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ABSTRACT 

Considering the shortcomings of traditional detection methods of abalone freshness, such as cumbersome operation and low accuracy, this 
study established a rapid detection method of abalone freshness by using an electronic tongue. A sensor array consisting of eight inert metal 
electrodes (Au, Pd, Pt, Ag, Ti, Al, Ni, W) was used for detection. However, the detection data of redundant sensors will affect the efficiency 
and accuracy of detection, so the sensor array needs to be optimized. The original sensor array consisting of eight inert metal electrodes was 
used to detect four kinds of abalone meat (refrigerated at 4℃ for 1 day, 4 days, 7 days and 10 days) with different freshness. The detection data 
were analyzed by one-way analysis of variance. According to the analysis results, Al and Pt electrodes with poor stability and differentiation 
were eliminated. Multiple comparative analysis of variance was used to conduct a significant analysis of the data of the remaining six electrodes. 
According to the significant difference, the electrodes without significant difference were divided into different groups to obtain four 
combinations. By combining principal component analysis and support vector classification, the performance of the original array composed 
of eight electrodes and the four groups of sensor arrays obtained after grouping were analyzed, and the most suitable sensor array for abalone 
freshness detection was selected. The results showed that the group III sensor array composed of Ag, Pd and Ti electrodes had the best effect 
on the freshness identification of abalone. 
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1. INTRODUCTION

Abalone is a rare marine shellfish, which is rich in protein,
vitamins and trace elements, and is known as the "soft gold" 
of the ocean. However, due to its rich nutrition, when enzymes 
and microorganisms interact together, abalone is prone to 
decay and deterioration in the process of storage and sale, 
resulting in an unpleasant odor, thus reducing the nutritional 
value and flavor of abalone, and even producing some harmful 
substances, leading to food safety problems [1]. Therefore, it 
is very important to test the freshness of abalone in the process 
of production and sale. At present, sensory evaluation, 
chemical index detection, physical analysis, microbial method 
and so on are mostly used for freshness detection. These 
methods are generally cumbersome, time-consuming and 
laborious, and cannot obtain an ideal detection accuracy [2, 3]. 
Therefore, it is particularly important to use new technology 
and new methods to improve detection efficiency and 
accuracy. 

In recent years, the electronic tongue has been widely used 
in many fields as a new kind of sensory bionic technology. Its 
sensors are sensitive to specific compounds and can simulate 
the human taste system, learn and recognize through pattern 
recognition and expert system, and analyze samples with 
different freshness [4, 5]. Compared with traditional detection 
methods, the electronic tongue has the advantages of simple 
sample pretreatment, fast detection speed and easy automation. 
Jia et al. [6] used partial least square (PLSR) and multiple 
linear regression (MLR) to construct a quantitative prediction 
model for predicting the total viable count (TVC) of Takifugu 

Bimaculate during refrigeration (0℃ and 4℃) by electronic 
tongue signal and realized the rapid freshness detection of 
Takifugu Bimaculate by the electronic tongue. Wadehra et al. 
[7] tested the change in the quality and storage time of
unsealed pasteurized milk based on the voltammetric
electronic tongue, combined with principal component
analysis and cluster analysis, and found that physical and
chemical indexes such as TVC, viscosity and acidity in milk
samples were consistent with the chromatograms of principal
component analysis and cluster analysis of electronic tongue.
This indicates the feasibility of electronic tongue in milk
quality detection. Existing research results show that
electronic tongues can be used for food freshness detection,
but the detection accuracy is not high enough. The reason lies
in the lack of optimization of the sensor array in the research
of freshness prediction using an electronic tongue. The sensor
array is the core component of the electronic tongue system,
and its performance directly affects the test result of the
electronic tongue. Due to the complex material composition,
if the sensor array is not selected and optimized specifically,
the introduction of redundant sensors with poor identification
effect will lead to the redundancy of electronic tongue
detection data and affect the efficiency and accuracy of the
identification model, thus affecting the detection results [8-11].
In order to improve the efficiency and accuracy of the
electronic tongue, the sensor array should be optimized on the
basis of the characteristics of detection objects to obtain the
most suitable sensor array.

In this paper, the sensor array for abalone freshness 
detection was optimized. Spss and Matlab software was used 
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to analyze the sensor detection data. Origin software was used 
for mapping. Based on the results of a one-way analysis of 
variance, sensors with poor stability and differentiation for 
abalone freshness identification were eliminated, and the 
sensor array was initially screened [12]. After multiple 
comparative analyses, significant differences between the 
sensors were obtained, and the sensors were classified and 
combined into different groups. Finally, principal component 
analysis and support vector machine classification were used 
to select the best performance of the sensor array and realized 
the optimization of the sensor array used to identify abalone 
freshness. 
 
2. EXPERIMENTAL 
 
2.1 Experimental materials and pretreatment 

 
Abalones used in this experiment were purchased from a 

supermarket in Dalian. Fresh abalone, each weighing 60±5g, 
was selected and processed immediately after being 
transported to the laboratory. The abalone meat after removal 
of viscera and hemline was placed in a clean ziplock bag and 
refrigerated in a constant temperature refrigerator at 4℃.  

 
2.2 Experimental apparatuses 

 
The experiment was conducted using an electronic tongue 

system built by our research team, which consisted of a sensor 
array, an electrochemical workstation and a computer. The 
sensor array is a three-electrode system composed of working 
electrodes, an auxiliary electrode and a reference electrode. 
The working electrodes are composed of eight inert metal disk 
electrodes with a diameter of 2mm, including aurum (Au), 
palladium (Pd), platinum (Pt), nickel (Ni), argentum (Ag), 
titanium (Ti), aluminum (Al) and wolframium (W). The 
auxiliary electrode is a platinum column electrode with a 
diameter of 1mm (Pt010). The reference electrode is an 
argentum-argentic chloride electrode (R0303). All electrodes 
is purchased from Tianjin Aida Hengsheng Technology 
Development Co., LTD. The experimental electrochemistry 

workstation is a product of Shanghai Chenhua Instrument Co., 
LTD. (CHI620E). In addition, the instruments and equipment 
used in the experiment are an electronic scale provided by 
Shanghai Youke Scientific Instrument Co., LTD. (FA1004B), 
a tissue masher provided by Vanke Instrument Changzhou Co., 
LTD. (JJ-2B), a centrifuge provided by Shanghai Shangpu 
Instrument and Equipment Co., LTD. (SN-LSC-40), an 
electric thermostatic drying oven provided by Shaoxing 
Shangcheng Instrument Manufacturing Co., LTD. (101-00A), 
a refrigerator provided by Guangdong Midea Electric 
Appliance Co., LTD. (BCD-172CM(E)) and an ultrasonic 
cleaning machine provided by Kunshan Ultrasonic Cleaning 
Instrument Co., LTD. ( KQ-2200DB). 

 
2.3 Experimental method 
 

On the 1st, 4th, 7th and 10th day of the experiment, 50g of 
abalone meat stored in the refrigerator (4℃) was weighed, 
chopped and added with 300ml purified water, mashed 
(homogenized) in the masher for 3 minutes, centrifuged at 
4000r/min for 10min. After standing, the supernatant was 
taken for testing [12-14]. The supernatant of 180ml was taken 
and divided into 3 equal parts of 60ml each, every part was 
tested 5 times at room temperature (25℃), and the obtained 
data were recorded. 

Cyclic voltammetry was used as the excitation of the sensor 
array in order to obtain electrochemical response signals in the 
experiment, and the parameters of cyclic voltammetry were set 
in Table 1. In this method, potential signals of linear change at 
a certain rate were applied to the study electrode within a 
certain potential range. When the potential reached the upper 
(lower) limit of the scanning range, it was reversely scanned 
to the lower (upper) limit, that was, triangle wave potential 
signal scanning. Meanwhile, the current response on the 
electrode during the potential scanning process was 
automatically measured and recorded. The resulting current-
potential curve is called the cyclic voltammogram [15], 
according to which the characteristics of electrochemical 
reactions can be analyzed. 

 
Table 1. Parameter setting of cyclic voltammetry 

 
Initial potential (V) High potential (V) Low potential (V) Scanning rate (V/s) Sampling interval (V) Sensitivity 

-0.9 1 -0.9 0.1 0.001 e-5 
 

2.4 Data processing and analytical method 
 

 
 

Figure 1. The response curve of the Pd electrode to four 
kinds of abalone meat liquid with different freshness 

 

According to the above experimental methods, the self-
constructed electronic tongue was used to detect four kinds of 
abalone meat liquid with different freshness (Refrigerated at 
4℃ for 1 day, 4 days, 7 days and 10 days), and the cyclic 
voltammetry characteristic curves were obtained. The cyclic 
voltammetry characteristic curves of four kinds of abalone 
meat liquid with different freshness were superimposed for 
observation and analysis. Figure 1 shows the voltammetry 
characteristic curve obtained by Pd electrode detection of four 
kinds of abalone meat liquid with different freshness. The 
minimum point on the curve was a distinguishing feature point, 
which was taken as the characteristic value of one 
measurement. A total of 60×8 data matrix was obtained in the 
experiment, in which 8 was the characteristic value of eight 
electrodes, and 60 referred to the 60 groups of data obtained 
by setting 3 samples for each of four kinds of abalone meat 
samples with different freshness and testing each sample for 5 
times. The Grubbs method was used to eliminate abnormal 
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data and the significant β=0.05. After the elimination of 
abnormal data, the average value of 5 repeated measurements 
of each sample was taken as the characteristic value of the 
sample, and a 12×8 data matrix was obtained. In addition, in 
order to eliminate dimensional differences between 
characteristic data, data need to be standardized [16]. The 
commonly used methods include the min-max and z-score 
standardization methods [17, 18]. In this paper, z-score 
standardization was adopted to form a standardized matrix of 
the sample data matrix. Statistical analysis can be conducted 
on the data after data preprocessing. 
 
3. RESULTS AND DISCUSSION 
 
3.1 Analysis of variance (ANOVA) 

 
The response performance of the sensors can directly affect 

the performance of the system [19]. So the stability of the 
response to the same sample and the differentiation of the 
response to different samples are the standards to distinguish 
the performance of sensors [20]. One-way ANOVA was used 
to eliminate the sensors with poor stability and differentiation. 
Each sensor was taken as a factor and the response signal 
characteristic values of 12 samples were taken as the level to 
form a 12×8 data matrix for the homogeneity test of variance. 
One-way ANOVA was carried out on the data matrix 
conforming to the homogeneity test of variance, and the results 
were shown in Table 2. 

 
Table 2. Results of one-way ANOVA of the sensor response 

value 
 

Sensor 
name 

Intra-class mean 
square (10-3) 

F value P value 

Ag 0.005072 5.72 0.0217 
Al 0.09116 1.33 0.3301 
Au 0.0002 36.75 5.01393e-0.5 
Ni 7.43E-05 5.62 0.0227 
Pd 0.00032 20.09 0.0004 
Pt 0.00179 2.33 0.1503 
Ti 2.48E-05 11.22 0.0031 
W 0.00261 12.64 0.0021 

 
The intra-class mean square value represents the stability of 

the sensor response to samples. The smaller the intra-class 
mean square is, the better the stability of the sensor. F and P 
values represent the differentiation of the sensor response to 
samples. The larger the F value and the smaller the P value is, 
the better the sensor can differentiate between different 
samples. The intra-class mean square value is less than 0.01 
and the P value is less than 0.05, indicating that the sensor can 
be used for sample identification [21, 22]. 

As can be seen from Table 2, Al electrode had poor stability 
and differentiation, while Pt electrode had poor differentiation. 
The other six electrodes showed good stability and 
differentiation. Therefore, Al and Pt electrodes were excluded. 
In order to find whether there were significant differences 
between the remaining six electrodes of Ag, Au, Ni, Pd, Ti and 
W, the multiple comparative analysis of variance was further 
carried out, and the results were shown in Table 3. 

As can be seen from Table 3, there were no significant 
differences between Au, Ni, Pd and W electrodes at the 
significant level of 5%. Therefore, when constructing a sensor 
array, one of the four electrodes of Au, Ni, Pd and W can be 
selected to combine with Ag and Ti electrodes, and the six 

electrodes can be combined into four groups, labeled as groups 
Ⅰ, Ⅱ, Ⅲ and IV. Group I includes Ag, Au and Ti, group Ⅱ 
includes Ag, Ni and Ti, group Ⅲ includes Ag, Pd and Ti, and 
group Ⅳ includes Ag, W and Ti, respectively. 
 
Table 3. Results of multiple comparative analysis of variance 

of the sensor response performance  
 

Sensor name Mean value 5% significance level 
Ag 0.93013 a 
Au 0.68059 c 
Ni 0.68382 c 
Pd 0.68043 c 
Ti 0.71299 b 
W 0.60908 c 

 
3.2 Principal component analysis (PCA) 
 

Principal component analysis (PCA) is an unsupervised and 
visual multivariate analysis technique. The function of PCA is 
to reduce the dimension of multidimensional data. A few 
principal components are used to describe the entire sample 
[23, 24]. The new variable of PCA is called the principal 
component (PC), The expression to calculate the score of the 
principal component is: 
 

𝑌 𝑉 𝑋∗ (1) 
 

The cumulative contribution rate 𝑄  of the first 𝑘 principal 
components is:  
 

𝑄
∑

∑
, 𝑘 𝑛  (2) 

 
In the above formulas, 𝑌 is the principal component, 𝑋∗ is 

the standardized matrix of the sample data matrix, 𝑉  is the 
eigenvector matrix corresponding to the eigenroot root 𝜆  
(𝑖=1,2,..., 𝑛). The higher the cumulative contribution rate of 
principal components, the more sample components can be 
detected by the sensor array, and the better the sensor 
identification of samples [25-27]. The initial sensor array 
contained by eight sensors is the original sensor array, and the 
four groups of sensor arrays (groups Ⅰ, Ⅱ, Ⅲ and IV) obtained 
by the above analysis of variance are the newly combined 
arrays. In order to study the identification ability of the original 
sensor array and four groups of newly combined sensor arrays 
on the freshness of abalone, PCA was conducted on the 60×8 
response data matrix of the original sensor array and the 60×3 
response data matrix of the four groups of newly combined 
sensor arrays respectively. The results were shown in Table 4 
and Figure 2 to Figure 6. 

According to the results of PCA, the cumulative 
contribution rates of the first two principal components of the 
four groups of newly combined sensor arrays were higher than 
that of the original sensor array, indicating that the newly 
combined sensor array can cover more sample information and 
had stronger identification ability for the freshness of abalone. 
The cumulative contribution of the group III sensor array was 
the highest at 97.9%. It can also be seen from the PCA charts 
that compared with the original sensor array, the samples of 
the same species are more concentrated in the PCA charts of 
the newly combined sensor array, especially the group III 
sensor array, which indicates that it has the best sample 
identification ability. 
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Table 4. PCA results of the original and newly combined sensor arrays on the four kinds of abalone meat with different freshness 
 

Sensor array 
name 

The variance contribution rate 
of the first principal component 

(PC1) 

The variance contribution rate of 
the second principal component  

(PC2) 

Cumulative variance contribution rate of the 
first and second principal components 

(PC1+PC2) 
Original array 60.2% 23.1% 83.3% 
Group I array 70.5% 26.3% 96.8% 
Group II array 63% 31.7% 94.7% 
Group III array 61.8% 36.1% 97.9% 
Group IV array 74.8% 18.1% 92.9% 

 
 

  
Figure 2. PCA chart of the original sensor array detecting 

four kinds of abalone meat with different freshness 
Figure 3. PCA chart of the group I sensor array detecting four 

kinds of abalone meat with different freshness 

  
Figure 4. PCA chart of the group II sensor array detecting 

four kinds of abalone meat with different freshness 
Figure 5. PCA chart of the group III sensor array detecting 

four kinds of abalone meat with different freshness 

 
Figure 6. PCA chart of the group IV sensor array detecting four kinds of abalone meat with different freshness 

 
3.3. Support vector machine (SVM)  

 
Support vector machine is a supervised machine learning 

method based on statistical learning theory, which can analyze 

data, identify patterns, and be used for classification and 
regression analysis. As a classification model, SVM can map 
the input vector to a high-dimensional feature space through 
some pre-selected nonlinear mapping, and construct the 
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optimal classification hyperplane in this space to maximize the 
separation boundary between different samples, so that the 
samples can be divided into different categories [28, 29]. 

Based on the principal component analysis, the support 
vector machine model was used to classify 60 groups of 
detection data of abalone samples with different freshness 
from the original sensor array and four groups of newly 
combined sensor arrays. Among them, 40 groups of data were 
used for model training and 20 groups of data were used for 
model testing to compare the recognition accuracy of the 

original sensor array and the four groups of newly combined 
sensor arrays. In this paper, the radial basis function (RBF) 
was selected as the kernel function of the support vector 
machine, as shown in the formula below: 
 

𝐾 𝑥, 𝑥 𝑒𝑥𝑝
∥ 𝑥 𝑥 ∥

2𝛾
 (3) 

 
In the formula, 𝑥 is the input vector, 𝑥  is the RBF center, 

and γ represents the width of the nucleus. 
 

  
Figure 7. Confusion matrix of SVM test set of the original 

sensor array 
Figure 8. Confusion matrix of SVM test set of the group I 

sensor array 

 
 

Figure 9. Confusion matrix of SVM test set of the group II 
sensor array 

Figure 10. Confusion matrix of SVM test set of the group III 
sensor array 

 
Figure 11. Confusion matrix of SVM test set of the group IV sensor array 
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In order to achieve a better classification effect, the penalty 
parameter C and the kernel parameter γ in the support vector 
machine model should be optimized, and the combination (C, 
γ) can be optimized by the particle swarm optimization 
algorithm [30, 31]. The particle population was set to 20, the 
maximum number of iterations was set to 100, and the value 
range of C and γ is [10-2,103]. Finally, the particle swarm 
optimization algorithm was used to optimize the parameters of 
the support vector machine. When C=63, γ=0.1839, the model 
classification effect was the best, and then the optimal 
parameters were obtained. The test set was used to test the 
optimized support vector machine model, and the confusion 
matrix of the test set was obtained, as shown in Figure 7 to 
Figure 11. 

It can be seen that in the confusion matrix of the SVM test 
set of the original sensor array, two samples belonging to the 
fourth day were misjudged as the tenth day,1 sample 
belonging to the seventh day and 1 sample belonging to the 
tenth day were misjudged as the first day and the fourth day 
respectively, so the accuracy rate obtained by the SVM 
classifier was 80%. In the confusion matrix of the SVM test 
set of the group Ⅲ sensor array, 1 sample belonging to the 
fourth day was misjudged as the tenth day, and the accuracy 
of the SVM classifier was 95%. The accuracy of the SVM 
classifier for detection data of the group I, II and IV sensor 
arrays was 90%, 85% and 90%, respectively. As can be seen 
from the confusion matrix figures above, for abalone samples 
with four kinds of different freshness, the classification 
accuracy of the SVM model of the newly combined sensor 
arrays was higher than that of the original array, especially the 
classification accuracy of the group Ⅲ was better than that of 
other groups. 

Through principal component analysis and support vector 
machine classification, it can be seen that the group Ⅲ sensor 
array is superior to the original sensor array and the other three 
groups of newly combined sensor arrays in terms of sample 
information coverage and classification recognition 
performance. Therefore, the group Ⅲ sensor array (Ag, Pd, Ti) 
is selected to identify the freshness of abalone to achieve the 
best results. 
 
4. CONCLUSION  

 
A sensor array composed of eight inert metal electrodes was 

used to identify four kinds of abalone with different freshness. 
Based on the signal data of the sensor array, the optimization 
of the sensor array was carried out by analysis of variance, 
principal component analysis and support vector machine. 

(1) In the one-way analysis of variance, the stability of the 
sensor response to the same sample and the differentiation of 
the sensor response to different samples was determined by the 
intra-class mean square value, F value and P value. The 
sensors which meet the requirements of stability and 
differentiation, can be further analyzed by multiple 
comparison analyses, and the sensors were classified and 
combined according to their significant differences. 

(2) The results of the principal component analysis showed 
that the cumulative variance contribution rates of the first two 
principal components of the newly combined sensor arrays 
were improved, among which group III had the highest 
cumulative variance contribution rates of the first two 
principal components, reaching 97.9%. This indicates that the 
group III sensor array exhibits the best ability to distinguish 
samples. 

(3) The results of the support vector machine were 
consistent with those of the principal component analysis. The 
classification performance of the group Ⅲ  sensor array is 
better than other groups, which further verifies the results of 
principal component analysis. 
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