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Abstract Accurate classification of wine quality may helps to improve making technology of wine. For achieving 

more effective quality classification, a classification method named DE_PSO_SVM (dataset enhancement 

(DE)_particle swarm optimization (PSO)_support vector machine (SVM)) is proposed. The correlation between 

feature attributes and classification labels of wine samples were analyzed to achieve dimension reduction. DE was 

achieved by calculating the different weight sums of adjacent odd and even rows, both of which belong to the 

same class of samples. PSO was used to search for the optimal parameters of a Gaussian kernel function, which 

were substituted in the SVM model to classify wine. K-nearest-neighbor (KNN), random forest (RF) and 

classification and regression tree (CART) were also used to test the wine classification. In 7-fold cross-validation 

on three wine datasets, the average Precision, Recall, and F1score of DE_PSO_SVM were best. The results show 

that enhancing datasets with small samples and searching for the optimal super parameters by PSO improved the 

performance of the wine classification model. 

Keywords: machine learning, dimension reduction, dataset enhancement, PSO, SVM, KNN, RF, CART. 
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1 Introduction 

How to effectively evaluate wine quality is important in the development of the wine industry, because it 

helps to improve making technology to wine, and avoids unfair competition when the wine quality grade is 

adulterated and the quality grade cannot be classified correctly [1]. With the prevalence of classification by 

machine learning, the main strategy of wine quality evaluation is no longer the traditional chemical inspection 

method, but is instead using machine learning technology to classify the quality according to each attribute of 

wine [2]. 

Research on wine classification using machine learning methods includes the following. N.L. da Costa et al. 

[3] built a decision system to classify wines based on support vector machine (SVM) along with correlation-based

feature selection (CFS) and random forest importance (RFI), achieving an accuracy of 93.97% with only nine

characteristic attributes. L. Portinale et al. [4] presented an intelligent detection method based on machine learning

to evaluate the authenticity and security of Nebbiolo wines; the results show that machine learning contribution is

to select a supervised strategy and a suitable set of classifiers, and classification methods such as Bayesian

Networks, Multy-Layer Perceptrons, and SVM are very promising in this context. Jin L et al. [5] presented a
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modified multi-output Chebyshev-polynomial feed-forward neural network (MOCPFFNN) to classify a group of 

wines from three producing areas, with accuracy of the training and test sets as high as 99.17% and 94.83%, 

respectively. K. M. Veena et al. [6] used four classification methods (KNN, CART, Naive Bayes [NB], SVM) to 

classify wines from the KEEL dataset. The results showed that the cart classification method had the best effect, 

with an average accuracy of 56.2%. M. A. Duarte-Mermoud et al. [7] used SVM and linear discriminant analysis 

(LDA) to classify a typical wine from Chile, with classification accuracy of 68% and 71%, respectively. Ashley 

Laughter et al. [8] built various classification modeling systems for Vinho Verde wine data, whose results suggest 

that the mobile neural network (MNN) and RF models performed with higher classification accuracies (70% and 

72%, respectively). Yuhui Zhao et al. [9] suggested a grape variety detection method using primary component 

analysis (PCA) and extreme learning machine (ELM), which shows that the proposed model is better than the 

separate ELM in classification ability. Cheng-Long Ma et al. [10] presented an improved classification model 

(GLPSVM) for a wine dataset, with a recognition rate above 97%. 

Although these studies have achieved good classification results, however, there is still room for further 

improvement of classification accuracy. So we propose a new classification method. 

The contributions of this study are as follows: 

(1) Considering that higher dimensions of attributes of wine samples are bound to increase calculation in 

machine learning, this study carries out a statistical analysis of wine datasets and calculates the correlations of 

characteristic attributes, so as to reduce the dimensions of feature attributes; 

(2) Fewer samples are not conducive to model training. Adjacent odd and even rows of the same class are 

weighted and summed to generate new samples to implement dataset enhancement (DE); 

(3) The hyperparameters of a Gaussian kernel function have a great influence on classification accuracy. This 

study uses particle swarm optimization (PSO) to search the optimal super parameters of the Gaussian kernel 

function, and are substituted in a support vector machine (SVM) model to classify wine. 

The above three aspects are summarized as the DE_PSO_SVM classification method proposed in this study. 

As these methods of KNN, RF and CART are typical classification methods in machine learning, and in order to 

compare different classification effects, K-nearest neighbor (KNN), random forest (RF) and classification and 

regression tree (CART) are also used to classify wine in three datasets. 

Results of 7-fold cross-validation show that DE_PSO_SVM can dynamically adjust the hyperparameters of the 

classification model using only part of the characteristic attributes of wine datasets, achieving a better effect than 

KNN and RF. 

2 Materials and Methods 

We first classified Italian wine datasets, with 178 samples in three categories named Class 1, 2 and 3 [11], 

numbered 1, 2, and 3, with 13 characteristic attributes (attr1–attr13), respectively: alcohol, malic acid, ash, 

alcalinity of ash, magnesium, total phenols, flavanoids, nonflavanoid phenols, proanthocyanins, color intensity, 

hue, od280/od315 of diluted wines, and proline. 

2.1 Statistical Analysis and Attribute Dimension Reduction 

The 13 characteristic attributes in the original 178 samples of Italian wine datasets are bound to increase the 

computational complexity in the process of machine learning classification. We determined the statistics of each 

attribute data on the 178 samples, with results as shown in Table 1. 

Table 1: Statistics of characteristic attributes. 

              attribute  attr1 attr2 attr3 attr4 attr5 attr6 attr7 attr8 attr9 attr10 attr11 attr12 attr13 

mean 13.00  2.34  2.37  19.49  99.74  2.30  2.03  0.36  1.59  5.06  0.96  2.61  746.89  

std 0.81  1.12  0.27  3.34  14.28  0.63  1.00  0.12  0.57  2.32  0.23  0.71  314.91  

min 11.03  0.74  1.36  10.60  70.00  0.98  0.34  0.13  0.41  1.28  0.48  1.27  278.00  

25%  12.36  1.60  2.21  17.20  88.00  1.74  1.21  0.27  1.25  3.22  0.78  1.94  500.50  

50%  13.05  1.87  2.36  19.50  98.00  2.36  2.14  0.34  1.56  4.69  0.97  2.78  673.50  

75%  13.68  3.08  2.56  21.50  107.00  2.80  2.88  0.44  1.95  6.20  1.12  3.17  985.00  

max 14.83  5.80  3.23  30.00  162.00  3.88  5.08  0.66  3.58  13.00  1.71  4.00  1680  
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In Table 1, the mean is the average value of an attribute; min and max are the respective minimum and 

maximum values; 25% represents the quarter of all sample values, and 50% and 75% represent one-half and three-

quarters, respectively, of all sample values. It can be seen that the values of attr13 are significantly larger than 

other attribute values, so normalization is required. The attribute values in the mean and 50% interval are very 

close. The standard deviation, STD, is smaller, which means that the corresponding attribute data of each sample 

are close to the mean as a whole, and there are few abnormal data, but the weak diversity of the data will lead to 

the poor generalization ability of the training model. Therefore, in feature dimension reduction, we should 

investigate the correlation as well as considering the standard deviation. 

To analyze the correlation between the 13 characteristic attributes of the three types of wine datasets and the 

classification label, the correlation coefficient [12] between each attribute and classification label is calculated as 

     
cov( , )

( ) ( )
x y

r
v x v y

=                                                                    (1) 

where cov( , )x y  is covariance, and ( ) ( )v x v y  represents variance. Figure 1 is a thermal map of correlation 

values, which shows that the correlations between attr1, attr3, attr5, attr10, and the classification label are poor, at 

33%, 5%, 21%, and 27%, respectively. The correlation of these four attributes is less than 35%, which shows that 

the other nine attributes play a decisive role in the classification results. The correlation between attr6 and attr7 is 

86%, and that between attr12 and attr7 is 79%. However, the correlation between attr7 and the classification labels 

is the highest, at 85%. Through the above statistical analysis, we select attr2, attr4, attr7, attr8, attr9, attr11, and 

attr13 for classification, which can effectively reduce the complexity of calculation. 

 

Fig. 1. Thermal map of correlation values. 

2.2 Dataset Enhancement 

Since there are only 178 samples in the original Italian wine datasets, to improve the training accuracy of the 

model and the generalization ability of the test, we consider enhancing the dataset, i.e., increasing the number of 

training samples. Suppose Lj,k, Lj+1,k represents the attribute values of column K of rows j and j+1 of the wine 

dataset. Then we multiply each adjacent odd and even row in the same sample by different weights and sum them 

to obtain new samples, as in (2) and (3). 

, 1,* 0.8 * 0.2m j k j kL L L += +                                                                        (2) 

, 1,* 0.2 * 0.8n j k j kL L L += +                                                                       (3) 
where m=153,154,155,..., 228; n=229,230,231,..., 304; j=1,3,5, ... 151; and k=2, 4, 7, 8, 9, 11, 13. i.e., k 

represents the characteristic attributes selected above. 
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2.3 Determination of SVM Hyperparameters by PSO 

2.3.1 Key Elements of SVM Classification 

SVM is a regression model based on a support vector, whose idea is to increase the dimension and linearize. 

A feature space in which dataset Xi cannot be classified linearly is mapped to a high-dimensional feature space 

through a nonlinear function to transform it to a linear problem. The SVM algorithm finds a linear hyperplane 

with the largest interval from the support vector in the high-dimensional feature space to classify the data. The 

optimal solution is also transformed to a plane optimization problem, and the high-dimensional classification 

surface is mapped back to a low-dimensional space in which Xi is classified [13]. 

In the case of this nonlinear segmentation, the optimal classification surface is improved by adding a 

relaxation term to the limiting conditions [10]. Assume the training dataset is {Xi, Yi}, i = 1, 2, ..., n. Set the 

sample x(xRd) and the corresponding classification label y(y{-1, 1}). Then the problem of finding the optimal 

plane becomes that of finding the minimum value of 
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where is the weight,  is the relaxation term, and C is the penalty coefficient that determines the penalty degree 

to right and wrong samples. When C is larger, the penalty for misclassification is greater, so the training accuracy 

is higher, but the generalization ability becomes worse. For the minimum problem of equation (1), the Lagrange 

multiplier is introduced, and the objective function becomes 
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where i is the Lagrange multiplier, and we take the partial derivative, as shown in equations (6) and (8): 
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We substitute equations (7) and (9) in equation (5) to obtain 
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in which we can see a dot product between the classification sample and support vector. This product can be used 

directly for two-dimensional classification, but an inner product is needed in high-dimensional space. The purpose 

is to transform the low-dimensional feature space to a high-dimensional feature space, i.e., to replace the point 
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product in the optimal classification surface with a kernel function, such as a linear, Gaussian, or polynomial 

kernel function [2]. 

2.3.2 Setting of Optimal Parameters by PSO 

As the Gaussian kernel function is selected for training the model in the SVM classification method, the 

coefficient   and penalty factor C must be set. Their improper selection will have a great impact on the training 

and testing accuracy of the model. PSO is a random search algorithm that simulates biological activities in nature. 

It randomly generates a certain number of particles as the effective solution of the search space, and then carries 

out iterative search. The fitness value of particles is determined by the fitness function corresponding to the 

problem, and the optimization result is obtained [14] [15]. The training accuracy of the model is taken as the 

fitness function, the coefficient   and the penalty factor C are taken as particles, the speed and position of 

particles are updated continuously, and the optimal solution searched for by each particle is calculated. The 

individual extreme value with the best fitness in the particle swarm is the global optimal solution, and the 

corresponding particle is the best parameters  and C. The optimal parameters are substituted in the Gaussian 

kernel function model. 

3 Experimental Steps 
To obtain a reliable and stable model and to analyze objectively the distribution of all samples, the 7-fold 

cross verification method is used for the experiment which means that each sample can be used as both a training 

set and a verification set. The experimental steps of DE_PSO_SVM are as follows: 

(1) According to the analysis of the correlation between the characteristic attributes of the wine datasets and 

the classification label, their original dimension is reduced, and only some attributes having higher correlation 

with classification labels are selected; 

(2) On the basis of dimension reduction, samples are added according to formulas (2) and (3), so that the 

number of new samples is double the number of original samples, and the new samples are allocated crossed at 7-

folds based on PSO; 

(3) We set the feasible region for the coefficient  and penalty factor C of the Gaussian kernel function, 

randomly generate 15 particles as the initial particle swarm, and set the number of iterations to 10. Acceleration 

factors C1 and C2 are set to 0.5, and the velocity elasticity coefficient is set to 0.5; 

(4) The different combinations of  and C are substituted in the Gaussian kernel function, and the model is 

trained with the training set and SVM classification, the fitness value of each time is recorded, and the particle 

with the largest fitness in this round enters the next generation; 

(5) We dynamically adjust the changed speed and position of particles according to the excellent particle data 

selected by the previous generation based on PSO, and return to step (4). At the same time, we compare the 

optimal fitness value of this generation with that of the previous generation, and keep the highest fitness value 

with the corresponding particles; 

(6) We judge whether the number of iterations reaches the set value. If it has not reached the tenth generation, 

we return to step (5), and otherwise we record the global best  and C; 

(7) The global best coefficients  and C are substituted in the SVM model for verification; 

(8) We select the training and verification sets of other parts and return to step (4) until the 7-fold data are all 

verified. 

4 Results and Analysis 

The Italian wine datasets were verified by DE_PSO_SVM, KNN, RF and CART. 

4.1 Results of DE_PSO_SVM 

The results of experiments with DE_PSO_SVM are shown in Fig. 2, Fig. 3 and Fig. 4. 
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Figure. 2. Representation of 7-fold cross-verification results with confusion matrix. 

 

 

            

(a) No.1 Fold                      (b) No.2 Fold                      (c) No.3 Fold  

 

(d) No.4 Fold            (e) No.5 Fold              (f) No.6 Fold              (g) No.7 Fold 
 

Figure. 3. ROC curve of 7-fold cross-verification results. 

Figures 2(a)–(g) are the confusion matrices of the classification output of the first- through seventh-fold 

verification sets, respectively. The total number of samples in each fold is basically the same, and the number of 

three types of samples is relatively close. Except for one classification error in the first fold verification sets, the 

classification results were absolutely right. 

Figures 3(a)–(g) show the ROC curves of the classification output of the first- through seventh-fold 

verification sets, respectively. The AUC of the first fold does not reach 1.0 but 0.9998, and the others are all 1.0. 

The result reflected in Figure 3 is consistent with that in Figure 2. 
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Figure. 4. Precision, recall, and F1 score by method of DE_PSO_SVM. 

Figures 4(a)–(c) respectively show the precision, recall, and f1score of 7-fold cross-verification, and their 

average values for each class on the wine datasets are shown in Table 2. It can be seen that the classification effect 

of class 1 samples is the best, and hence the characteristic distribution of type 1 samples is the most reasonable. 

Table 2: 7-fold average values by DE_PSO_SVM method. 

Class Class 1 Class 2 Class 3 

Precision 1.000  1.000  0.990  

Recall 1.000  0.993  1.000  

F1score 1.000  0.996  0.995  

4.2 Results of KNN Method 

The idea of KNN classification is that if most of the k-nearest samples of the dataset belong to a certain 

category in the feature space, the sample also belongs to that category [6]. The results of 7-fold cross-validation 

by the KNN method using the Italian wine datasets are shown in Figure 5. 
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Figure. 5. Precision, recall, and f1score by KNN method. 
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The 7-fold average values of precision, recall rate, and f1score of each class on the Italian wine datasets are 

shown in Table 3. It can be seen that the classification precision of class 1 samples is the highest, while class 2 

samples have the highest recall. 

Table 3: 7-fold average values by KNN method. 

Class Class 1 Class 2 Class 3 

Precision 1.000  0.878  0.982  

Recall 0.933  0.986  0.850  

F1score 0.965  0.928  0.912  

4.3 Results of RF Method 

RF uses multiple decision trees to train and predict samples. Its output category is determined by the mode of 

the category output by individual trees [16]. Considering that the sample category is 3, we set the number of trees 

of the RF method to 3, other parameters adopt the default values, such as oob (out of bag) is set to “False” and the 

maximum depth of each tree is 10. The programming language is Matlab. Figure 6 shows the results of 7-fold 

cross-validation by the RF method on the Italian wine datasets. 
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Figure. 6. Precision, recall, and f1score by RF method. 

 

The average precision, recall rate, and f1score of each type of wine are shown in Table 4, The classification 

effect of these three types of samples is very close, and each index is more than 90%, which indicates that the 

classification effect of RF method is relatively balanced. 

 

Table 4: 7-fold average values by RF method 

Class Class 1 Class 2 Class 3 

Precision 0.984 0.934 0.903 

Recall 0.950 0.916 0.956 

F1score 0.967  0.925  0.929  
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4.4 Results of CART Method 

 
               Figure. 7. Precision, recall, and F1score by CART method. 

 

CART model [17] [18] is a decision tree learning method used widely , which classifies data through a series 

of rules. There are two core problems of decision tree: one is to use training data to complete the generation 

process of decision tree; the other is to use testing data to simplify the decision tree.process, and each step is 

optimized in the direction of a small residual. We set the standard of split node as 'gini', and the minimum number 

of samples required by the leaf nodes is the number of all sample categories, that is 3. Other parameters are 

default. 

Table 5: 7-fold average values by CART method 

Class Class 1 Class 2 Class 3 

Precision 0.986  0.962  0.982  

Recall 0.966  0.971  0.980  

F1score 0.976  0.967  0.981  

The 7-fold average values by  CART method are shown in Table 5. It can be seen that each index is more than 

96%, and the classification effect of these three types of samples is very close. 

5 DISCUSSION 
From Tables 2 to 5, and Figures 4 to 6, it can be seen that the classification effect of  Class 1 in the data set is 

relatively better, while the classification effect of Class 2 and 3 is relatively poor. So, this indicates that the 

characteristic attributes of samples are better to represent Class 1, while the representation ability to other classes 

is weak. This may be due to the uneven distribution of the characteristic attribute values of the Class 2 and 3 of 

samples, or the existence of abnormal values. 

The other two wine datasets are red and white variants of Portuguese wine [19], which are both selected 3 

categories to classify by the four methods of DE_PSO_SVM, KNN, RF and CART.  

The comparison of the classification effects of the four methods is shown in Table 6, in which the average 

values of three indicators are “Average Precision,” “Average Recall,” and “Average F1score,” which means that 

the classification results of samples for all categories obtained by 7-fold cross validation are averaged. 

The results show that classification effects by DE_PSO_SVM are better than that by KNN , RF and CART. 

The four classification methods perform best on the Italian wine dataset, which is closely related to their 

eigenvalue distribution, such as that the sample distribution is relatively balanced and there are no outliers. 
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Table 6： Comparison on classification effect  

Dataset Algorithm Average Precision Average Recall Average F1-Score 

Italian wine 

KNN 0.953 0.923 0.935 

DE_PSO_SVM 0.997 0.998 0.997 

RF 0.940 0.941 0.940 

CART 0.977 0.972 0.975 

White variants of Portuguese wine 

KNN 0.637 0.543 0.559 

DE_PSO_SVM 0.692 0.655 0.669 

RF 0.636 0.638 0.635 

CART 0.690 0.656 0.662 

Red variants of Portuguese wine 

KNN 0.650 0.579 0.596 

DE_PSO_SVM 0.708 0.649 0.668 

RF 0.623 0.632 0.624 

CART 0.701 0.644 0.665 

 

6 CONCLUSION 

The DE_PSO_SVM classification method proposed enhances simply and effectively a dataset, improves 

classification precision, and the super parameters of the Gaussian kernel function can be set automatically by 

the combination of SVM classification and a PSO algorithm. Verification results show that although 

DE_PSO_SVM uses fewer feature attributes of the sample set, its classification effect is very good. It is a pity 

that its effect on variants of Portuguese wine is not good. Our future work will investigate whether deep 

learning technology can be used to improve the classification effect. 
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