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A B S T R A C T   

The quality of green tea deteriorates the longer it is stored. However, there is a lack of accurate and rapid 
methods for determining the storage period of tea. In this study, hyperspectral imaging (HSI) was used to 
determine the storage period of green teas stored at 4 ◦C (set 1) and 25 ◦C (set 2), and to quantify and visualize 
the main chemical components (e.g. catechins). In this study, three prediction algorithms were compared, in 
which partial least squares discriminant analysis outperformed the other models in qualitative discrimination, 
with 98% and 96% correct discrimination for two sets, respectively. Moreover, quantitative models for ester 
catechins, simple catechins, and total catechins were developed with Rp > 0.90 and RPD > 1.0, indicating that 
the models were reliable. Further, a more intuitive visualization of catechin content was achieved. In conclusion, 
the HSI provides a rapid, non-destructive method to determine the freshness of stored green tea.   

1. Introduction 

Green tea, with pleasant flavor and fresh taste, is the most produced 
and marketed type of tea in China. This popularity is also due to its 
health benefits. Scientific researches support the health benefits of 
drinking green tea, mainly referring to the catechins in green tea 
(Mangels & Mohler 3rd., 2017). Due to the absence of fermentation in 
tea processing, green tea contains significantly higher content of cate
chins than fermented teas such as black and oolong tea (Musial, Kuban- 
Jankowska, & Gorska-Ponikowska, 2020). In addition, as the main fla
vor component, caffeine also provide a crucial role in eliminating fatigue 
and invigorating the mind (Faudone, Arifi, & Merk, 2021). 

In 2022, total annual tea production was 3.34 million tons, of which 
1.85 million tons were green tea. Additionally, total tea sales reached 
2.40 million tons in 2022, of which 1.31 million tons were sold 
domestically and 314 kt were exported (China Tea Distribution Associ
ation, 2023). Far more tea is produced than can be sold or exported, and 
this excess tea grows stale when stored for long periods. Moreover, 
unscrupulous merchants often mix stale tea with new tea to increase 
profit margins, harming consumers’ rights and health and damaging the 
tea industry’s reputation. 

When catechins degrade, the total quantities of epigallocatechin 

(EGC), epigallocatechin gallate (EGCG) and epicatechin gallate (ECG), 
which are positively correlated with the quality of green tea, substan
tially decrease. By contrast, quantities of gallocatechin (GC), epicatechin 
(EC), and catechin (C), which are negatively correlated with quality, 
dramatically increase degrading the quality of the tea (Baek, Kim, 
Duncan, Leitch, & O’Keefe, 2021). Studying the relationship between 
storage period and quality of tea can inspire the preservation methods of 
tea in daily life and also predict the shelf life of tea. Guo et al. studied the 
effect of various factors, including storage time, on the physicochemical 
composition of Longjing green tea and predicted shelf life using a partial 
least squares discriminant analysis (PLS-DA) model (Guo et al., 2022). 
Therefore, it is important to find a fast and effective method to detect the 
storage period of tea. 

The traditional methods for determining tea quality are sensory re
view (Kochman, Jakubczyk, Antoniewicz, Mruk, & Janda, 2021; Wang 
et al., 2022a, 2022b) and chemical component analysis (Donlao & 
Ogawa, 2019; Y. Wei et al., 2021). Sensory review lacks objectivity and 
accuracy, and it is difficult to adapt to the current needs of quality 
judgment in the tea industry. The chemical analysis process is compli
cated, time-consuming and labor-intensive, and can only analyze a 
single content, which is also not applicable to the online detection and 
rapid evaluation of tea quality. More rapid methods combining chemical 
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and sensory observations include electronic nose (Yuan et al., 2019) and 
electronic tongue (Ren, Li, Wei, Ning, & Zhang, 2021; Y. Zhu et al., 
2021). However, the sensitivity and immunity of both methods need to 
be improved. 

Hyperspectral imaging (HSI) offers an alternative; it is fast, accurate, 
and does not damage the tea. HSI has been applied to food analysis (Lu, 
Sun, Mao, Wu, & Gao, 2017; Y. Wei et al., 2019), damage detection 
(Kang et al., 2022; J. Xiong et al., 2018), and variety identification (Sun 
et al., 2018; S. Zhu et al., 2019). In the field of tea production and 
preservation, Wang et al. (Y. Wang et al., 2024) used HSI to image tea 
leaves, classifying them using multibranch kernel attention (MBKA). 
However, their study did not quantitatively analyze tea quality. Tang 
et al. used HSI to detect the quality of tea (Tang et al., 2023); they 
collected spectral information on green tea samples utilizing first de
rivative principal component analysis support vector machine (FD-PCA- 
SVM) discriminative model to identify tea grades with an accuracy of 
93.8% in a training set and 98.2% in a testing set. Nevertheless, Tang 
et al.’s analysis also lacked quantitative analysis, and the visualization of 
tea quality was not carried out on the contents of the tea. Based on the 
shortcomings of the existing studies, we conducted a more in-depth 
study on green tea storage period using HSI. 

The present study analyzed the chemical composition of stored green 
tea using HSI and quantitative analyses to determine the freshness of 
green tea. Our methodology proceeded as follows. (1) The collected tea 
samples were stored under refrigerated and room temperature for 360 

days, and a total of 270 samples were fingerprinted based on HSI. (2) 
Principal component analysis (PCA) results were used to demonstrate 
the differences between green tea samples at different storage temper
atures and storage stages. (3) Three modeling methods, SVM, PLS-DA 
and random forest (RF), were compared to screen out the best method 
for qualitatively discriminating the storage period of tea. (4) Then the 
hyperspectral data were further used to quantify catechins and caffeine, 
and the distribution of catechins was visualized. 

2. Materials and methods 

2.1. Sample preparation 

Fresh Lu’an Guapian green tea was purchased from Huiliu Tea Ltd., 
Co. (Lu’an, China). Chemical index analysis and hyperspectral data 
collection were performed on 30 tea samples. The remaining 240 sam
ples were placed in sealed aluminum foil bags and stored separately at 
either 4 ◦C (sample set 1) or 25 ◦C (sample set 2) for further analysis. For 
the next 360 days (i.e., 90, 180, 270, 360 days), some samples were 
taken out of the refrigerator every 90 days for experiment. Fig. 1 illus
trates the qualitative and quantitative evaluation of green tea storage 
quality. 

Fig. 1. Flowchart for qualitative and quantitative evaluation of green tea storage quality. 
Note: ROI: region of interest. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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2.2. Chemical measurement of catechins and caffeine 

The catechin and caffeine contents of the tea samples were deter
mined at 0, 90, 180, 270 and 360 days according to the ISO 14502-2 
standard (ISO, 2005). The chemical measurements of each sample 
were repeated thrice and averaged. 

2.3. HSI technique 

Hyperspectral images of tea samples were acquired in reflectance 
mode using a laboratory hyperspectrometer. The HSI system consisted 
of a Vis–near-infrared (Vis–NIR) spectrograph with a spectral range of 
370.38–1036.54 nm and a spectral resolution of 2.8 nm (ImSpector 
V10E, Spectral Imaging Ltd., Oulu, Finland), a charge-coupled device 
camera (GEV–B1621, Imperx, Boca Raton, USA), a set of 150 W 
halogen lamps (3900-ER, Illumination Technologies Inc., New York, 
USA), a moving platform with a step motor (Isuzu Optics, Hsinchu, 
Taiwan, China), and a computer with data acquisition and analysis 
software (Spectral Image Software, Isuzu Optics Corp., Taiwan, China). 
The hyperspectral spectral range was 370.38–1036.54 nm with a spec
tral resolution of 2.8 nm. A total of 1108 spectral bands in the range of 
400 to 1000 nm were used due to the low signal-to-noise ratios at both 
ends of the spectral region. The speed of the conveyor belt, the exposure 
time of the camera, and the vertical distance between the lens and the 
sample were set to 1.15 mm s− 1, 8.5 ms, and 17.3 cm, respectively, to 
ensure that the images were clear. After image acquisition, the original 
hyperspectral image was corrected to the reference image. Specific 
collection methods are described in the program we have developed (Li 
et al., 2021). Fig. 1 illustrates the qualitative and quantitative evaluation 
of green tea storage quality. 

2.4. Extraction and preprocessing of spectral data 

After acquiring and correcting the hyperspectral images, a 100 ×
100pixel region at the center of the images was selected as the region of 
interest (ROI). The mean spectrum was extracted by averaging all pixels 
within the ROI and used as the spectrum for the entire sample. The 
standard normal variate algorithm (SNV) was employed to preprocess 
the spectra and reduce the influence of surface scattering and optical 
path change on the diffuse reflection spectra. 

2.5. Supervised and unsupervised chemometrics 

PCA involves transforming an initial set of variables into a collection 
of uncorrelated variables known as principal components (PCs)(Nobari 
Moghaddam, Tamiji, Akbari Lakeh, Khoshayand, & Haji Mahmoodi, 
2022) that capture the maximum variation in the data. In the study, PCA 
was employed to downscale the hyperspectral data, then extract the 
main characteristic components of data. 

Three machine learning models, namely, SVM, PLS-DA, and RF, were 
compared to determine the most accurate method for use in subsequent 
experiments. SVM is a supervised learning model that can be used for 
classification and regression analysis. These three models were evalu
ated by the discriminant rate. In our study, the radial basis function 
(RBF) is selected to convert linear non-fractional data into linear sepa
rable space by implicit mapping. The optimal penalty coefficient (c) and 
kernel function parameters (g) in the range of 2− 10 to 210 via a lattice 
search with a step size of one and a cross validation accuracy of five 
times to obtain a model with superior generalization ability (Nie, Zhu, & 
Li, 2020). 

PLS is one of the most frequently used multivariate analysis methods 
for exploring the linear relationship between the independent variables 
(X) and dependent variables (Y). It is suitable to deal with large amount 
of spectral variables, especially when the number of spectral wave
lengths is more than samples (Lee & Lee, 2021). PLS converts the raw 
spectral data into PCs which not only carry the variation information in 

the raw spectral data as much as possible but also maximize the corre
lation with Y. In our study, the maximized number of PCs was set 15, and 
the optimal number of PCs was determined by minimizing predicted 
residual error sum of squares under a 5-fold cross-validation operation. 

RF is a highly flexible algorithm with a wide scope of applicability in 
civil and geotechnical engineering (Zhou, Huang, Zhou, Armaghani, & 
Qiu, 2022). The number of trees in the forest determines the complexity 
and performance of the model and the number of features therein. The 
performance of the RF classifier was tested by gradually modifying the 
number of trees in the forest from 50 to 1000 with a step size of 50. 

PLSR was introduced for further quantitative modeling. Correlation 
coefficient (R) and root mean square error (RMSE) were used to evaluate 
the performance of the model. Model performance was divided into the 
following three levels by the ratio of performance derivation (RPD): 
superior (RPD ≥ 2.0), excellent (1.8 ≤ RPD < 2.0), and fair (1.8 ≤ RPD 
< 2.0)(Munnaf et al., 2021). 

2.6. Visualization of catechin content distribution 

In this study, the spectra of each pixel of the hyperspectral image of 
the test data corresponding were fed into the established PLSR predic
tion model for catechin content and the catechin content of each pixel 
was calculated. This process was repeated for all pixels of the hyper
spectral image to generate a prediction matrix. The predicted values for 
each pixel were then plotted using a linear color scale, resulting in a final 
hyperspectral visualization of the graphical effect. 

2.7. Software 

The ROI selection and spectral extraction procedure were imple
mented in ENVI 4.7 (ITT Visual Information Solutions, Boulder, CO, 
USA). The preprocess of spectral data preprocessing, model building and 
visualization were run on MATLAB R2014a (Version 2014b, Math
Works, Natick, MA, USA). 

3. Results and discussion 

3.1. Chemical measurement of catechin and caffeine 

The changes in EGC, C, EC, EGCG, ECG, caffeine, simple catechins, 
ester catechins, and total catechin contents of the green tea samples are 
illustrated in Figs. 2. It reveals that the quantities of caffeine and C did 
not change substantially during storage at either 4 ◦C or 25 ◦C (Fig. 2. (b, 
f)). The range of caffeine in sample set 1 and 2 are 36.96–25.65, 
37.23–23.15, and the standard deviation are 1.62 and 1.87, respectively. 
Dai et al. found that caffeine has a stable purine ring structure (Dai et al., 
2020) and therefore does not degrade substantially over time, which 
may explain our results. The green tea samples at both temperatures 
exhibited a significant decrease in the contents of EGCs, ECs, EGCGs, 
ECGs, simple catechins, ester catechins, and total catechins during the 
first 90 days of storage. The variation range of catechin in sample set 1 
was 187.27–84.71 and the standard deviation was 25.18. Meanwhile, 
the variation range of catechin in sample set 2 was 187.27–74.05, and 
the standard deviation was 26.37. This is consistent with the study of Lv 
et al. that demonstrated slower quality degradation of green tea at lower 
storage temperatures (Lv et al., 2023). 

3.2. Spectral feature acquisition 

Fig. 3 presents the spectral profiles of tea samples stored at 4 ◦C and 
25 ◦C. The results show that the spectral reflectances of the stored 
samples are different. Compared with the spectral differences among Set 
1 samples, the differences among Set 2 samples are more obvious. 
However, all the samples show similar patterns along the wavelength 
range (Fig. 3(c, f)). Additionally, samples stored at both temperatures 
exhibited a higher reflectance in the NIR region compared with the 
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visible region. Reflection troughs were detected between 650 and 700 
nm in the sample spectra, which may have arisen because the chloro
phyll in tea mainly absorbs red light. A similar phenomenon was 
observed in the studies of Huang and Kang (Sanaeifar et al., 2020), with 
absorption troughs in the red light region at 680 nm. 

It is worth noting that a difference in spectral reflectance from 780 to 
850 nm was observed in Fig.S1(c, f). The order of reflectance from 
highest to lowest is: day 0, day 90, day 180, day 270, day 360. The 
catechins in green tea contain carbonyl groups and phenol OH, which 
are responsible for the 780-nm reflectance. This finding supports Tang 
et al.’s observation that catechins are highly reactive between 650 and 
800 nm (Tang et al., 2023). Therefore, it is hypothesized that these 
observed spectral differences are due to changes in the catechin content 
of the tea. Increased storage time leads to catechin oxidation, hydroxyl 
dehydrogenation and ketone formation. Additionally, this change was 
more pronounced in the spectra of the room temperature storage sam
ples (Fig.S1(f)). This is due to the fact that higher temperatures lead to 
accelerated degradation of catechins, which is exhibited spectroscopi
cally as a difference in reflectance at 780 nm. 

3.3. Qualitative analysis of the storage period 

3.3.1. PCA analysis 
As illustrated in Fig. 3, over 90% of the variance could be explained 

by the PC1 and PC2, and exhibited superior downscaling. When Figs. 3 
(a)(c) and Figs. 3(b)(d) were compared, the aggregation of the PCA score 
maps of spectra from 4 ◦C storage conditions was observed to be denser 
than that from 25 ◦C conditions. This difference in spectra between 
samples suggests that the tea samples stored under 4 ◦C conditions 
experienced minor degradation that was undetectable through HSI. 
However, throughout the 360-day storage period, an overlap in the 
distribution of samples from consecutive 90-day storage intervals was 
observed, especially between the samples collected on days 0 and 90. 
Additionally, the PCA utilizing SNV preprocessed data (Figs. 3(b)(d)) 
differed significantly from the PCA utilizing the raw data (Figs. 3(a)(c)). 
The observed difference between Figs. 3(a)(c) and Figs. 3(b)(d) may be 
due to the SNV’s ability to make substantial individual corrections in the 
case of large differences between sample groups (Fig. 1). Moreover, as 
indicated in Fig. 3(d), the SNV algorithm differentiated the samples and 
corrected the over-aggregation of the PCA score plot for each storage 

Fig. 2. Boxplot of data on EGC (a), C (b), EC (c), EGCG (d), ECG (e), caffeine (f), simple catechin (g), ester catechin (h), and total catechin (i) contents of green tea 
sample stored for 360 days under two different temperatures. 
Note: EGC: epigallocatechin; C: catechin; EC: epicatechin; EGCG: epigallocatechin gallate; ECG: epicatechin gallate; CAFF: caffeine. 
Lines in the upper and lower box represent SDs; values at the top and bottom of the box represent the upper quartile and lower quartile, respectively; the lines in the 
center of the box represent the median values, whereas different lowercase letters represent significant differences at P = 0.05. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.) 

F. Li et al.                                                                                                                                                                                                                                        



Food Chemistry: X 23 (2024) 101538

5

period under 25 ◦C conditions. Nevertheless, because PCA is an unsu
pervised algorithm, we were unable to add labels to facilitate more 
precise qualitative differentiation in this study. 

3.3.2. Establishment of qualitative identification model 
The PLS-DA, SVM and RF models were employed to predict the 

storage period of tea samples from hyperspectral data in the full spectral 
range of 400–1000 nm. The statistical parameters of PLS-DA, SVM and 
RF in both calibration and prediction sets for different storage treat
ments were shown in Table 1. Compared with other qualitative 
discriminant algorithms, RF achieves better results under calibration 
conditions, and its discriminant rate in both sample sets 1 and 2 reaches 
100%. However, when the predictive conditions were taken into ac
count, the maximum discriminant rate was obtained from the PLS-DA 

model. For set 1, PLS-DA achieved a predictive accuracy of 98% with 
PCs = 20. For set 2, PLS-DA achieved a predictive accuracy of 96% with 
PCs = 13. In contrast, the RF discrimination rate did not exceed 80% in 
either sample sets. Overfitting of data sets in random forests has been 
observed, which may be caused by the noise in the training data of 
classification problem (Lang, Tiancai, Shan, & Xiangyan, 2021). Mario 
et al.’s study on dimensionality reduction methods for hyperspectral 
data classification demonstrated that PLS-DA outperforms SVM (Mario 
Fordellone & Mencarelli, 2018), a finding consistent with our results. 
Additionally, PLS-DA maximizes the total variance of the data using a 
minimum of components (the latent X scores), rendering it a superior 
option for our analyses. 

3.4. Quantitative prediction of catechins and caffeine 

The qualitative results clearly show that PLS-DA exhibits superior 
performance compared to other algorithms. Therefore, PLSR was 
adopted to predict the major chemical components in green tea samples. 
For Ester catechins, Rp = 0.9265 for set 1 and Rp = 0.9172 for set 2; for 
simple catechins, Rp = 0.9073 for set 1 and Rp = 0.9227 for set 2; for 
total catechins, Rp = 0.9408 for set1 and Rp = 0.9218 for set 2, indicated 
that models capable of achieving accurate quantification were built. For 
EGCs, simple catechins, and total catechins, RPDs were all >1.4, indi
cating that the model performance is excellent. In sets 1 and 2 at both 
4 ◦C and 25 ◦C, similar quantitative results of EGCs were observed, a 
finding consistent with the analysis results in Section 3.1. However, the 
PLSR model showed poor predictive ability for C and caffeine content 
(Rp < 0.65). The low C content in green tea may be the reason for the 
model’s inability to predict C content. The stability of caffeine results in 
a small range of content variation, and as we know a wide range of data 
is the basis for stable modeling. Although these two components cannot 
be accurately quantified, our chemical results indicate that neither C nor 

Fig. 3. PCA score plots of tea samples stored under 4 ◦C and 25 ◦C with raw spectra (a,c) and SNV preprocessed spectra (b,d), respectively. 
Note: PC: principal component; d: day. 

Table 1 
Comparison of different classification models of green tea storage period for 
sample set 1 and set 2.  

Sample 
treatment 

Models Parameters Discriminant rate 

Calibration 
set 

Prediction 
set 

Set 1 

SVM 
c = 2896.3100, g =
0.0078 

100% 88% 

PLS- 
DA 

PCs = 20 98% 98% 

RF N = 400 100% 70% 

Set 2 

SVM c = 512, g = 0.0039 95% 88% 
PLS- 
DA PCs = 13 95% 96% 

RF N = 100 100% 78% 

Note: Set 1: samples stored at 4 ◦C for 360 days. Set 2:samples stored at 25 ◦C for 
360 days. c: penalty coefficient; g: kernel function parameters; PCs: principal 
components；N: n-estimators. 
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caffeine changes significantly during storage, so in practice there is no 
need to establish relevant monitoring models. 

3.5. Visualized distribution of catechins 

In the chemical analysis, it was observed that caffeine was relatively 
stable during storage and therefore no further visualization was 

required. Accordingly, only changes in catechins during storage were 
visualized: simple catechins (Fig. 4A), ester catechins (Fig. 4B), and total 
catechins (Fig. 4C). The samples were divided into groups according to 
storage time and temperature. The predicted catechin contents of all 
pixels were mapped with a linear color scale using different colors from 
red to blue (color bar in Fig. 4) representing different catechin contents 
arranged in descending order to facilitate subsequent analysis. As 

Fig. 4. Visualization maps of catechin content in green tea samples. 
Note: a represents samples stored for 0 days, b, c, d, e represent samples stored at 4 ◦C for 90, 180, 270, and 360 days, respectively, and f, g, h, i represent samples 
stored at 25 ◦C for 90, 180, 270, and 360 days, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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illustrated in Fig. 4, a significant decrease occurred after 90 days of 
storage for all three types of catechins, whereas no further significant 
change was observed after 180, 270, and 360 days. This observed sta
bility was consistent with the analysis results from Section 3.1. Mean
while, the catechin content of the green tea samples stored at 25 ◦C 
decreased more than those stored at 4 ◦C. Overall, visualization provides 
an intuitive way to monitor changes in catechin content during green tea 
storage. 

3.6. Discussion 

Green tea loses flavor and salubriousness during storage due to 
degradation and oxidation of chemical components such as catechins. 
There are various methods that have been used to evaluate the storage 
period of tea (seen in Table S1). 

Conventional detection methods for non-volatile and volatile sub
stances have been used to study the optimal storage time for different tea 
types. For example, Xie et al. conducted a metabolomics study utilizing 
ultra-high-performance liquid chromatography quadrupole time-of- 
flight mass spectrometry (UHPLC-QTOF/MS) on the non-volatile com
ponents of white tea with different storage times (Xie et al., 2019). 
Additionally, the same study examined volatile components metab
olomically to predict the optimal storage time for white tea. Xie et al.’s 
research primarily focused on substances such as 8-CN-ethyl-2-pyrroli
done, flavan-3-ols, pyroglutamic acid, and catechins. Li et al. conduct
ed a comprehensive analysis and comparison of the volatile components 
in organic green teas with consecutive storage periods (1–16 years) 
using simultaneous distillation extraction, gas chromatography–mass 
spectrometry (SDE-GC–MS), and chemometrics (Li, Han, Mei, Wang, & 
Han, 2024). Although Li et al.’s study provides a methodology to study 
the changes of volatile compounds in green teas during the storage 
process. However, the samples were produced from 2006 to 2021, and 
the differences in the samples themselves may affect the analysis of the 
effect of storage time on the samples. 

When it comes to non-destructive testing, the classification of total 
polyphenol content and storage period of Iron Buddha tea was investi
gated by Xiong et al. based on multi-spectral imaging (C. Xiong et al., 
2015). Bur their study examined tea from different batches, which also 
lead to differences in the substrate. Yang et al. discriminated the storage 
time of Pu-erh tea using E-tongue (ET) and E-eye (EE) based on deep 
learning and achieved very accurate results (Yang et al., 2021). How
ever, it is important to note that the tea samples were stored for 8 years, 
6 years, 4 years, 2 years and 0 years. The storage time span and the wide 
variation in the samples make it easier to discriminate the storage period 
of the tea. Zhang et al. used indicator displacement assay (IDA) to 
qualitatively and quantitatively monitor the freshness during the pres
ervation process of green tea (Zhang, Yuan, Ren, Ning, & Wang, 2023) 
using a low-cost pH dye and metal ions as indicator and receptor, 
respectively, which is destructive to the tea itself and has low accuracy 
compared to other tea storage period evaluation methods. Xiao et al. 
developed a PCA-SVM model based on surface-enhanced raman spec
troscopy (SERS) to rapidly predict the storage time of green tea. How
ever, the study was limited to establishing discriminant model and 
lacked further quantitative analysis (Xiao et al., 2023). 

Our methodology has several advantages over those of the afore
mentioned studies. First, our tea samples were all from the same batch. 
Second, the samples were subjected to 4 ◦C and 25 ◦C temperature 
storage conditions, simulating cold and room temperature tea storage. 
Third, the storage period of tea was set at 90-day intervals beginning at 
day 0, which is a more reasonable time interval and a better guide for the 
actual production storage and transportation of green tea. Fourth, our 
study employed hyperspectral image technology to obtain sample in
formation without chemically altering or damaging the tea. We 
compared three models before deciding on PLS-DA, which had an ac
curacy of 98% in predicting the chemical contents of set 1 and 96% in 
predicting set 2. We then elaborated on the hyperspectral data to 

quantitatively analyze the main chemical components of green tea. 
Fifth, we performed quantitative analysis on the primary freshness in
dicators catechin and caffeine, enabling us to determine tea freshness 
precisely. Sixth, we employed a qualitative visual analysis of catechin 
content to test the accuracy and reliability of the quantitative model. In 
summary, our study provides a rapid and accurate method of evaluating 
the freshness of stored green tea that does not damage or chemically 
alter the stored material. 

4. Conclusion 

Our study presents a novel, efficient, and nondestructive method for 
evaluating the freshness of green tea using HSI. The results showed that 
the PLS-DA model constructed using HSI data predicted the freshness of 
tea samples with 98% accuracy for set 1 and 96% accuracy for set 2. The 
PLSR models adequately predicted the quantities of EGC, EC, EGCG, 
easter catechins, simple catechins, and total catechins, with Rp>0.85. 
Moreover, the model provided satisfactory predictions of all catechin 
concentrations, with RPD>1.0. However, the PLSR model did not ach
ieve accurate prediction of C and caffeine due to the low levels of C and 
the stabilization of caffeine. Finally, the distribution of catechins in 
green tea was visualized. In conclusion, HSI technology is a fusion of 
spectral technology and image processing technology, with both spec
tral analysis capability and image resolution capability. It acquires a 
large and redundant amount of data, which therefore needs to be 
downscaled before modeling. HSI can accurately, non-destructively, and 
rapidly determine the freshness of green tea. In future studies, color and 
aroma changes during green tea storage will be further monitored. 
Meanwhile, storage methods to extend the shelf life of green tea will be 
explored, especially there are many types of green teas, and although the 
quality trends of green teas during storage are roughly similar, it is 
worthwhile to conduct an in-depth study to see whether the model we 
developed can predict green teas other than Lu’an Guapian. 
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