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This paper deals with a synchronous sensing analysis for five tastes namely sweetness, bitterness,
sourness, saltiness, astringency by qualitatively and quantitatively analyzing taste stimuli with
nonmodified multi-metal sensor, which has the advantage of being rapid, easy and simultaneous. Eight
metal electrodes that were easily available constituted the electrode array. Cyclic voltammetry (CV)
and differential pulse voltammetry (DPV) were employed. The original voltammetric signals were
transformed by Continuous Wavelet Transform (CWT) in order to reveal more feature information for
sensing taste stimuli. The data of feature points from the transformed signal as the input were used for
neural network model. Polar Phasor Approach was used to classify and locate single taste. It was
resulted that Layer-Recurrent neural network could effectively identify the types of mixed tastes. The
response areas of eight electrodes for five tastes in oxidation part and reduction part of CV and DPV
were visually characterized. Combining CV with DPV, the accuracies of the training set and test set
were both more than that of single voltammetry, confirming that Back Propagation neural network
could quantitatively analyze each taste of the mixture. Moreover, the advantages of nonmodified
sensor compared with modified sensor were discussed. It was concluded that synchronous sensing
analysis has strong ability to sensing the five tastes accurately and simultaneously as human gustation.
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1. INTRODUCTION
Human gustation begins with soluble flavor substances dissolved in the mouth, which stimulate
taste receptors on the tongue, then in the form of conduction pulses to the brain through the nerve
system, finally the analysis of the brain produces taste sense [1]. Sensory evaluation, as a common
method, is used to evaluate flavor quality of many products, in which panelists participate in the use of
human gustation. In this process, the subjectivity and individual preference of human beings play an
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important role in guiding, and the sensitivity of human sensory organs is susceptible to physical
condition, mental status, regional difference, gender difference and so on. In addition, sensory
evaluation has the disadvantages of complicated operation, time consuming and high cost. In order to
the replacement of artificial sensory evaluation, bionic electrochemical technology has been developed
for imitating human sensory organs.
Biomimetic sensors and biosensors [2], as the main parts of bionic electrochemical technology,
have been developed for several years. Sensors based on potentiometry [3,4], voltammetry [5-7],
impedance spectroscopy [8,9] have been primarily used to determine taste-causing components in food
and pharmaceutical such as wine [10-12], tea [13,14], fruit [15,16], dairy [17], fish [18], meat [19] and
topiramate [20]. However, these sensors which were high-cost, hard-to-operate and time-consuming
only analyzed one or two tastes rather than five tastes. Biomimetic sensors cannot determine directly
and precisely with respect to a single component in the solution like chemical instruments such as gas
chromatography, liquid chromatography and gas chromatography mass spectrometry. It increases the
overall variance of the solution by increasing the variance of the different electrodes via data
processing, to evaluate the overall quality difference of solutions rather than a single component. So
most sensors cannot really mimic the tongue for simultaneous perception of several tastes.
The selection of the array of sensors is limited but needs much deliberation, collinearity and
interference between different electrodes must be considered carefully. In general, metal electrode
usually provides a drifting signal which is falsely proportional to a set of substances in the solution. An
appropriate voltammetric measurement and signal transforming can control or eliminate the drift, and
manifest the feature of signal. It has been reported that Artificial Neural Network (ANN) is one of
common tools for discrimination and quantification of samples [21], however, it cannot be used to
analyze single component in the mixture due to the improper input. Representing the cross-specificity
of the array of electrodes is in need of adopting the proper input data and data processing tool.
Consequently, it is possible that the technology based on multi-metal sensor using voltammetry is
achieved to successfully mimic human gustation.
In this study, a synchronous sensing analysis for five tastes namely sweetness, bitterness,
sourness, saltiness, astringency was developed by qualitatively and quantitatively analyzing taste
stimuli via voltammetry with multi-electrode array using the methods of signal transforming and data
processing.

2. MATERIALS AND METHODS
2.1. Taste stimuli
Taste stimulus for sweetness, bitterness, sourness, saltiness, astringency was sucrose (AR),
quinine (AR), citric acid (AR), sodium chloride (AR) and tannic acid (AR), respectively. As is
reported [22], recognition thresholds of Chinese people were 12.6mM for sucrose, 3.9mM for sodium
chloride, 0.246mM for citric acid, 0.015mM for quinine and 0.02mM for tannic acid. Considering with
difference threshold, the concentrations of taste stimuli were set up as followed:
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Sucrose— 6mM, 13mM, 22mM, 36mM, 50mM, 70mM, 100mM
Sodium chloride— 2mM, 4mM, 10mM, 20mM, 30mM, 40mM, 50mM
Citric acid— 0.1mM, 0.25mM, 0.5mM, 0.8mM, 1.5mM, 3mM, 5mM
Quinine— 0.01mM, 0.015mM, 0.02mM, 0.03mM, 0.05mM, 0.1mM, 0.2mM
Tannic acid— 0.01mM, 0.02mM, 0.03mM, 0.05mM, 0.08mM, 0.15mM, 0.25mM
The mixture was composed of different types of taste stimulus at the stationary concentration.
In this study, there were 26 mixtures of taste stimuli including 10 mixtures with two types, 10 mixtures
with three types, 5 mixtures with four types and 1 mixture with all types (Table 1). The blank sample is
deionized water for single taste stimulus and the mixture.
Table 1. All mixtures of taste stimuli (○- included, ×- not included).

Number

Sucrose
13mM

Citric acid
0.25nM

Sodium
chloride 4mM

Quinine
0.015mM

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

○
○
○
○
×
×
×
×
×
×
○
○
○
○
○
○
×
×
×
×
○
○
○
○
×
○

○
×
×
×
○
○
○
×
×
×
○
○
○
×
×
×
○
○
○
×
○
○
○
×
○
○

×
○
×
×
○
×
×
○
○
×
○
×
×
○
○
×
○
○
×
○
○
○
×
○
○
○

×
×
○
×
×
○
×
○
×
○
×
○
×
○
×
○
○
×
○
○
○
×
○
○
○
○

Tannic
acid
0.02mM
×
×
×
○
×
×
○
×
○
○
×
×
○
×
○
○
×
○
○
○
×
○
○
○
○
○
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2.2. Multi-metal sensor
A standard three-electrode system including working electrode, reference electrode and
auxiliary electrode was used in this study. An Ag/AgCl electrode as the reference electrode and a
platinum electrode as the auxiliary electrode were employed. Eight metal electrodes of silver (Ag),
gold (Au), copper (Cu), nickel (Ni), palladium (Pd), platinum (Pt), titanium (Ti), wolfram (W) were
obtained as working electrodes, which were embedded in plastic bodies and exposed metal disks of
2mm diameter. Before the measurement, the electrodes were polished with alumina powder on a soft
pad.

2.3. Voltammetric measurements
Voltammetric measurements were carried out in multichannel potentiostat (CHI1040C, CH
Instruments Inc., USA) at room temperature (25℃). Cyclic voltammetry (CV) and differential pulse
voltammetry (DPV) were used for all samples including single taste stimulus and the mixture. Cyclic
voltammetry measurement was performed in the potential range of -1V to 1V with a potential interval
of 0.005 V and scan rate of 0.05 V·s-1. Differential pulse voltammetry measurement was scanned from
-1V to 1V, pulse amplitude of 0.05V and scan rate of 0.05 V·s-1. All samples were measured randomly
to minimize systematic errors. Each sample was measured three times respectively by CV and DPV.
Voltammetric signal of each sample ultimately subtracted that of the blank.

2.4. Data processing and algorithms
2.4.1. Continuous Wavelet Transform
Continuous wavelet transform (CWT) is proposed to eliminate the noise of wave signals, which
can provide a clear representation of a signal in the time and frequency domains. The wavelet function
used in this study is expressed as followed:
t2
 (t )  (1  t 2 ) exp( )
2
It is assumed that f (t) is a one-dimensional discrete signal consisting of 1 to n data. According
to the definition, the CWT of F (T) is its projection on wavelet, which is given as followed:

1
t q
W f ( p, q) 
f (t ) (
)dt

p
p 
Where p is the scale value; q is the translation factor. Under the given scale p, the continuous
wavelet transform program will calculate q from 1 to n corresponding to each coefficient value
Wf(p,q). The coefficient Wf(p,q) is a matrix, in which the number of columns indicates the number N of
signals, and the number of rows indicates the number of scales in the wavelet transform. Continuous
wavelet coefficient curves in a scale can be drawn to analyze the coefficients and find some useful
information in the original signal. The coefficients obtained by CWT have a corresponding
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relationship with the original signal data, and the relative positions of the transformed peaks remain
unchanged, which is the essence of CWT for the identification of the peak position.

2.4.2. Polar Phasor Approach
Polar Phasor Approach can be characterized the differences of samples by drawing with the
polar radius and the radian of phase angle. The input data is preprocessed using Fourier Transform. It
can be simplified as followed:
f
m( f ) 
f (0)  N
I( f )
  arctan
R( f )



  m( f )  cos   0.5

2

 [ m( f )  sin ]2

 m( f )  sin 
 m( f )  cos   0.5
Where ρ is the polar radius; θ is the radian of phase angle; f , R, I, f(0) is the amplitude, real

  arctan

part, imaginary part and the first data of the data preprocessed by Fourier Transform; N is the total
number of the input data.

2.4.3. Artificial neural network
In order to obtain the optimal model, different network architectures of neural network were
tested. Input and output layers were established as the number of the input data and the number of
analytes to be determined respectively. Different transfer functions as well as different training and
learning algorithms were also tested in the hidden and output layer. In this study, Layer-Recurrent
neural network (LRNN) and Back Propagation neural network (BPNN) were applied. Trainlm as the
training algorithm and Learngdm as the learning algorithm were equally used for two neural networks.
The transfer functions of hidden and output layer in LRNN were Logsig and Tansig respectively. In
BPNN, the transfer function of hidden layer was Tansig as well as output layer. In this case, the inputs
of neural network models were the data of feature points, and the outputs were the types or
concentrations of single taste stimulus in the mixture.

2.4.4. Extraction of feature point
Continuous wavelet coefficient curve transformed from original voltammetric signal via CWT
in a scale was obtained. The maximum point, relative maximum points, minimum point and relative
minimum points were extracted as feature points from continuous wavelet coefficient curve. The data
of a feature point include potential and current data.
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2.4.5. Calculation of accuracy for model
The accuracies of the training and test set can be used to evaluate neural network model. For
qualitative analysis, the accuracy A1 was obtained with LRNN. For quantitative analysis, the accuracy
A2 was obtained with BPNN. In this study, it can be calculated as followed:
Tr1
A1 
100%
m
Co  Ce
Re 
100%
Ce
Tr 2
A2 
100%
n
Where m, n is both the total number of mixture of stimuli; Tr1 is the number of mixture in
which all single obtained types are exactly the expected types; Re is the relative error of the expected
vs. the obtained concentration for single stimulus; Co, Ce is the obtained and expected concentration;
Tr2 is the number of mixture in which Re of each single stimulus is below 10%.

2.4.6. Software
Data processing was carried out in Matlab 2011b (MathWorks, Natick, MA).

3. RESULTS AND DISCUSSION
3.1. Transformation of voltammetric response
The original voltammetric responses of Pt electrode towards citric acid at 0.1mM were
illustrated with dashed curves in Fig.1. Cyclic voltammogram which shows redox processes is divided
into two curves from positive potential scan and negative potential scan. As can be observed, there was
no obvious peak in oxidation curve and reduction curve of cyclic voltammetry (CV) (Fig.1a and e,
dashed curves). In the original response curve of differential pulse voltammetry (DPV) (Fig.1i, dashed
curve), the impactful wave couldn’t be found.
The useful data for analysis was unable to be directly obtained from original voltammetric
signals below recognition threshold of taste. In order to sense taste stimuli like the tongue, processing
the original voltammetric signals with a transform method to acquire characteristic data at recognition
threshold or even below was necessary. In this study, Continuous Wavelet Transform (CWT) was
proposed for transforming the signals. Wavelet technique which has advantages over traditional
transform methods initially decomposes data into different frequency components and then focuses on
each component with a resolution matched to its scale [23]. It has been reported that CWT enabled
continuous detection of surface signals and instantaneous energy signals [24].
The comparison of original signals from Pt electrode and corresponding continuous wavelet
coefficient curves transformed by CWT in different scales was displayed in Fig.1.

Int. J. Electrochem. Sci., Vol. 13, 2018

5768

Figure 1. The comparison of original voltammetric signals (dashed curves) from Pt electrode towards
citric acid at 0.1mM and corresponding continuous wavelet coefficient curves (solid curves)
transformed by CWT in different scales (a, e, i- scale 4; b, f, j- scale 8; c, g, k- scale 16; d, h, lscale 24) using CV(a～d : the reduction part; e～h: the oxidation part) and DPV( i～l).
Different continuous wavelet coefficient curves have different separation and location
identification of signal peaks, indicating that the selection of scale has great influence on the signal
conversion [25]. Scale values determine the degree to which the wavelet is compressed or stretched.
Low scale values compress the wavelet and correlate better with high frequencies. The low scale CWT
coefficients represent the fine-scale features in the input signal vector. High scale values stretch the
wavelet and correlate better with the low frequency content of the signal. The high scale CWT
coefficients represent the coarse-scale features in the input signal. Two peaks in front and back of each
continuous wavelet coefficient curve could not be taken account because of the algorithm. In the scale
of 4, the curve closed to the flat baseline, but had the low resolution. Some ups and downs including
peaks and inflection points showed up in the scale of 8. Although peaks occurred in the scale of 16 and
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24, curve oscillation got worse and covered certain small signal peak. Hence, for Pt electrode, the scale
of 8 was the best. Similarly, for the other electrodes, continuous wavelet coefficient curves in different
scales were analyzed. For the same original signal, in lower scale, the coefficient curve changed
slowly, and more feature information can be extracted for the weak signal peak; conversely, the feature
information of the large signal peak can be extracted, but the baseline oscillation is stronger. In this
study, the scale of 8 was selected for all electrodes. CWT in the scale of 8 could enhance the sensitivity
of weak voltammetric response, and reveal more feature information for sensing taste stimuli.

3.2. Qualitative identification for the tastes
The potential data of feature points were used as the input data. For single taste stimulus, Polar
Phasor Approach was employed. For the mixture of taste stimuli, Layer-Recurrent neural network
(LRNN) was employed, first two measures for all mixtures as the training set and the rest measure as
the test set.

Figure 2. Polar phase diagram for five taste stimuli by CV (a) and DPV (b).
Every single taste stimulus had different amounts of feature points for different metal
electrodes. By means of CV, sodium chloride had the most feature points, 6 points in Cu electrode and
14 points in Au electrode as the fewest and the most among them. Quinine and tannic acid had
relatively fewer feature points, only 4 points in three electrodes and one electrode respectively.
Generally, there were more feature points obtained by DPV compared to CV, but a similar situation
arose, that is, sodium chloride had the most and tannic acid had the fewest. It showed that all taste
stimuli could trigger voltammetric response with various degrees, especially sweetness did strongly but
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astringency slightly. W electrode had fewer feature points than other electrodes for CV, but for DPV.
Different metal towards taste stimuli performed different sensitivity and specificity for qualitative
identification.
The potential data of feature points of the same taste stimulus at different concentrations
possessed small shift according to the RSD which was in the range of 1.5%～16.5%. So the potential
data of feature points could classify and locate these five taste stimuli. As shown in Fig.2, citric acid
and sucrose could not be discriminated by CV, however, DPV displayed a clear distinction for all taste
stimuli, illustrating that DPV had better discernment to five tastes than CV.
Principal component analysis (PCA) generally classifies the samples due to their
electrochemical responses [5], and also can figure out the degrees of contribution of the variables
which mean electrodes in this case. It maximizes the correlation between the original variables forming
a small number of new orthogonal and non-correlated variables called principal components (PC)
which seize a majority of the variance in the original ones [26]. The front three PCs explained 94.5%
of the variance both in CV and DPV. The principal component coefficients (PCCs), also known as
loadings, can be used for the degrees of contribution of electrodes. For CV, high PCCs (>0.7) of PC1,
PC2, PC3 occurred in Pd, W, Cu, Pt electrode, and in Ti, Ni for DPV (Table 2), indicating that these
electrodes made a large contribution for qualitatively sensing the taste.
Table 2. The principal component coefficients of front three PCs in different electrodes via CV and
DPV.
Electrode
Ag
Au
Cu
Ni
Pd
Pt
Ti
W

CV
PC1
-0.1594
0.4006
0.3872
0.1075
0.7316
-0.1840
0.2315
-0.1729

PC2
0.2518
0.3060
0.4241
0.5589
-0.3431
-0.0483
-0.4336
0.7957

DPV
PC3
0.4354
-0.1737
0.8252
0.1022
0.2047
0.7593
0.2062
-0.3280

PC1
-0.2335
0.1629
-0.2611
0.1656
0.4094
0.0945
0.8043
0.0006

PC2
-0.0485
0.4195
-0.2175
-0.5022
0.6051
0.0366
-0.3786
0.1068

PC3
0.0651
0.5053
0.2272
0.7463
0.1737
0.1667
-0.2713
0.0140

As for each mixture of taste stimuli, the potential data of feature points from CV and DPV
respectively were applied as the input for LRNN. In order to obtain the optimum model, different
network architectures as well as functions and algorithms were tested towards the training set. The
comparisons of the expected vs. the obtained outputs in five tastes for the training set were conducted,
where slopes were close to 1 and intercepts close to 0 [27]. Considering that the accuracies of the
training set by two voltammetric techniques both over 90% (Table 3), the LRNN model was trained as
the optimum and efficient one. The accuracies of the test set by CV and DPV were 84.6% and 86.5%,
showing that LRNN model had satisfactory ability to exactly identify the types of all taste stimuli
contained in the mixture.
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3.3. Quantitative analysis for the tastes
The current data of feature points were used as the input data. For single taste stimulus, linear
regression was utilized. For the mixture of taste stimuli, Back Propagation neural network (BPNN)
was utilized, first two measures for all mixtures as the training set and the rest measure as the test set.

Figure 3. Continuous wavelet coefficient curves of citric acid at different concentrations (a- the blank,
b- 0.1mM, c- 0.25mM, d- 0.5mM, e- 0.8mM, f- 1.5mM, g- 3mM, h- 5mM) in Ag electrode and
good linear regression between the concentrations and current values of the highest peaks.

Figure 4. The response areas which were the locations of HPs (R> 0.95) of eight electrodes for all
stimuli (﹡Citric acid, ○ Sodium chloride, ☆ Quinine, □ Sucrose, ◇ Tannic acid) in oxidation
part and reduction part of CV (solid) and DPV(dotted).
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As can be seen in Fig.3, continuous wavelet coefficient curves of citric acid at different
concentrations presented a specific trend, in which the highest peak exhibited noticeably. Analogues
were found in most electrodes towards the other taste stimuli. Therefore, the highest peak (HP) as a
special feature point was extracted for quantitative analysis of single taste stimulus. In terms of each
electrode for each stimulus, linear regression between the concentrations and current values of HP was
launched. Good correlation coefficients (R> 0.95) showed voltammetric response from corresponding
electrode for quantitatively sensing the tastes. Figure 4 visually characterized the response areas which
were the locations of HPs (R> 0.95) of eight electrodes for all stimuli in oxidation part and reduction
part of CV and DPV. Tannic acid which causes to astringency had its response area for every
electrode, most performed via DPV, and overally responded in Ag and Pd electrode which was meant
to three response areas via oxidation part and reduction part of CV and DPV. Sourness evoked by
citric acid had the response areas except for Pt. Sucrose and sodium chloride that produce sweetness
and saltiness both quantitatively responded for four electrodes. Bitterness which is caused by quinine
located at 0.845±0.013V in Au, 0.280±0.025V in Ni, 0.170±0.015 V and 0.370±0.023 V in W.
Multiple metal electrodes with voltammetry can accurately predict the content of single taste
stimulus, more importantly, whether it can predict the contents of all taste stimuli contained in the
mixture is a key. In order to obtain the prediction model, different network architectures as well as
different functions and algorithms were tested using BPNN. Although the accuracies of the training set
by CV and DPV both were 80.8%, the predictive ability to the test set of these two models was poor
shown in Table 3. Combining CV with DPV, the accuracies of the training set and test set were on the
rise, indicating that the combined voltammetric technique can realize quantitative prediction for taste
stimuli contained in the mixture. Owing to the surface solution interaction, the location and intensities
of feature points on which the chemical properties of stimuli present in the mixture solution have an
important influence differ from one electrode to the other, confirming that the array of electrodes has
cross-specificity.
Table 3. The accuracies of the training set and test set in neural network model using CV and DPV.
Item
Qualitative

Quantitative

Voltammetry

Training set

Test set

CV

90.4%

84.6%

DPV

92.3%

86.5%

CV

80.8%

69.2%

DPV

80.8%

73.1%

CV + DPV

90.4%

84.6%

Moreover, the array of electrodes possesses cross-sensitivity and absence of collinearity, which
were the desired features [21]. The combined voltammetric technique can effectively exploit these
desired features of the array of electrodes for complex quantitative analysis.
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3.4. Comparison with modified sensor
Modified electrodes and biosensors have been developed to detect taste perception, which
many research teams are committed themselves to. The biggest characteristics of modified sensors are
specificity and pertinence owing to modified materials, but some nonmodified electrodes possess
broad-spectrum, requiring a combination of appropriate signal processing technology, such as
increasing the intensity of weak signal, feature extraction, specific ranking method of input data and so
on. In this paper, the lowest concentration of five taste stimuli was identified synchronously by the
nonmodified multi-metal sensor. And different modified voltammetric sensors for taste stimuli have
been reported [5,28-30], most of them could qualitatively distinguish and identify the taste substance,
but the quantitative limits of five tastes for synchronous determination were rarely clear. Hence,
according to the lowest concentrations of five stimuli, the capacity of the nonmodified sensor used in
synchronous sensing analysis was not poorer than the previous modified one.
The nonmodified sensor has other points: Firstly, it is simple, available, easy to operate, and
simple to maintain. However, because of the particularity of the modified material, the modified
electrode has more stringent conditions for determination or preservation. Secondly, the signals
obtained from nonmodified electrodes often need interactive computation to get target data, while the
signals in modified electrodes contain little interaction information. Although the research of modified
electrodes is very extensive, nonmodified electrode is more useful for practical applications
considering its simplicity and universality.

4. CONCLUSION
A synchronous sensing analysis for sweetness, bitterness, sourness, saltiness, astringency was
developed by detecting corresponding taste stimuli using cyclic voltammetry and differential pulse
voltammetry with nonmodified multi-metal sensor consisting of eight metal electrodes that were easily
available. The sensitivity of voltammetric signal was promoted due to the original signal transformed
by Continuous Wavelet Transform which could reveal more feature information for sensing taste
stimuli. The data of feature points from the transformed signal as the input were used for neural
network model to qualitatively identify and quantitatively analyze taste stimuli. Polar Phasor Approach
can classify and locate single taste, and Layer-Recurrent neural network could effectively identify the
types of mixed tastes. Back Propagation neural network could confirm the concentration of each taste
of the mixture. Eight electrodes had their response areas for five tastes in oxidation part and reduction
part of CV and DPV. Considering that the minimum concentration of all taste stimuli lower than
recognition thresholds, the specificity and sensitivity of synchronous sensing analysis are superior to
the tongue. Compared to previous technologies, synchronous sensing analysis has the advantage of
analyzing rapidly, easily and simultaneously for five tastes.
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