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Abstract 13 

Background: For tea, tea polyphenols is an essential indicator to measure the quality of tea. In 14 

this paper, the content of four tea polyphenols in fresh tea was determined by visible and 15 

near-infrared spectroscopy combined with chemometrics.  16 

Results: First, the spectrum data of three kinds of tea, Juhuachun (J), Zhenong25 (Z) and 17 

Yingshuang (Y) were collected. A total of 159 samples were collected, 106 of which were used for 18 

calibration and 53 for prediction. Then the content of tea polyphenols was determined by HPLC 19 

and the physicochemical value samples were established. Subsequently, the spectral data was 20 
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preprocessed to eliminate noise interference, and a partial least squares (PLS) model was 21 

established to select the optimal preprocessing method. In order to improve the efficiency and 22 

accuracy of detection, Competitive adaptive reweighted sampling (CARS), Successive projections 23 

algorithm (SPA) and Random frog algorithm (RF) were used to extract characteristic wavelengths 24 

from the pretreatment spectrum. Based on characteristic wavelengths, PLS, multiple linear 25 

regression (MLR) linear models and least squares support vector machine (LS-SVM) nonlinear 26 

models were established to predict the content of four tea polyphenols. The performance of 27 

LS-SVM models is superior to that of PLS and MLR models. The RP
2 values of the four tea 28 

polyphenols LS-SVM models based on SPA and CARS were increased to 0.996, 0.991, 0.997, 29 

0.988 and 0.997, 0.991, 0.997, 0.984, respectively. The RP
2 values of the four tea polyphenols 30 

LS-SVM models based on RF were also increased to 0.996, 0.986, 0.994 and 0.977.  31 

Conclusions: It can be found that the LS-SVM model based on SPA is the most suitable 32 

prediction model for the content of tea polyphenols. It has the least input variables and better 33 

performance. Therefore, visible and near-infrared spectroscopy can be used as an effective method 34 

to measure the content of tea polyphenols in fresh tea. 35 

Keywords：Visible and near-infrared spectroscopy; Tea polyphenols; Partial least squares; 36 

Multiple linear regression; Least squares support vector machine; Characteristic wavelengths; 37 

 38 

1. Introduction 39 

Green tea is one of the three drinks with the largest consumption in the world because of its 40 

unique taste, high nutritional value and health care effect on human body. Tea polyphenols are also 41 
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the most important functional substance in tea. Its main components not only affect the taste of tea, 42 

but also have a remarkable influence on the nutritional value of tea. The content difference of tea 43 

polyphenols in tea leaves has important influence on the quality of tea leaves. 44 

Tea polyphenols are the general term for polyphenol compounds in tea and its main 45 

component is catechin. There are 9 kinds of catechin monomers, of which 4 monomers, EGC 46 

(epigallocatechin), EGCG (epigallocatechin gallate), EC (epicatechin) and ECG (epicatechin 47 

gallate) content is higher than other monomers [1]. Studies have shown that tea polyphenols, as an 48 

antioxidant, have a preventive effect on cancer and various cardiovascular diseases [2]. It can 49 

improve the immunity of human body and have a good health care effect on human body, which is 50 

an important symbol to measure the quality of tea [3]. 51 

At present, the detection of tea polyphenols and other chemical components in tea mainly 52 

adopts high performance liquid chromatography (HPLC) [4]. This method has some disadvantages 53 

such as longer analysis time, more complicated operation and higher requirement on instrument 54 

and equipment. The non-destructive spectroscopy technology can provide sample information 55 

without damaging the sample. Therefore, in recent years, the spectral detection technology has 56 

been studied deeply [5] and the spectral based tea quality detection technology has also been 57 

developing continuously. Zhang et al. [6] used visible and near-infrared spectroscopy to rapidly 58 

detect the water content in tea leaves. Jin [7] achieved rapid quantitative detection of physiological 59 

and biochemical indicators of tea under heavy metal stress based on hyperspectral imaging 60 

technology. Dutta et al. [8] combined remote sensing technology and near-infrared spectroscopy to 61 

identify the quality of black tea and green tea. Chen et al. [9] used surface-enhanced Raman 62 

spectroscopy to analyze the quality of tea. 63 
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Near-infrared spectroscopy technology has been widely used in the detection of tea chemical 64 

components in recent years because of its fast, simple and portable characteristics. Bai et al. [10] 65 

established a detection model for tea polyphenols, moisture and caffeine content in tea powder 66 

based on near-infrared spectroscopy technology. Liu Ze et al. [11] rapidly determined tea 67 

polyphenols and other compounds in Pu'er tea by combining near-infrared spectroscopy and 68 

weighted partial least square method. Zhang [12] used near-infrared spectroscopy to detect the 69 

content of tea polyphenols in different leaf positions. 70 

In this article, three tea varieties were used as samples. After preprocessing the spectral data 71 

by different methods, established a partial least squares regression model. Then, successive 72 

projections algorithm (SPA) , competitive adaptive reweighted sampling (CARS) and random frog 73 

(RF) were used to extract the characteristic wavelengths. Based on the characteristic wavelengths, 74 

partial least squares regression model (PLS), multiple linear regression model (MLR) and least 75 

square support vector machine model (LS-SVM) were established respectively. And through the 76 

determination coefficient (R2) and root mean square error (RMSE) to evaluate the predictive 77 

ability of the model. 78 

The objectives of this study were: (1) to explore the feasibility of visible and near-infrared 79 

spectroscopy in predicting tea polyphenols content; (2) to evaluate the performance of the three 80 

kinds of method to extract characteristic wavelengths; (3) to establish a high efficiency and high 81 

accuracy predictive model to detect the content of tea polyphenols in tea. 82 

2. Materials and methods 83 

2.1. Sample preparation 84 
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Three tea samples were used in this experiment, Juhuachun (J), Zhenong25 (Z) and 85 

Yingshuang (Y), which were picked at the Huajiachi Campus of Zhejiang University (120.206 E, 86 

30.274 N). A total of 159 tea samples were obtained for the experiment, and all the samples were 87 

divided into calibration set and prediction set according to 2:1. There were 106 samples in the 88 

calibration set and 53 samples in the prediction set. 89 

2.2. Spectra acquisition 90 

The Vis-NIR spectra were collected by using a near infrared spectrometer (XDS, Foss Pacific 91 

Pty Ltd, Denmark) in this experiment. Spectral resolution of 2 nm over the range of 400-2498 nm, 92 

and it contains 1050 bands. To simulate the state of the tea leaves just picked, no tea samples were 93 

processed. In order to improve the signal to noise ratio, each tea sample was scanned three times 94 

and the average data of the three spectra was used for the next analysis. The spectral collection 95 

and analysis were conducted by the ISIscan 1.50 (Infrasoft International LLC, State College, PA, 96 

USA).  97 

2.3. HPLC measurement 98 

After collecting the spectra, the tea samples were frozen in a freeze-dryer (LABCONCO, 99 

USA) for 24 hours. Then, the sample was ground into a powder with a grinder (FW100, Taisite 100 

Instrument Co., Ltd., Tianjin, China) and sieved through a 60-mesh sieve to obtain a sample of tea 101 

powder. Subsequently, 0.1g of each tea powder sample was weighed and 25mL water was added 102 

to stir evenly. The tea powder was heated in a water bath at 85℃ for 20min. The supernatant was 103 

filtered by a 0.22μm membrane filter and then analyzed by HPLC [13]. The whole experiment was 104 

conducted at room temperature and in the dark to avoid the decomposition of tea polyphenols. 105 
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In this experiment, shimadzu LC-2-AD HPLC system (Shimadzu Co., Kyoto, Japan) with 106 

UV–Visible detector (wavelength range: 190–600 nm) was used. Mobile phase were: (A) acetic 107 

acid/acetonitrile/distilled water (0.5:3:96.5) and (B) acetic acid/acetonitrile/distilled water 108 

(0.5:30:69.5). The flow rate was 1.0 mL/min and the injection volume was 10μL. The UV 109 

detection wavelength was 280nm and the column temperature was maintained at 35℃. 110 

2.4. Spectral preprocessing 111 

In addition to the chemical composition information of the sample, the spectral data collected 112 

through near-infrared spectroscopy may also include noise pollution and baseline drift caused by 113 

some equipment or the external environment. It will reduce the accuracy of the calibration model. 114 

Therefore, the data needs to be processed to eliminate the interference of these irrelevant 115 

information. This article uses three preprocessing methods, namely Savitzky-Golay smoothing, 116 

standard normal variate (SNV), and baseline correction (Baseline). The PLS model is established 117 

by pretreatment spectrum, and the effect of the preprocessing method is evaluated according to the 118 

performance of the model. The preprocessing and PLS modeling were carried out in Unscrambler 119 

10.1. 120 

2.5. Extraction of characteristic wavelengths 121 

NIR spectroscopy usually contains thousands of variables, of which quite a few variables 122 

have a collinearity relationship and some variables contain useless information. Therefore, using 123 

full spectral data for modeling will not only increase the calculation time of the model and reduce 124 

the detection efficiency, but also has a certain impact on the predictive ability of the model. To 125 

address this problem, it is necessary to extract characteristic wavelengths from the full spectrum 126 
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data to reduce the dimension of the NIR spectrum [14]. The CARS, SPA and RF were used to 127 

extract characteristic wavelengths in this paper. 128 

2.5.1. Competitive adaptive reweighted sampling 129 

CARS is a common method for selecting spectral variables. By combining exponentially 130 

decreasing function (EDF) with adaptive reweighted sampling (ARS) , the wavelength points with 131 

large absolute regression coefficient in the PLS model are selected and the wavelength points with 132 

small weight are eliminated. Then, the lowest the root mean square error (RMSE) subset is 133 

selected as the characteristic wavelength set through cross-validation [15]. The running process of 134 

CARS mainly includes the following four steps: (1) Sample the model by Monte Carlo method; (2) 135 

Remove variables by exponentially decreasing function; (3) Remove variables further by adaptive 136 

reweighted sampling; (4) Calculate the RMSEV value of the variable subset, and selecting the 137 

subset with the smallest RMSEV as the characteristic wavelength set [16]. 138 

 2.5.2. Successive projections algorithm 139 

SPA is mainly used to solve collinearity problems in multiple linear regression problems. In 140 

recent years, it has been widely used. SPA is a forward cycle selection method, which begins with 141 

a wavelength, successive cycle forward calculation. Each time the projection of the selected 142 

wavelength on the unselected wavelength is calculated, the wavelength with the largest projection 143 

distance is introduced into the characteristic wavelength set. Finally, a multiple linear regression 144 

model is established for each selected wavelength to obtain RMSE of the validation set. The 145 

smallest RMSE the characteristic wavelength subset is the optimal set [17]. SPA can select the 146 

wavelength with minimum collinearity from all spectral data to reduce the number of wavelengths 147 



 8 

required for model establishment. Thus, it can improve detection efficiency. SPA mainly includes 148 

the following three steps: (1) Calculate the projection of the selected wavelength on the unselected 149 

wavelength through the algorithm, and obtain the candidate subset with the minimum collinearity 150 

variable; (2) Calculate the RMSEV of the validation set using multiple linear regression; (3) Select 151 

the subset corresponding to the minimum RMSEV and remove the irrelevant variables [18]. 152 

2.5.3. Random frog algorithm 153 

Random frog algorithm is an algorithm proposed based on inspiring group optimization to 154 

solve combinatorial optimization problems. It constructs a Markov Chain in the model space to 155 

calculate the probability of each variable being selected, and selects the characteristic wavelength 156 

according to the probability of being selected. RF has high detection efficiency and excellent 157 

global search capability. The main steps of RF are divided into the following 3 steps: (1) Initialize 158 

the variable subset V0 containing variable Q, the number of iterations N and other parameters; (2) 159 

Propose a candidate subset V* containing variable Q* based on V0, take V* with a certain 160 

probability as V1 and replace V0 with V1. Then, perform a new round of iterations until N 161 

iterations are performed; (3) Calculate the probability of each wavelength being selected. The 162 

greater the probability, the more important the wavelength [19]. Thus, the characteristic 163 

wavelength is selected. 164 

2.6. Model establishment and evaluation 165 

In this paper, PLS and MLR were used to establish a linear model and LS-SVM was used to 166 

establish a nonlinear model to predict four kinds of tea polyphenol monomers.  167 

PLS is the most widely used modeling method in spectral analysis due to its advantages of 168 
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convenience, stability, accuracy, and wide applicability [20]. In PLS analysis, the information in 169 

the spectral matrix and the concentration matrix can be considered at the same time. Thereby 170 

improving the predictive ability of the model and having the ability to process a large amount of 171 

spectral data [21]. Therefore, PLS was used to model the full spectrum data and characteristic 172 

wavelengths in this paper. And through the performance of the PLS model to evaluate the effect of 173 

the pretreatment method. 174 

MLR is a method used to analyze the relationship between multiple independent variables 175 

and a single dependent variable. It is often used to deal with linear problems in models [22]. MLR 176 

is only applicable to data with a sample number more than the spectral number, so MLR is often 177 

used to establish a calibration model based on the characteristic wavelength. 178 

LS-SVM is an improved algorithm based on support vector machine. It replaces the more 179 

complicated quadratic programming method in the original SVM by solving a set of linear 180 

equations to increase the speed of calculation and reduce the complexity [23]. The input variables 181 

with rich information content can improve the operational efficiency of LS-SVM, so LS-SVM can 182 

deal with both linear and nonlinear problems [24]. 183 

After the model was established, the predictive performance of the model was evaluated by 184 

R2, RMSE and residual predictive deviation (RPD), respectively [25]. The calculation formula of 185 

these indicators is as follows: 186 
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Where n  is the number of samples, 
iy  is the actual chemical value of the ith sample, 

iŷ  190 

is the predicted value of the ith sample, and 
iy  is the average of the actual chemical values of all 191 

samples. This study was conducted in Unscrambler10.1 (CAMO PRECESS AS, Oslo, Norway) 192 

and Matlab2010a (The Math Works, Natick, USA) . 193 

3. Results and discussion 194 

3.1. Vis-NIR spectroscopy analysis 195 

NIR spectroscopy is based on the stretching vibration and combined frequency between 196 

molecules to absorb the spectrum. Because the spectral absorption characteristics of different 197 

groups are significantly different, the near-infrared spectrum can reflect the molecular structure 198 

and composition information of the sample. The Vis-NIR spectroscopy of tea samples within the 199 

range of 400nm-2500nm are shown in Figure. 1. The visible region is 400-800nm, and the 200 

near-infrared region is 800-2500nm. 201 

There were two absorption peaks in the visible region, located at 480nm and 670nm, which 202 

were mainly caused by the absorption of O-bonds and O-H bonds [26]. There were 7 main 203 

absorption peaks in the near-infrared region, and the relatively flat absorption peak at 1200nm was 204 

mainly caused by the C-H bond stretching of CH2. The absorption peak around 1470nm was 205 

generated by the O-H and C-H bonds. The absorption peak near 1735nm was generated by the 206 

vibration of the C-H bond of CH3. While the strong absorption peak at 1930nm was caused by the 207 

combined transformation of O-H bond and HOH [27]. The absorption peak at 2140nm was 208 
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generated by the combination of N-H and C=O bond vibration. The weak absorption peaks at 209 

2310nm and 2350nm were generated by C-H bond bending and C-H bond stretching, respectively 210 

[28]. 211 

 212 

Fig. 1  Visible and near-infrared spectroscopy of tea samples 213 

3.2. Comparison of different spectral preprocessing methods 214 

The spectral preprocessing can eliminate the undesirable factors such as noise interference 215 

and baseline drift during the experiment. Three different pretreatment methods, SG smoothing, 216 

SNV and baseline, were used to process the original spectral data in this paper. And the PLS 217 

model was established with the processed data to evaluate the advantages and disadvantages of the 218 

preprocessing method according to the model capability. The PLS models of 4 kinds of tea 219 

polyphenols based on 3 preprocessing methods and original spectra are shown in Table 1. 220 

As can be seen from the table that for the EGC monomer, the model after SNV treatment has 221 

the best effect, which can slightly improve the performance of the model. As far as EGCG is 222 
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concerned, the ability of the model after preprocessing is somewhat reduced. The model of EC 223 

monomer is similar to that of EGC, SNV can improve the predictive ability of the model slightly. 224 

Similar to EGCG, the ECG model based on raw spectral data is superior to the model built after 225 

data preprocessing. From what has been discussed above, in the subsequent research, EGC and EC 226 

monomers were pretreated by SNV, and raw spectral data were used for modeling for EGCG and 227 

ECG. 228 

Table 1  The PLS model processed by different preprocessing methods 229 

Constituent Pretreatment RMSEC RC
2
 RMSEV RV

2
 RMSEP RP

2
 RPD 

EGC 

Raw 6.974 0.932 7.889 0.914 6.882 0.933 3.863 

SNV 6.580 0.940 7.761 0.917 6.592 0.939 4.048 

Baseline 6.863 0.933 7.859 0.915 7.120 0.928 3.726 

SG 6.974 0.931 7.889 0.914 6.882 0.933 3.863 

EGCG 

Raw 9.887 0.953 11.163 0.941 9.687 0.955 4.714 

SNV 11.935 0.931 14.413 0.902 11.658 0.935 3.922 

Baseline 11.681 0.934 13.239 0.917 11.710 0.934 3.892 

SG 9.888 0.953 11.164 0.941 9.688 0.954 4.662 

EC 

Raw 2.461 0.915 2.934 0.881 2.480 0.913 3.390 

SNV 2.460 0.916 3.033 0.873 2.450 0.916 3.450 

Baseline 2.432 0.917 2.863 0.887 2.473 0.914 3.409 

SG 2.461 0.915 2.935 0.881 2.481 0.913 3.390 

ECG 

Raw 5.460 0.893 6.221 0.864 5.467 0.892 3.042 

SNV 5.515 0.891 6.161 0.866 5.545 0.889 3.001 

Baseline 5.619 0.887 6.366 0.857 5.550 0.889 3.001 

SG 5.462 0.893 6.222 0.864 5.468 0.891 3.028 

3.3. Extraction of characteristic wavelengths 230 
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The prediction model based on full spectrum contains 1050 wavelengths. The model takes a 231 

long time to calculate and the data collinearity is serious. There are many interference information. 232 

Therefore, in order to solve this problem, CARS, SPA and RF were used in this study to extract 233 

characteristic wavelengths from the pretreatment spectrum data [29]. 234 

Based on the CARS algorithm, this paper extracts 49, 38, 49, and 50 wavelength points from 235 

all wavelengths as the characteristic wavelengths of EGC, EGCG, EC, and ECG, respectively. 236 

CARS selects more variables, but eliminates invalid information. Based on the SPA, 16, 11, 13, 15 237 

characteristic wavelengths were extracted, which only accounted for about 1.5% of the full 238 

wavelength. The variables select by SPA have the least collinearity. The characteristic wavelengths 239 

extracted based on SPA are shown in Figure. 2 respectively. Based on RF, the wavelengths with a 240 

higher probability of being selected among the full wavelengths were selected. 20, 36, 15, and 23 241 

characteristic wavelengths were extracted respectively as the input of the calibration model. 242 

 243 
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Fig. 2  The characteristic wavelength is extracted from the optimal pretreatment spectrum 244 

based on SPA, (a)EGC  (b)EGCG  (c)EC  (d)ECG 245 

3.4. The establishment of linear model 246 

After the characteristic wavelength extraction, the number of wavelength is greatly reduced 247 

and the detection efficiency is improved. Subsequently, the characteristic wavelength extracted 248 

based on CARS、SPA and RF are used to establish PLS and MLR models, and compared with the 249 

PLS model established at the full wavelength to evaluate the performance of the model. The 250 

modeling results of the PLS model and MLR model established with different wavelengths are 251 

shown in Table 2 and Table 3. 252 

As can be seen from Table 2, the PLS model based on full wavelength is the best for EGC. 253 

The performance of models established based on CARS, SPA and RF extracted characteristic 254 

wavelengths have decreased, which may be caused by excluding some useful information when 255 

extracting characteristic wavelengths. But RP
2 still has 0.914 and 0.923, the performance of the 256 

model is still acceptable. The EGCG model is similar to EGC. The model based on the full 257 

wavelength has the best effect, but the model based on CARS is close to the full wavelength 258 

model. As far as EC is concerned, the model based on CARS has the best performance and RP
2 is 259 

increased to 0.928. For ECG, the model based on SPA has the best performance. The RP
2 is 0.898, 260 

which is close to 0.9, and the effect is acceptable. It can be seen from Table 3 that, for all tea 261 

polyphenol monomers, the MLR model based on the characteristic wavelength extracted by 262 

CARS has the best performance. As far as EGCG is concerned, the performance of the MLR 263 

model based on RF is better than that of the model based on SPA. For EGC, EC and ECG, the 264 
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effects of the RF model and the SPA model are similar, but both are worse than the CARS model. 265 

Comparing the results in Table 2 and Table 3, it can be found that the performance of the 266 

MLR model based on the characteristic wavelength is generally better than the PLS model. This 267 

shows that the MLR model is more suitable for predicting the content of tea polyphenols than the 268 

PLS model. In summary, CARS, SPA and RF are all effective feature wavelength extraction 269 

methods. The RP
2 value of the model based on the characteristic wavelength is above 0.9 or close 270 

to 0.9, and the effect is within the acceptable range. Moreover, it simplifies the input wavelength 271 

and improves the detection efficiency. 272 

Table 2  PLS models of four tea polyphenols based on different wavelengths 273 

Constituent Pretreatment Num RMSEC RC
2
 RMSEV RV

2
 RMSEP RP

2
 

EGC SNV 

1050 6.580 0.940 7.761 0.917 6.592 0.939 

16 7.296 0.925 8.323 0.904 7.400 0.923 

49 7.213 0.927 8.300 0.905 7.800 0.914 

20 7.797 0.914 9.227 0.882 8.068 0.908 

EGCG Raw 

1050 9.887 0.953 11.163 0.941 9.687 0.955 

11 11.078 0.941 12.410 0.927 10.909 0.943 

38 10.150 0.950 11.757 0.935 9.702 0.954 

36 11.678 0.934 12.933 0.921 10.753 0.944 

EC SNV 

1050 2.460 0.916 3.033 0.873 2.450 0.916 

13 2.952 0.878 3.418 0.839 2.965 0.877 

49 2.107 0.937 2.444 0.918 2.269 0.928 

15 2.094 0.938 2.334 0.925 2.059 0.940 

ECG Raw 

1050 5.460 0.893 6.221 0.864 5.467 0.892 

15 5.239 0.901 5.845 0.880 5.325 0.898 
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50 5.682 0.884 6.459 0.853 5.727 0.882 

23 5.460 0.893 5.976 0.875 5.670 0.884 

 274 

Table 3  MLR models of four tea polyphenols based on different wavelengths 275 

Constituent Pretreatment Num RMSEC RC
2
 RMSEP RP

2
 

EGC SNV 

16 5.004 0.979 5.349 0.964 

49 2.367 0.992 4.668 0.984 

20 5.402 0.977 5.695 0.959 

EGCG Raw 

11 9.687 0.977 10.145 0.950 

38 5.612 0.990 6.368 0.984 

36 7.201 0.980 9.032 0.975 

EC SNV 

13 1.725 0.979 1.812 0.954 

49 0.874 0.989 1.476 0.984 

15 1.664 0.980 1.772 0.956 

ECG Raw 

15 4.282 0.961 4.630 0.934 

50 2.494 0.977 3.872 0.973 

23 4.196 0.968 4.089 0.940 

3.5. The establishment of nonlinear model 276 

As PLS and MLR are both linear calibration methods, to further improve the accuracy of the 277 

model, a nonlinear modeling method is used for research. This article uses the LS-SVM algorithm 278 

to build the model. LS-SVM is an improved algorithm based on the SVM algorithm, which can 279 

effectively deal with linear and nonlinear problems in multivariate analysis, and is a common 280 

nonlinear modeling method. In this paper, the characteristic wavelength extracted by CARS, SPA 281 

and RF is used as the input of the model. The performance of the model is shown in Table 4. The 282 

scatter plots of model predicted values and measured values are shown in Figure. 3, Figure. 4 and 283 
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Figure. 5. 284 

By comparing Table 2, Table 3 and Table 4, it can be seen that compared with the PLS and 285 

MLR models, the predictive ability of the LS-SVM model has been greatly improved. The RP
2 286 

values of the four tea polyphenols models based on SPA and CARS were increased to 0.996, 0.991, 287 

0.997, 0.988 and 0.997, 0.991, 0.997, 0.984, respectively. The RP
2 values of the four tea 288 

polyphenols models based on RF were also increased to 0.996, 0.986, 0.994 and 0.977. This 289 

indicates that there is a nonlinear relationship between the spectral information and the content of 290 

tea polyphenol. The LS-SVM model can process linear and nonlinear relationships at the same 291 

time, so the performance of the model is relatively excellent. In summary, the LS-SVM model 292 

based on the characteristic wavelength extracted by SPA, CARS and RF has achieved good 293 

prediction effect. Among them, the LS-SVM model based on SPA is most suitable for detecting 294 

the content of tea polyphenols. This model has the least number of input wavelengths, improves 295 

the detection efficiency, and achieves relatively excellent results. It has high scientific significance 296 

for realizing rapid non-destructive testing. 297 

Table 4  LS-SVM models of four tea polyphenols based on characteristic wavelengths 298 

Constituent Pretreatment Num RMSEC RC
2
 RMSEP RP

2
 

EGC SNV 

16 0.015 0.999 1.586 0.996 

49 0.660 0.999 1.386 0.997 

20 0.876 0.998 1.508 0.996 

EGCG Raw 

11 2.718 0.996 4.230 0.991 

38 2.598 0.996 4.132 0.991 
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36 3.891 0.992 5.365 0.986 

EC SNV 

13 0.113 0.999 0.410 0.997 

49 0.134 0.999 0.395 0.997 

15 0.306 0.998 0.631 0.994 

ECG Raw 

15 1.094 0.995 1.799 0.988 

50 1.451 0.992 2.070 0.984 

23 1.862 0.987 2.517 0.977 

 299 

 300 

Fig. 3  Scatter plot of four tea polyphenol LS-SVM models based on CARS, (a)EGC  301 

(b)EGCG  (c)EC  (d)ECG 302 
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 303 

Fig. 4  Scatter plot of four tea polyphenol LS-SVM models based on SPA, (a)EGC  (b)EGCG  304 

(c)EC  (d)ECG 305 
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 306 

Fig. 5  Scatter plot of four tea polyphenol LS-SVM models based on RF, (a)EGC  (b)EGCG  307 

(c)EC  (d)ECG 308 

4. Conclusions 309 

In this study, Vis-NIR spectroscopy technology was used to successfully predict the content 310 

of four tea polyphenols in tea. Three different preprocessing methods were used to preprocess the 311 

spectral data. Based on different preprocessing methods, respective PLS prediction models were 312 

established, and the optimal preprocessing method was determined according to the performance 313 

of the models. For further analysis, CARS, SPA and RF were used to extract characteristic 314 

wavelengths from the preprocessed spectral data. And the calibration models of PLS, MLR, and 315 

LS-SVM were established with characteristic wavelength as input. Compared with the 316 

full-wavelength model, the model based on the characteristic wavelength not only retains the 317 
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accuracy of the model, but also reduces the number of input wavelengths and improves the 318 

detection efficiency. Among them, the LS-SVM model based on SPA is most suitable for detecting 319 

the content of tea polyphenols. In summary, CARS, SPA and RF are all very effective feature 320 

wavelength extraction methods. The results of this study show that the combination of Vis-NIR 321 

spectroscopy and chemometrics can effectively detect the content of tea polyphenols, and it has 322 

high scientific significance for rapid non-destructive testing of the physicochemical information of 323 

tea. 324 
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Figures

Figure 1

Visible and near-infrared spectroscopy of tea samples



Figure 2

The characteristic wavelength is extracted from the optimal pretreatment spectrum based on SPA, (a)EGC
(b)EGCG (c)EC (d)ECG



Figure 3

Scatter plot of four tea polyphenol LS-SVM models based on CARS, (a)EGC (b)EGCG (c)EC (d)ECG



Figure 4

Scatter plot of four tea polyphenol LS-SVM models based on SPA, (a)EGC (b)EGCG (c)EC (d)ECG



Figure 5

Scatter plot of four tea polyphenol LS-SVM models based on RF, (a)EGC (b)EGCG (c)EC (d)ECG


