter
electrodes) made of stainless steel was designed. The needles dimensions were 1.5 cm long
and 1 mm in diameter and they were separated by 1 cm in order to create a stable electric
field.
2.2.Laboratory analyses
Pineapple fruits (Ananas comosus L. cv. “MD-2”) were selected avoiding external
defects. Once the fruits were washed in a NaClO (0.1%) solution and the pulp and the crown
were removed, peel and core (waste) were mashed in a blender (Avance Collection Blender
HR2097/00 800W, Philips, Amsterdam, The Netherlands). Finally, the pH was adjusted to 5
by adding NaOH 1N (Panreac Química, S.L.U., Barcelona, Spain). The use of the same raw
material along the laboratory analyses prevented any effect of potential interfering
compounds in the laboratory analyses.
Preliminary assays in this research line established the expected ethanol concentrations
after alcoholic fermentation of pineapple waste [23]. Attending to these results, EIS measures
were conducted to ethanol (purity = 96%, Panreac-Química, S.L.U.) dissolved in pineapple
waste at six different concentrations: 0% v/v (0 g/l), 2.5% v/v (19.725 g/l), 5% v/v (39.45
g/l), 7.5% v/v (59.175 g/l), 10% v/v (78.9 g/l) and 20% v/v (157.8 g/l). Analyses were
conducted in triplicate at 25 ºC in a thermostatic bath (PolyScience®, Niles, IL, USA).
Consequently, a total of 54 EIS measurements (6 x 3 x 3) were performed.
4

Once the sensor was completely introduced into each sample, the AVISPA device applied
sinusoidal signals at 100 different frequencies (between 1 and 106 Hz). Then, the electronic
device sent the data to the PC and the software program calculated the modulus and phase
values for each frequency. Finally, the corresponding plots were generated.
2.3.Multivariate analyses of data
Specific multivariate analyses, such as principal component analysis (PCA) and partial
least squares analysis (PLS), have been successfully applied to process complex data sets
obtained using EIS techniques [24]. The SOLO© software program (Eigenvector Research,
Inc., Manson, WA. USA) was used for these analyses. Specifically, PCA was conducted to
reduce dimensionality of data variables and to detect structures in the relationships between
variables [25]and PLS analysis was performed in order to find a robust linear relationship
between two matrices, X (the obtained EIS measurements) and Y (the added ethanol
concentrations) and check its statistical validity [26, 27]. Finally, the coefficient of
determination (R2) and the root mean square error of prediction (RMSEP) are used to test the
predictive significance of the obtained PLS-models as they are reference parameters for this
purpose [26].
2.4.Training the Fuzzy ARTMAP neural network
Fuzzy ARTMAP networks use the so-called adaptive resonance theory (ART) and it is
based on the use of prior actions to predict subsequent steps [28, 29]. The method of operation
is based on finding similarity between the input data and those previously classified. If
similarity is found, the network associates the input data to the corresponding previously
established category and if not, a new output category is created for this data. The element
determining similarity between input data and those previously existing is a vigilance
parameter called ρ. On the other hand, another parameter called learning parameter (β)
determines the learning rate of the network when new data are introduced as well as the
robustness of the model. Fuzzy ARTMAP can be used to create supervised classification
systems by using 66% of the data for the training phase and the remaining 33% of the data
for the test phase. A diferencia de la red MLFF, en este tipo de red no se utiliza la fase
verificación, con la fase de entrenamiento la red queda plenamente configurada y,
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posteriormente, se realiza el test de la red neuronal utilizando datos que no han participado
en la fase previa de entrenamiento. The relationship between output nodes from both
networks is performed by a specific module called mapfield connection. The module is a
memory register whose data vary and increase as new data are incorporated.
Fuzzy ARTMAP networks have been used in many applications such as electronic nose
systems [30, 31] and electronic tongues [32, 33], showing good and reliable results even with
a limited number of samples [34]. Despite their wide range of successful uses, algorithms
can be complex and may present difficulties on computer applications particularly if there is
a memory restriction. In most cases, the algorithm is implemented on a PC and the memory
is usually large enough for the algorithm to work properly. The problem may arise when the
Fuzzy ARTMAP is implemented on portable devices using low-cost microcontrollers with a
limited memory. In these cases, low memory demand algorithms are needed.
In order to satisfy this requirement, Simplified Fuzzy ARTMAP (SFAM) was
developed achieving lower computational requirements and easier network architectures
[35]. This simplified network was used by Garrett [36] to develop a MATLAB (MathWorks,
Natick, MA, USA) toolbox. Using this toolbox functions, our research group has developed
a specific MATLAB® graphical user interface. This application is focused on optimizing the
algorithm by both getting the best classification rate and the minimum mapfield size [37].
Thus, we can achieve an accurate classification with low memory requirements. The
designed application scans  and β parameters in a value range and steps that can be set by
the user. For each combination of  and β, the application determines the mapfield size and
the classification rate so that the optimal values for  and β can be selected. In this way, the
memory requirements can be controlled as they are directly related to the amount of data for
the training phase. This application has been successfully used in several food classifications
[38].
2.5.Training the MLFF neural network
MLFF algorithm is one of the most popular ANN and it has been applied to a wide range
of chemistry-related problems [39]. MLFF consists of neurons that are arranged into layers.
The first one is called the input layer, the last one is called output layer, and those between
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them are the hidden layers. Moreover, each neuron in a particular layer is connected with all
neurons in the next one. MLFF algorithms always require a training stage, where the weights
of each neuron are set and reflect the degree of importance of the given connection, followed
by a validation step [40].
In the present work, the commercial ANN software program Alyuda Neurointelligence
2.2© (Alyuda Research Inc., Los Altos, CA, USA) was used to design the MLFF. First, the
experimental data was randomly divided into three sets: training (70%), that build model
weights and bias of the neurons; validation (15%), used for tuning the parameters of the
model; and test (15%) for check the network with new data that have not participated in the
training and validation tasks. This random division of data is done by the software program
itself [41, 22]. Cross validation, early stopping in the training phase and a proportional
number of nodes in the architecture of the network were used to avoid overfitting [42].
On the one hand, on-line back propagation training algorithms, hyperbolic tangent-type
function for the hidden nodes and logistic-type transfer functions for the output layer neurons
were chosen to fit the network for ethanol classification. The optimal network topologies
(architecture and number of neurons in the hidden layer) were selected by testing several
MLFF network structures and functions. Finally, the accuracy of the model was given by the
correct classification rate (CCR%) and the confusion matrix.
On the other hand, a single hidden layer and quick propagation training algorithms (a
modified version of the back propagation algorithms) showed the best results to predict
ethanol concentrations in pineapple waste [43]. Logistic-type transfer functions for both
output layer neurons and hidden nodes were selected by testing several artificial neural
network structures and functions. Finally, the accuracy of the obtained model was also given
by the RMSEP and R2.

3. Results and discussion
3.1.Multivariate analysis of the obtained EIS response
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For each analyzed sample, the AVISPA device generated 200 data corresponding to the
modulus and phase of the 100 applied frequencies (between 1 and 106 Hz, in linear steps of
approximately 10100 Hz). The modulus graph did not reveal important information whereas
the representation of the average phase values demonstrated that frequencies between 6.0 ×
105 Hz and 8.0 × 105 Hz (21 frequency data) showed the highest sensitivity to ethanol
concentration (Figure 1). In fact, the phase of EIS in pineapple waste samples for this
frequency range decreased as the added ethanol concentration increased. This decrease is
observed in all the selected frequencies. Therefore, we obtain parallel plots, with a clear
separation among them except for those corresponding to concentrations 2.5% and 5%
(nearly overlapped). As a consequence, phase values between 6.0 × 105 Hz and 8.0 × 105 Hz
were selected for further data treatment.

[Please, insert Figure 1]

PCA analysis was conducted in order to check the ability of EIS-based technique to
quantify the amount of added ethanol in pineapple waste. As shown in the biplot (Figure 2),
a clear discrimination of all the samples according to their corresponding ethanol
concentration is obtained and they are allocated in ascending order from right to left in the
graph. It is also noteworthy that the 99.65% of the total variability can be explained with only
two principal components. The first principal component (PC1) and the second principal
component (PC2) explained 99.14% and 0.51% of the total variability, respectively.
Consequently, ethanol content can be discriminated with only one principal component in
the analyzed frequency range.

[Please, insert Figure 2]
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Subsequently, PLS analysis was conducted in order to create predictive models to quantify
ethanol concentrations from the selected values of phase from EIS analysis in an easy and
reliable way. Thus, Figure 3 shows the correlation between experimental values and those
obtained by the PLS prediction model using only one latent variable. In this specific case,
the model is created by just one latent variable with R2 = 0.974 and RMSEP = 1.0588.
Therefore, the designed model is considered statistically valid to predict ethanol content in
pineapple waste from electrochemical signals.

[Please, insert Figure 3]

3.2.Modeling by Fuzzy ARTMAP neural networks
ANNs usually outperform multivariate methods in electrochemical applications [44] such
as for fermentable sugar identification and quantification [20] and saccharification
monitoring [21]. Moreover, ANNs can be implemented in programmable components to
build portable devices as stated before. Therefore, data classification was performed by using
Fuzzy ARTMAP neural networks. In order to reach a compromise between a high rate and a
minimum mapfield, the ρ and β values have been changed in the range of [0.1-1.0]. For each
combination, the mapfield size and the recognition rate were calculated (Tables 1 and 2,
respectively). Therefore, a small sized mapfield has been obtained with ρ values in the range
of [0.1-0.6] and β = 0.8 with a maximum recognition rate of 94.4%, getting a mapfield of 10.

Table 1. Mapfield for EIS phase data from 6.0 × 105 Hz to 8.0 × 105 Hz.
Mapfield
β
ρ
0.1
0.2

0.4

0.5

0.6

0.7

0.8

0.9

1.0

17
17

13
13

100
100

12
12

10
10

11
11

10
10
9

0.3
0.4
0.5
0.6
0.7
0.8
0.9

17
17
17
17
17
18
100

13
13
13
13
13
14
16

100
100
100
100
100
100
100

12
12
12
12
12
13
100

10
10
10
10
11
11
17

11
11
11
11
11
11
17

10
10
10
10
10
12
16

Table 2. Recognition rates for EIS phase data from 6.0 × 105 Hz to 8.0 × 105 Hz.
Recognition rate
β
ρ
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

0.4

0.5

0.6

0.7

0.8

0.9

1.0

83.33
83.33
83.33
83.33
83.33
83.33
83.33
83.33
72.22

77.77
77.77
77.77
77.77
77.77
77.77
77.77
77.77
61.11

88.88
88.88
88.88
88.88
88.88
88.88
88.88
88.88
72.22

88.88
88.88
88.88
88.88
88.88
88.88
88.88
88.88
77.77

94.44
94.44
94.44
94.44
94.44
94.44
94.44
94.44
77.77

88.88
88.88
88.88
88.88
88.88
88.88
88.88
88.88
77.77

88.88
88.88
88.88
88.88
88.88
88.88
88.88
88.88
72.22

As a result, β = 0.8 and ρ = 0.6 values were chosen and the obtained confusion matrix is
shown in Table 3. The diagonal cells (in green) indicate the number of residue positions that
were correctly classified for each of the 6 ethanol concentrations. The off-diagonal cells (in
orange) represent the number of residue positions that were misclassified. The grey cells
show the total percentage of correctly predicted residues (top number in green color) and the
total percentage of incorrectly predicted residues (bottom number in red color). As seen in
Table 3, the designed Fuzzy ARTMAP neural network successfully matched 17 (94.4%) in
18 test measurements and failed in only one of them (5.6%). The prediction failure
corresponds to a 2-type measurement (ethanol concentration of 2.5%) that has been classified
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as a 3-type (ethanol concentration of 5%). These results are consistent with those obtained in
the PCA analysis (Figure 2), where samples with 2.5% and 5% of ethanol content were
clearly and only separated according to PC2 parameter. Finally, it is important to note that
PC1 explained 99.14% of the total variability whereas PC2, 0.51%.

Table 3. Confusion matrix obtained with the Fuzzy Artmap ANN for EIS phase data from
6.0 × 105 Hz to 8.0 × 105 Hz. Target Class: 1: (0% v/v), 2: (2.5% v/v), 3: (5% v/v), 4: (7.5%
v/v), 5: (10% v/v), 6: (20% v/v)
Target Class

1

Output Class

2
3
4
5
6

1

2

3

4

5

6

3
16.7%
0
0.0%
0
0.0%
0
0.0%
0
0.0%
0
0.0%
100%
0.0%

0
0.0%
2
11.1%
1
5.6%
0
0.0%
0
0.0%
0
0.0%
66.7%
33.3%

0
0.0%
0
0.0%
3
16.7%
0
0.0%
0
0.0%
0
0.0%
100%
0.0%

0
0.0%
0
0.0%
0
0.0%
3
16.7%
0
0.0%
0
0.0%
100%
0.0%

0
0.0%
0
0.0%
0
0.0%
0
0.0%
3
16.7%
0
0.0%
100%
0.0%

0
0.0%
0
0.0%
0
0.0%
0
0.0%
0
0.0%
3
16.7%
100%
0.0%

100%
0.0%
100%
0.0%
75.0%
25.0%
100%
0.0%
100%
0.0%
100%
0.0%
94.4%
5.6%

3.3.Modeling by MLFF neural networks
Different MLFF network architectures were tested in order to determine the number of
neurons in the hidden-layer and optimize the fitting between the ethanol content and the EIS
data set. As a consequence, a 21-6-6 architecture was designed that means 21 input nodes
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(corresponding to the 21 analyzed frequencies) connected to a 6-node hidden layer and a final
6-output layer (representing the 6 different concentrations of ethanol in to which the data has
to be classified). The confusion matrices generated by the MLFF model for the corresponding
training, validation and test phases are shown in Table 4. In the confusion matrices, diagonal
cells (in green) show the number of data that were correctly classified for each ethanol
concentration. The off-diagonal cells (in orange) indicate the number of data that were
misclassified. Therefore, these results demonstrate that the designed MLFF is an accurate
and reliable model for determining ethanol concentrations depending on EIS measurements
(CCR% = 96.15%). Similarly, errors in the range of 2.5% and 5% were observed with that
method as a consequence of the overlapped data set for the above mentioned concentrations.

Table 4. Confusion matrices for the added ethanol concentrations (%) for EIS phase data
from 6.0 × 105 Hz to 8.0 × 105 Hz (CCR%: correct classification rate).
Mean CCR% = 96.15%
Training
Target
(%)
Output
(%)

0

0

7

2.5
5

20

5

7.5

10

20

0

2.5

5

7.5

Test

10

20

1
6

1

7.5

10

20

1

2.5

5

7

2

7.5

10

20

9
8
1

1

0

9

0
2

5

5

1
2

6

2.5

1

1
6

0

Overall

1
0

7

7.5
10

2.5

Validation

9
2

8

Finally, a 21-10-1 architecture was designed to quantify ethanol in pineapple waste
samples that means 21 input nodes connected to a 10-node hidden layer and a final output
layer. The obtained statistics for the corresponding training, validation and test phase and the
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scatter plot showing the correlation between predicted and added ethanol concentrations are
shown in table 5 and figure 4 respectively. Consequently, accurate and reliable ANN-based
models were designed to quantify ethanol in pineapple waste. Particularly, the best fit was
obtained by MLFF as it can be seen by comparing R2 and RMSEP parameters for both PLS
and ANN models.

Table 5. Artificial neural network (ANN) results for the studied ethanol concentrations for
EIS phase data from 6.0 × 105 Hz to 8.0 × 105 Hz (R2: coefficient of determination; RMSE:
Root Mean Square Error).

Training
Validation
Test

R2
0.996
0.997
0.996

RMSEP
0.399
0.308
0.408

[Please, insert Figure 4]

4. Conclusions
The use of the AVISPA device associated to a stainless steel double needle electrode has
allowed the application of a specific EIS frequency sweep [0.01 Hz - 10 MHz] for ethanol
quantification in real pineapple waste samples. The tests performed with this technique and
PCA analyses have shown that is possible to discriminate different concentrations of ethanol
using the phase data in frequencies from 6.0 × 105 Hz to 8.0 × 105 Hz. Further PLS analyses
have accurately correlated EIS data to ethanol concentrations in the samples (R2=0.974 and
RMSEP = 1.0588). Therefore, it is shown that ethanol concentration in pineapple waste
samples can be quantified by EIS.
Moreover, different ANNs (Fuzzy ARTMAP and MLFF) have been studied in order to
generate mathematical models able to be implemented into programmable systems. Results
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show that the appropriate combination of EIS assays and ANN (MLFF) analyses of the data
is able to quantify ethanol content in pineapple waste samples in an accurate and reliable way
(R2 = 0.996 and RMSEP = 0.408).
Finally, the obtained results are very promissory in the field of monitoring bioethanol
production from lignocellulosic wastes due to a twofold reason: a) the obtained results allow
us to suggest the implementation of ANN-based mathematical models on portable, easy and
low cost EIS-based measurement systems to quantify ethanol production along the
fermentation processes and b) this technique can be successfully applied not just in
monitoring the pineapple waste fermentation process but in managing bioethanol production
from many other similar lignocellulosic wastes.

Acknowledgments
Financial support from the European FEDER and the Spanish government (MAT201234829-C04-04), the Generalitat Valenciana (PROMETEOII/2014/047) and the FPI-UPV
Program funds are gratefully acknowledged.

Conflict of Interests
The authors declare no conflict of interests regarding the publication of this paper.

References
[1] International Energy Agency, World Energy Outlook Special Report 2015: Energy and
Climate Change, OECD/IEA, Paris, 2015.
http://www.worldenergyoutlook.org/energyclimate/
[2] P.S. Nigam, A. Singh, Production of liquid biofuels from renewable resources, Prog.
Energy Combust. Sci., 37 (2011) 52–68. doi: 10.1016/j.pecs.2010.01.003
[3] Directive 2009/28/EC of European Parliament and of the Council of 23 April 2009 on the
promotion of the use of energy from renewable sources, Official Journal of the European
Union L 140/64, 5.6, 2009
14

[4] D. Rutz, R. Janssen, Biofuel Technology Handbook, WIP Renewable Energies, München,
2008.
[5] D. Bacovsky, How close are second-generation biofuels?, Biofuels, Bioprod. Biorefin. 4,
(2010) 249–252. doi: 10.1002/bbb.222
[6] D. Yue, F, You, S.W. Snyder, Biomass-to-bioenergy and biofuel supply chain
optimization: Overview, key issues and challenges, Comput. Chem. Eng. 66 (2014) 36–56.
doi:10.1016/j.compchemeng.2013.11.016
[7] S. Manzetti, O. Andersen, A review of emission products from bioethanol and its blends
with gasoline. Background for new guidelines for emission control, Fuel, 140 (2015) 293–
301. doi: 10.1016/j.fuel.2014.09.101
[8] M. Morales, J. Quintero, R. Conejeros, G. Aroca, Life cycle assessment of lignocellulosic
bioethanol: Environmental impacts and energy balance, Renew. Sustain. Energy Rev. 42,
(2015) 1349–1361. doi:10.1016/j.rser.2014.10.097
[9] M. Balat, Production of bioethanol from lignocellulosic materials via the biochemical
pathway:
A
review,
Energy
Convers.
Manag.
52
(2011)
858–875.
doi:10.1016/j.enconman.2010.08.013
[10] J.N. Nigam, Continuous ethanol production from pineapple cannery waste, J. of
Biotechnol. 72 (1999) 197–202. doi:10.1016/S0168-1656(99)00106-6
[11] K. Tanaka, Z.D. Hilary, A. Ishizaki, Investigation of the utility of pineapple juice and
pineapple waste material as low-cost substrate for ethanol fermentation by Zymomonas
mobilis, J. Biosci. Bioeng. 87 (1999) 642–646. doi:10.1016/S1389-1723(99)80128-5
[12] C. Ruangviriyachai, C. Niwaswong, N. Kosaikanon, S. Chanthai, P. Chaimart,
Pineapple Peel Waste for Bioethanol Production, J. Biotechnol. 150 (2010) 10–10.
doi:10.1016/j.jbiotec.2010.08.041
[13] Food and Agriculture Organization of the United Nations. Statistics Division.
http://faostat.fao.org (accessed 01.01.2016).
[14] F. Scott, F. Venturini, G. Aroca, R. Conejeros, Selection of process alternatives for
lignocellulosic bioethanol production using a MILP approach, Bioresour. Technol. 148
(2013) 525–534. doi:10.1016/j.biortech.2013.09.008
[15] A. Cesaro, V. Belgiorno, Combined Biogas and Bioethanol Production: Opportunities
and Challenges for Industrial Application, Energies, 8 (2015) 8121–8144.
doi:10.3390/en8088121
15

[16] N.M. Mohammed Al-Mhanna, H. Huebner, Quantification of Full Range Ethanol
Concentrations by Using pH Sensor, International Journal of Chemistry 3 (2011) 47–56.
DOI: 10.5539/ijc.v3n1p47
[17] A.M. Azevedo, F. Miguel, M.S. Joaquin, L.P. Fonseca, Ethanol biosensors based on
alcohol oxidase, Biosens. Bioelectron. 21 (2005) 235–247. doi:10.1016/j.bios.2004.09.030
[18] A. J. Bard, L.R. Faulkner, Electrochemical Methods: Fundamentals and Applications.
Ed. John Wiley & Sons Inc., New York, 2001.
[19] E. Barsoukov, J. Ross Macdonald, Impedance Spectroscopy: Theory, Experiment and
Applications. Ed. John Wiley & Sons Inc., New Jersey, 2005.
[20] C. Conesa, E. Gracía-Breijo, E. Loeff, L. Seguí, P. Fito, N. Laguarda-Miró, An
Electrochemical Impedance Spectroscopy-Based Technique to Identify and Quantify
Fermentable Sugars in Pineapple Waste Valorization for Bioethanol Production, Sensors 15
(9) (2015) 22941–22955. doi:10.3390/s150922941
[21] C. Conesa, J. Ibáñez-Civera, L. Seguí, P. Fito, N. Laguarda-Miró, An Electrochemical
Impedance Spectroscopy System for Monitoring Pineapple Waste Saccharification, Sensors
16 (188) (2016) 1–11. doi: 10.3390/s16020188
[22] N. Laguarda-Miró, F. Werner Ferreira, E. García-Breijo, J. Ibañez-Civera, L. GilSánchez, J. Garrigues-Baixauli, Glyphosate detection by voltammetric techniques. A
comparison between statistical methods and an artificial neural network, Sensor. Actuat. BChem. 171–172 (2012) 528–536. doi:10.1016/j.snb.2012.05.025
[23] M. De Prados; L. Seguí, P. Fito, Industrial pineapple waste as a feasible source to
produce bioethanol in: Proceedings of International Conference on Food Innovation,
Universitat Politècnica de València, Valencia, 2010.
[24] P. Martínez Gil, N. Laguarda-Miro, J. Soto Camino, R. Masot Peris, Glyphosate
detection with ammonium nitrate and humic acids as potential interfering substances by
pulsed
voltammetry
technique,
Talanta
115
(2013)
702–705.
doi:10.1016/j.talanta.2013.06.030
[25] A. Fuentes, J.L. Vázquez-Gutiérrez, M.B. Pérez-Gago, E. Vonasek, N. Nitin, D.M.
Barrett, Application of nondestructive impedance spectroscopy to determination of the effect
of temperature on potato microstructure and texture, J. Food Eng. 133 (2014) 16–22.
doi:10.1016/j.jfoodeng.2014.02.016
[26] S. Wold, M. Sjostrom, L. Eriksson, PLS-regression: a basic tool of chemometrics,
Chemometr. Intell. Lab. 58 (2001) 109–130. doi:10.1016/S0169-7439(01)00155-1
16

[27] T. Hastie, R.T. Tibshirani, J. Friedman, The Elements of Statistical Learning, 2nd ed.,
Springer, 2009.
[28] G. A. Carpenter, S. Gossberg, N. Markuzon, J. Reynolds, D. Rosen, Fuzzy Artmap: a
neural network architecture for incremental supervised learning of analog multidimensional
maps IEEE T Neural Network. 3 (1992) 698–713. doi:10.1109/72.159059
[29] R. Martínez-Mañez, J. Soto, E. García-Breijo, L. Gil, J. Ibáñez, E. Gadea, A multisensor
in thick-film technology for water quality control, Sensor. Actuat. A-Phys. 120 (2005) 589–
595. doi:10.1016/j.sna.2005.03.006
[30] E. Llobet, E. L. Hines, J. W. Gardner, P. N. Bartlett, T. T. Mottram, Fuzzy ARTMAP
based electronic nose data analysis, Sensor. Actuat. B-Chem. 61 (1999) 183–190.
doi:10.1016/S0925-4005(99)00288-9
[31] J. Brezmes, P. Cabre, S. Rojo, E. Llobet, X. Xilanova, X. Correig, Discrimination
between different samples of olive oil using variable selection techniques and modified fuzzy
artmap neural networks, IEE Sens. J. 5 (2005) 463–470. doi: 10.1109/JSEN.2005.846186
[32] L. Gil, J.M. Barat, D. Baigts, R. Martínez-Mañez, J. Soto, E. García-Breijo, E. Llobet,
Potentiometric Electronic Tongue to Monitor Meat Freshness in: Proceedings of the IEEE
International Symposium on Industrial Electronics, IEEE, 2010, 390–395. doi:
10.1109/ISIE.2010.5637687
[33] L. Gil, J.M. Barat, D. Baigts, R. Martínez-Mañez, J. Soto, E. García-Breijo, M.C.
Aristoy, F. Toldrá, E. Llobet, Monitoring of physicochemical and microbiological changes
in fresh pork meat under cold storage by means of a potentiometric electronic tongue, Food
Chem. 126 (2011) 1261–1268. doi:10.1016/j.foodchem.2010.11.054
[34] S.C. Tan, J. Watada, Z. Ibrahim, M. Khalid, Evolutionary fuzzy ARTMAP neural
networks for classification of semiconductor defects, IEEE Transactions on Neural Networks
and Learning Systems. 26 (5) (2015) 933–95. doi: 10.1109/TNNLS.2014.2329097
[35] T. Kasuba, Simplified fuzzy ARTMAP, AI Expert 8 (1993) 18–25.
[36] Garret, A. Fuzzy ART and Fuzzy ARTMAP Neural Networks [MATLAB Package],
2003
http://www.mathworks.com/matlabcentral/fileexchange/4306-fuzzy-art-and-fuzzyartmap-neural-networks (accessed 03.08.2016).
[37] E. Garcia-Breijo, J. Garrigues, L. Gil Sanchez, N. Laguarda-Miró, An Embedded
Simplified Fuzzzy ARTMAP Implemented on a Microcontroller for Food Classification,
Sensors 13 (2013) 10418–10429. doi:10.3390/s130810418

17

[38] L. Gil-Sánchez, J. M. Barat, M. Aliño, D. Baigts, R. Grau, J. Garrigues, E. Garcia-Breijo
Artificial neural networks (Fuzzy Artmap) analysis of data obtained with electronic tongue
applied to ham curing process with different salt formulations, Appl. Soft Comput. 30 (2015)
421–429. doi:10.1016/j.asoc.2014.12.037
[39] J. Zupan, J. Gasteiger, Neural Networks for Chemists, VCH, New York, 1993.
[40] D. Svozil, V. Kvasnicka, J. Pospichal, Introduction to multilayer feed-forward neural
networks, Chemometr. Intell. Lab. 39 (1) (1997) 43–62. doi:10.1016/S0169-7439(97)000610
[41] J. Ibáñez Civera, E. Garcia Breijo, N. Laguarda Miró, L. Gil Sánchez, J. Garrigues
Baixauli, I. Romero Gil, R. Masot Peris, M. Alcañiz Fillol, Artificial neural network onto
eight bit microcontroller for Secchi depth calculation, Sensor Actuat B-Chem. 156 (2011)
132–139. doi:10.1016/j.snb.2011.04.001
[42] B.M. Del Brío, A.S. Molina, Redes Neuronales y Sistemas Borrosos, 2nd ed.; Ra-Ma,
Madrid, 2001 (In Spanish).
[43] K.L. Priddy, P.E. Keller, Artificial neural networks: an introduction, SPIE PRESS,
Washington, 2005.
[44] E. Garcia-Breijo, J. Atkinson, L. Gil-Sanchez, R. Masot, J. Ibañez, J. Garrigues, M.
Glanc, N. Laguarda-Miro, C. Olguin, A comparison study of pattern recognition algorithms
implemented on a microcontroller for use in an electronic tongue for monitoring drinking
waters, Sensors Actuat. A-Phys. 2 (2011) 570–582. doi:10.1016/j.sna.2011.09.039

18

