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Tea is known to be one of the most popular beverages enjoyed by two-thirds of the world’s population. Concern of variability in tea
quality is increasing among consumers. It is of great signiﬁcance to control quality for commercialized tea products. As a rapid,
noninvasive, and nondestructive instrumental technique with simplicity in sample preparation, near-infrared reﬂectance (NIR)
spectroscopy has been proved to be one of the most advanced and eﬃcient tools for the control quality of tea products in recent
years. In this article, we review the most recent advances and applications of NIR spectroscopy and chemometrics for the quality
control of tea, including the measurement of chemical compositions, the evaluation of sensory attributes, the identiﬁcation of
categories and varieties, and the discrimination of geographical origins. Besides, challenges and future trends of tea quality control
by NIR spectroscopy are also presented.

1. Introduction
Tea is known to be one of the most popular beverages
enjoyed by two-thirds of the world’s population [1]. In 2017,
5.68 million tons of tea were produced all over the world, in
which 2.55 million tons were produced in China. The tea
quality is inﬂuenced by various factors, such as cultivars,
picking standard, tea processing technology, storage condition, and time. Concern of variability in tea quality is
increasing among consumers. It is of great signiﬁcance to
control quality for commercialized tea products [2].
The tea quality is determined by its major active
components, including polyphenols, caﬀeine, and free
amino acids. These compounds not only endow tea with

unique qualities of color, aroma, and taste but also contribute various health beneﬁts for the human body [3]. Tea
polyphenols account for 18∼36% of dry weight in tea leaves,
and the astringent and bitter taste of tea is mainly contributed by tea polyphenols. Tea catechins (ﬂavan-3-ols) are
the major ingredients in tea polyphenols. Tea catechins include (−)-epigallocatechin gallate (EGCG), (−)-epicatechin
gallate (ECG), (−)-epigallocatechin (EGC), (−)-epicatechin
(EC), (−)-gallocatechin gallate (GCG), (−)-gallocatechin
(GC), and (+)-catechin (C), among which EGCG is the most
abundant component [4]. The consumption of EGCG has
been proved to have therapeutic eﬀects for multiple diseases,
such as cancer, metabolic syndrome, obesity, and cardiovascular and neurodegenerative diseases [5, 6]. The anticancer

2
property of EGCG appears to involve the suppression of
angiogenesis, induction of apoptosis, altered expression of
cell-cycle regulatory proteins, and activation of killer caspases
[7, 8]. The suppression of angiogenesis by EGCG is associated
with the change in various miRNA expressions, the inhibition
of the VEGF (vascular endothelial growth factor) family, etc.
[9]. The beneﬁcial health eﬀects of EGCG are presumed to be
related with its antioxidative property. Another possible
mechanism is through the direct binding of EGCG to target
proteins, leading to the regulation of signal transduction
pathways, transcription factors, DNA methylation, mitochondrial function, and autophagy [10]. Caﬀeine is another
major functional component in tea and provides the bitter
taste for tea [11, 12]. Caﬀeine has the therapeutic eﬀects for
various diseases, including metabolic syndrome, type 2 diabetes, liver diseases, and cardiovascular and cerebrovascular
diseases [13, 14]. Free amino acids provide umami taste for
the tea infusion. Among free amino acids, theanine accounts
for approximately 50% of the total free amino acids in tea
leaves [15]. Theanine not only oﬀers a brisk ﬂavor and an
attractive aroma but also alleviates the astringency and bitterness caused by polyphenols and caﬀeine. Several studies
have proved that theanine has signiﬁcant health and cognitive
beneﬁts by inﬂuencing stress levels and learning eﬃciency
[16].
Besides the chemical components, tea quality is inﬂuenced by various factors, including the sensory attributes,
classiﬁcation, and geographical origins [17–19]. Multiple
analytical approaches have been used for the quality control,
such as colorimetric measurements, high-performance liquid chromatography (HPLC), high-performance liquid
chromatography coupled with mass spectrometry (HPLCMS), gas chromatography (GC), and gas chromatography
coupled with mass spectrometry (GC-MS) [20–30]. However, these methods not only are expensive, timeconsuming, and destructive but also need specialists for
the operation and cannot be applied for online applications.
Therefore, near-infrared reﬂectance (NIR) spectroscopy, a
rapid, noninvasive, and nondestructive instrumental technique with simplicity in sample preparation, has been developed and applied for the quality control of tea in recent
years [19]. NIR spectroscopy is a spectroscopic method using
the near-infrared region of the electromagnetic spectrum
ranging from 750 nm to 2500 nm (14,300∼4000 cm−1). An
NIR spectrometer is usually composed of a light source, a
monochromator, a sample presentation interface, and a
detector. The NIR radiation can be absorbed, transmitted, or
reﬂected after interaction with samples. The feedback of
spectral stretching and bending of the chemical bonds
(O–H, N–H, and C–H) can be captured by utilizing diﬀerent
measurement modes of NIR equipment. Therefore, the
speciﬁc absorption of organic compounds in the NIR region
can represent their chemical composition [31, 32]. Anharmonicity and Fermi resonance determine the occurrence and
spectral properties, such as the frequency and intensity of
NIR absorption bands. However, NIR absorption bands are
typically broad and overlapping, which severely restricts the
sensitivity in the classical spectroscopic sense. The original
spectral data of NIR spectroscopy usually require pattern
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recognition methods for accurate analysis by removing the
disturbance of the noise, variability, uncertainties, and
unrecognized features. Nevertheless, NIR spectroscopy is
characterized by high penetration depth. This property allows direct analysis of strongly absorbing or even highly
scattering samples, such as turbid liquids or solids, without
further pretreatments [32].
Generally, the whole procedures of NIR spectroscopy
include spectral data acquisition, data preprocessing, spectral data preprocessing, calibration models building with a
set of samples, and models validating using a set of independent samples [33]. A typical NIR spectrum of tea is
shown in Figure 1 [34]. The preprocessing of spectral data
should be used for eliminating the noise and baseline shift
from the background and instrument [33]. The commonly
used preprocessing methods in tea analysis include standard
normal variate (SNV), multiplicative scatter correction
(MSC), and Savitzky–Golay (SG) smoothing [35, 36].
Various variables selection methods, such as synergy interval
partial least squares (Si-PLS) and successive projections
algorithm (SPA), are used for the screen of useful variables
[37]. Multiple unsupervised and supervised pattern recognition methods have been used for the qualitative analysis
(the discrimination of tea categories, varieties, and geographical origins) and quantitative analysis (the determination of chemical components in tea and
optimization of processing conditions). These pattern recognition methods include principal component analysis
(PCA), artiﬁcial neural network (ANN), linear discriminant
analysis (LDA), support vector machine (SVM), soft independent modeling of class analogy (SIMCA), partial least
squares (PLS), and backpropagation artiﬁcial neural network
(BP-ANN) (Table 1) [33].
In this article, we review the most recent advances and
applications of NIR spectroscopy and chemometrics for the
quality control of tea, including the measurement of
chemical compositions, the evaluation of sensory attributes,
the identiﬁcation of categories and varieties, and the discrimination of geographical origins.

2. The Application of NIR Spectroscopy in Tea
2.1. Chemical Composition. The major compositions in tea
include polyphenols, catechins, caﬀeine, free amino acids,
and moisture. These compositions are closely relevant to the
overall quality of tea, and they thus are the key indexes of tea
quality. The monitoring of these compositions contents in
tea is critical for the quality control [54]. NIR spectroscopy
has been successfully used for the prediction of major
compositions contents in tea in recent years. Nonetheless,
only one or several components were simultaneously
measured by NIR spectroscopy in previous studies [55, 56].
Lee et al. ﬁrstly determined the contents of nine individual
catechins and caﬀeine by NIR spectroscopy. These nine
catechins include EGCG, (−)-epigallocatechin-3-(3″-Omethyl) gallate (EGCG-3Me), EGC, ECG, EC, C, GCG, GC,
and gallic acid. The calibration models for EGCG, EGC,
ECG, EC, C, total catechins, and caﬀeine exhibited accurate
prediction, with high r2 (coeﬃcient of determination in the
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Figure 1: A typical absorbance (log(1/R)) spectrum of tea in the
wavenumbers from 12,000 to 3800 cm−1 [34].

prediction set, >0.9) and RSP (the ratio of standard deviation
of reference data to SEP (C) in the external validation set,
>4.1) values [38]. In addition, Zareef et al. used Fourier
transform near-infrared reflectance (FT-NIR) spectroscopy
for the simultaneous prediction of four compositions in
black tea including amino acids, caffeine, theaflavins, and
water extract. For quantitative analysis of these components,
four kinds of chemometrics algorithms including PLS, SiPLS, genetic algorithm PLS (GA-PLS), and backward interval PLS (Bi-PLS) were used for the establishment of
prediction models. The results showed that GA-PLS was
suitable for the quantitative analysis of amino acids and
water extract and Bi-PLS was the best method for the
quantification of caffeine and theaflavins (TFs) [39].
Tea usually can be divided into six categories in China,
and more than 100 famous tea varieties or brands exist in
China. However, a common model is lacking for simultaneously evaluating various quality parameters of various
teas. Recently, Wang et al. developed a common acrosscategory FT-NIR model for simultaneous determination of
polyphenols, caffeine, and free amino acids in various
Chinese teas, including green tea, black tea, oolong tea, and
dark tea. Baseline offsets, random noise, and biases were
removed, and characteristic signals were enhanced by a
hybrid method, which combines MSC and first-order
derivative and SG. Two variable selection methods, random frog (RF) and competitive adaptive reweighted
sampling (CARS), were used for selecting key variables for
PLS calculation. Both enhanced RF-PLS and CARS-PLS
models simplified the model complexity, enhanced the
model performance, and gave satisfactory prediction
precision. NIR coupled with enhanced cross-category
models thus has the potential for the simultaneous prediction of the major ingredients in various Chinese teas
[35].
The determination of total polyphenols in tea by using
NIR spectroscopy has been studied in detail. However, most
of these research studies were performed in research laboratories. Furthermore, these research studies mainly used
commercial NIR instruments, which are nonspecific, expensive, and sensitive to environmental variation, and they
are thus not suitable for online detection in tea industrial
usage. The new trend of tea quality monitoring is to supervise the whole production line so as to ensure the high
quality and consistency of tea products [40, 41]. Qi et al.

developed a portable and low-cost optical visible and nearinfrared reflectance (VIS-NIR) spectroscopy system, including a light source, a backscattering fiber probe, a grating
system equipped with a slit, a detector, and a computer
supported with data acquisition and control software. The
genetic algorithm-synergy interval partial least squares (GASi-PLS) algorithm was used for monitoring the total polyphenols content in tea, and coefficients of variation (CVs)
were <5% for most of the samples. This optical sensors
system thus possessed great potential for the real-time and
online monitoring of tea quality in processing enterprises
[40]. In addition, summer-autumn tea leaves are the raw
material of instant black tea products. The oxidation of the
summer-autumn tea extract is a critical treatment for the
production of instant black tea products, and the total
polyphenols content is the key index for the oxidation degree. Pan et al. developed an in situ monitoring installation,
including an oxidation system of the tea extract and VISNIR spectroscopy system, to monitor the total polyphenols
content during tea oxidation. The ACO-PLS (ant colony
optimization-partial least squares) algorithm was extremely
suitable for the modeling of this monitoring installation, and
CVs for most of the samples were less than 10%. This
monitoring installation thus was a promising tool for in situ
monitoring of tea oxidation [41].
NIR hyperspectral imaging has also been used for the
prediction of chemical compositions in tea. Compared with
NIR spectroscopy, NIR hyperspectral imaging could simultaneously obtain spectral and spatial information by the
integration of spectroscopy and digital imaging. The componential and constructional characteristics of a sample
could be acquired by the spectrum for each pixel and the
gray scale image for each narrow band. Texture information
is another significant image feature. It is more similar to
human visual perception, which facilitates the direct identification of complex features in the sample [42, 57]. Deng
et al. predicted the moisture content in Longjing tea leaves
with NIR hyperspectral imaging. The property of continuous
texture near the veins was validated according to the variable
rates of water loss in the mesophylls and vein cells. Then, the
three-dimensional Gabor filter (TDGF) algorithm and its
corresponding filter bank were used for describing the
textures of tea leaves. The overall metrics showed that the
combination of spectrum and TDGF textures facilitated PLS
regression modeling to predict the moisture content of
Longjing tea [42].
2.2. Sensory Attributes. Sensory attributes of tea include
color, taste, aroma, and appearance, which are the key
factors of tea quality as well as indicators of commercial
values. Traditional methods for evaluating the sensory attributes rely basically on experienced panels, also known as
tea tasters. However, the results of traditional sensory
evaluation are purely subjective, which are easily affected by
experience, gender, mental state, physical condition, and
other factors. Therefore, objective methods are the principal
concern for the evaluation of tea sensory attributes. The NIR
spectroscopy is an ideal solution for the rapid, accurate, and
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r2 for caﬀeine: 0.97; GA:
0.85; GC: 0.78; EGC: 0.95;
C: 0.91; EGCG: 0.97; EC:
MPLS
0.95; GCG: 0.85; ECG:
0.94
Using GA-PLS, Rp for
amino acids: 0.9498; water
PLS, Si-PLS, GA-PLS, Biextract: 0.8785; using BiPLS
PLS, Rp for caﬀeine:
0.9232; theaﬂavins: 0.924
CARS-PLS (R2p ) achieved
best predictive
performance for total
PLS1, PLS2, RF-PLS,
polyphenols: 0.994;
CARS-PLS
caﬀeine: 0.986; free amino
acids: 0.993
Prediction set (Rp) for
PLS: 0.8043; Si-PLS:
PLS, Si-PLS, CARS-Si0.8804; GA-Si-PLS:
PLS, GA-Si-PLS
0.8859; CARS-Si-PLS:
0.8753
Prediction set (RMSEP)
for PLS: 0.7659; Si-PLS:
PLS, Si-PLS, GA-PLS,
0.8766; GA-PLS: 0.8993;
CARS-PLS, ACO-PLS
CARS-PLS: 0.8897; ACOPLS: 0.8853
r2 for PCPLS1-9: 0.9491,
0.8826, 0.9531, 0.8905,
0.9548, 0.9105, 0.9713,
PCPLS1-9, SPA-PLS
0.9071, and 0.9610; SPAPLS: 0.9216
BP-AdaBoost model
Si-PLS, PCA, BPNN,
revealed its superior
BP-AdaBoost
performance, Rp � 0.7717
GA-BPANN
Rp � 0.8935
PLS, SI-PLS, SI-CARSELM-AdaBoost was used
PLS, SI-CARS-ELM, SIfor the validation, R2p �
CARS-SVM, SI-CARS0.893
ELM-AdaBoost

Calibration models

Table 1: Overview of NIR spectroscopy for the quality control of tea.
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Abbreviations: ACO, ant colony optimization; ANOVA, one-way analysis of variance; Bi-PLS, backward interval PLS; BP-ANN, backpropagation artiﬁcial neural network; BPNN, backpropagation neural network;
C, (+)-catechin; CARS-PLS, competitive adaptive reweighted sampling-partial least squares; Chl-a, chlorophyll a; Chl-b, chlorophyll b; EC, (−)-epicatechin; ECG, (−)-epicatechin gallate; EGC, (−)-epigallocatechin;
EGCG, (−)-epigallocatechin gallate; ELM, extreme learning machine; ES, ensemble strategy; NIR: near-infrared reﬂectance; FT-NIR: Fourier transform near-infrared reﬂectance; GA, genetic algorithm; GC,
(−)-gallocatechin; GCG, (−)-gallocatechin gallate; ISOMAP, isometric mapping; KND, Karl Norris derivative ﬁlter; LDA, linear discriminant analysis; PLS, partial least squares; PLSDA, partial least squares
discriminant analysis; Lib-SVM, library support vector machine; MDS, multidimensional scaling; Min/Max, min/max normalization; MLR, multiple linear regression; MNF, minimal noise fraction; MPLS,
modiﬁed partial least squares; MSC, multiplicative scattering correction; NMR, nuclear magnetic resonance; OCPLS, one-class partial least squares; OVO-PLSDA, one-versus-one-partial least squares discriminant
analysis; OVR-PLSDA, one-versus-rest-partial least squares discriminant analysis; PCA, principal component analysis; Phe-a, pheophytin a; Phe-b, pheophytin b; Q2, cross-validated correlation coeﬃcient; r2,
coeﬃcient of determination in the prediction set; Rp, correlation coeﬃcient in the prediction set; R2p , determinate coeﬃcient; RF-PLS, random frog-partial least squares; SG smoothing, Savitzky–Golay smoothing;
SIMCA, soft independent modeling of class analogy; Si-PLS, synergy interval partial least squares; SNV, standard normal variate; SNVT, standard normal variate transformation; SPA-LDA, successive projections
algorithm associated with linear discriminant analysis; SVM, support vector machine; SVM-ECOC, error-correcting output code (ECOC) model containing support vector machine (SVM); t-SNE, t-distributed
stochastic neighbor embedding; VIS-NIR, visible and near-infrared reﬂectance; —, not mentioned.
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noninvasive sensory evaluation of tea [18]. Jiang and Chen
used FT-NIR spectroscopy for predicting the sensory
properties of green tea infusion. The Si-PLS algorithm was
applied for the selection of signiﬁcant spectral regions, and
the modiﬁed BP-AdaBoost algorithm was used for calibrating the models. The BP-AdaBoost algorithm showed its
superiority in modeling, with the Rp (the correlation coeﬃcient in the prediction set) of 0.7717, RPD (the ratio
performance deviation in the prediction set) of 1.59, Rc (the
correlation coeﬃcient in the calibration set) of 0.8554, and
RMSECV (the root mean square error of cross-validation) of
5.0305. Thus, the FT-NIR spectroscopy technique proved to
be a rapid, accurate, and noninvasive analytical method for
the evaluation of sensory quality in green tea. Nonetheless,
tea sensory properties should be individually characterized
by NIR spectroscopy [37].
Qin et al. investigated the feasibility for predicting the
color sensory attribute in black tea by using VIS-NIR
spectroscopy. The spectra information and color information were acquired for the modeling. Spectra information-based models obtained better performance than
color parameters-based models. The excellent performance
for predicting the color sensory quality was acquired by
genetic algorithm-backpropagation artiﬁcial neural network (GA-BPANN) models, with the R of 0.8935 and the
root mean square error of 0.392 in the prediction set [18].
Furthermore, TFs and thearubigins (TRs) are the major
pigments that determine the color and brightness of black
tea infusion. During the fermentation process, the color of
black tea leaves changes remarkably from green to red and
then to brown. When the TRs/TFs ratio is approximately
equal to 10 : 1, the fermentation process of black tea reaches
the optimum point, and the most beautiful color was
produced in tea infusion. The TRs/TFs ratio thus is a
critical parameter for evaluating the fermentation degree
and sensory quality characteristics of black tea. Dong et al.
used NIR spectroscopy for the prediction of the TRs/TFs
ratio value during the Congou black tea fermentation
process. The combination of Si-PLS and CARS could effectively select the characteristic wavelength variables related to the TRs/TFs ratio, with a variable compression
ratio up to 98.6%. Based on these characteristic variables,
an extreme learning machine (ELM) combined with an
adaptive boosting (AdaBoost) algorithm (ELM-AdaBoost)
was used for constructing the prediction model. The prediction performance of the SI-CARS-ELM-AdaBoost
model was higher than that of other nonlinear models
including extreme learning machine (ELM), SVM, linear
models, and full-spectrum PLS model. The rapid and accurate prediction of the TRs/TFs value was acquired during
fermentation, with a determinate coeﬃcient (R2p ) of 0.893,
relative standard deviation (RSD) below 10%, RPD above 3,
and root mean square error of prediction (RMSEP) of
0.0044 [43]. Similarly, Li et al. found that color of green tea
had close correlations with the contents of six lipid-soluble
pigments, including chlorophyll a, chlorophyll b, lutein,
β-carotene, pheophytin a, and pheophytin b. VIS-NIR
spectroscopy was used for rapid and simultaneous determination of six lipid-soluble pigments in green tea.
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Based on multiple linear regression (MLR) with the
characteristic wavelengths, the quantitative models of the
six pigments showed excellent performance, with R2p of
0.975, 0.973, 0.993, 0.919, 0.962, and 0.965, respectively
[44]. The color sensory quality of tea thus could be evaluated or controlled by the rapid determination of pigments
with NIR spectroscopy [43, 44].
By conducting Pearson’s correlation analysis between
chemical components and taste score, Chen et al. found that
eight ingredients (water extracts, total polyphenols, total
catechins, caﬀeine, free amino acids, TFs, theaﬂavin-3gallate, and theaﬂavin-3′-gallate) in the black tea were the
main contributors to the taste quality, while gallic acid,
EGCG, EC, and theaﬂavin-3,3′-digallate had weak correlations with taste quality. Then, the FT-NIR spectroscopy
system coupled with the backpropagation-AdaBoost (BPAdaBoost) algorithm was used for simultaneous prediction
of taste quality and these eight taste-related compounds
content in black tea. BP-AdaBoost models showed superior
predictions for taste quality and taste-related compounds
content in black tea, with the Rp > 0.76, and the RMSEP
<1.7% for all models [45].
2.3. Classiﬁcation and Authentication. Tea usually can be
divided into six categories, including green tea (unfermented), white tea (slightly fermented), yellow tea (partly
fermented), oolong tea (semifermented), black tea (fully
fermented), and dark tea (postfermented). Rapid and feasible classiﬁcation of two or three tea categories has been
achieved by NIR spectroscopy [58, 59]. Recently, NIR
hyperspectral imaging has also been used for the tea classiﬁcation. Ning et al. used VIS-NIR hyperspectral imaging
for the classiﬁcation of ﬁve Chinese tea categories, including
green, black, oolong, yellow, and white teas. Hyperspectral
data were extracted within the range of 400∼1000 nm
wavelength from a total of 206 tea samples. Four dominant
wavelengths (589, 635, 670, and 783 nm) were selected as
spectral features, and textural features were extracted by the
gray-level cooccurrence matrix (GLCM) at these four
dominant wavelengths. The classiﬁcation models of library
support vector machine (Lib-SVM), LDA, and ELM were
constructed based on spectral features, full spectra, textural
features, and data fusion. The model of Lib-SVM based on
data fusion or full spectra was the best model, with the
correct classiﬁcation rate of 98.39% [46]. Nonetheless, the
applications of VIS-NIR hyperspectral imaging described
above only cover ﬁve types of teas. Furthermore, tea characteristics measured by VIS-NIR spectral imaging
(400∼1000 nm) dominated by physical characteristics and
the pigments. Compared with VIS-NIR spectral imaging, the
NIR spectral imaging provides more detailed chemical information, which oﬀers a better classiﬁcation system. NIR
hyperspectral imaging (950∼1760 nm) has also been used for
the classiﬁcation of six diﬀerent commercial tea products,
including green, black, oolong, yellow, white, and pu-erh
teas. Before data modeling, the NIR imaging data should be
preprocessed to reduce the disturbances of light scattering
caused by the uneven and inhomogeneous leaf surface. By
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using the data visualization method of t-distributed stochastic neighbor embedding (t-SNE), the six commercial tea
products could be eﬀectively divided into three categories
based on the extent of processing: minimal processing,
oxidation, and fermentation. A multiclass error-correcting
output code (ECOC) model containing SVM binary learners
was further constructed for the tea classiﬁcation according to
the product type. The ECOC-SVM model provided excellent
classiﬁcation accuracy up to 97.41% for the six commercial
tea products [19].
The NIR technology has also been used for the authentication of tea storage periods. Xiong et al. used the VISNIR imaging system (405∼970 nm) to classify the Iron
Buddha tea based on the storage period (years of 2004, 2007,
2011, 2012, and 2013). The classiﬁcation accuracies of 97.5%
and 95.0% were acquired by using backpropagation neural
network (BPNN) and least squares-support vector machine
(LS-SVM) models [47]. Similarly, Wang et al. used NIR
spectroscopy for the storage period classiﬁcation of pu-erh
raw tea, which has been stored for 1∼10 years. Obvious
diﬀerence between new and aged pu-erh raw teas was found,
and 85% of the samples could be identiﬁed without any falsepositive result. However, the remaining 15% samples could
not be successfully clustered into the right year of production, and they also could not be clustered into the wrong
year either [48].
2.4. Geographical Origins. The tea qualities of diﬀerent
geographical origins are somewhat jagged, due to the disparity of geographical and natural conditions (altitude,
climate, soil, microelement, etc.), tea cultivars, cultivation
traditions, and processing procedures. The same kind of tea
from diﬀerent geographical origins might vary dramatically
in prices and quality [17]. Therefore, almost all of the famous
teas are labeled with their origins, such as Anji-white tea,
Anxi-Tieguanyin tea, and Yingde-black tea [36, 53]. However, some merchants fraudulently falsify the geographical
origins of tea for illegal proﬁts. It is urgent to enforce quality
control against various counterfeits [53]. NIR spectroscopy
has been successfully used for determining the geographical
origin of various teas in recent years. Anji-white tea, one of
the most famous green teas, has been documented as a
protected geographical indication product in China. 167
representative Anji-white tea samples were gathered from
the original producing areas, and non-Anji-white tea
samples with similar appearances were collected from unprotected producing areas in China. NIR spectroscopy
coupled with SIMCA or one-class partial least squares
(OCPLS) was used for the geographical origin discrimination of these samples. Based on the SNV preprocessing, the
sensitivity and speciﬁcity were 0.886 and 0.938 for SIMCA
and 0.886 and 0.951 for OCPLS, respectively. Although it is
hard to achieve the exhaustive analysis of all types of potential counterfeits, NIR spectrometry coupled with SNVOCPLS and SNV-OCPLS models could rapidly detect most
of the non-Anji-white teas in the Chinese market [36].
Besides, Zhuang et al. used the NIR spectroscopy to classify
the green tea from two geographical origins. 100%
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identiﬁcation accuracies in training and testing were acquired by the classiﬁcation model of PLS [49]. Although NIR
spectroscopy coupled with chemometrics algorithms has
been used for the discrimination of tea geographical origins,
the discrimination is usually limited to small scale [49, 60].
However, the class number of teas has increased signiﬁcantly
in recent years. For instance, Longjing tea, a top-quality
green tea in China, has more than 20 geographical origins. A
substantial diﬀerence in price exists among these geographical origins. More complex large-class-number classiﬁcation would pose new challenges to the traditional
pattern recognition, due to increasing data complexity and
class overlapping, and degraded model generalization performance. Fu et al. proposed a novel ensemble strategy (ES)
to solve the problem of large-class-number classiﬁcation. ES
combined the one-versus-one (OVO) and one-versus-rest
(OVR) strategies to design a set of classiﬁers with reduced
class numbers. The pattern recognition of ES, OVO, OVR,
and softmax function was compared to discriminate the
geographical origins of 25 Longjing tea samples by using
NIR spectroscopy and partial least squares discriminant
analysis (PLSDA). The highest total accuracy was acquired
by ES-PLSDA with the value of 0.9377, while the total accuracies of OVO-PLSDA, OVR-PLSDA, and PLSDAsoftmax were 0.8494, 0.6468, and 0.9299, respectively. ES
pattern recognition thus achieved improved performance in
large-class-number classiﬁcation [50].
The geographical origins of black teas have been discriminated by NIR spectroscopy. Ren et al. constructed an
NIR spectroscopy for rapidly determining the geographical
origins of black tea. Diﬀerent geographical origins including
Anhui, Hubei, and Yunnan in China, India, Kenya, Sri
Lanka, and Burma were remarkably recognized by a factorization method, with an accuracy rate of 94.3%. Meanwhile, the contents of major constituents in black tea
including water extracts, caﬀeine, total polyphenols, and free
amino acids were predicted well by the PLS algorithm, with
the correlation coeﬃcient (R) values of 0.962, 0.955, 0.954,
and 0.927, respectively, in the calibration set [51]. Furthermore, Diniz et al. used NIR spectroscopy for simultaneous classiﬁcation of tea samples according to their
geographical origins (Brazil, Argentina, or Sri Lanka) and
varieties (green or black). The successive projections algorithm associated with the linear discriminant analysis (SPALDA) was used for the variable selection, and its recognition
accuracy was compared with that of SIMCA and partial least
squares-discriminant analysis (PLS-DA). Argentinean green
tea, Brazilian green tea, Argentinean black tea, Brazilian
black tea, and Sri Lankan black tea were successfully discriminated by the SPA-LDA model with 100% classiﬁcation
accuracy, while SIMCA and PLS-DA models were not able to
achieve 100% classiﬁcation accuracy. Although simultaneous classiﬁcation of teas according to their geographical
origins and varieties was successfully realized by the SPALDA model, a larger testing of tea samples must be
implemented to guarantee any generalization of the proposed methodology [52].
Tieguanyin tea is one of the most famous oolong teas. It
is a protected geographical indication product in China. The
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geographical origin of Tieguanyin tea is restricted to Anxi
County, a small town in Fujian Province of China. 450
representative samples of Tieguanyin tea were collected from
Anxi County, which is the original production area of
Tieguanyin tea. Another 120 counterfeits with a similar
appearance were gathered from nonprotective areas in
China. NIR spectroscopy coupled with PLSDA was used for
the geographical origin discrimination of these samples. The
sensitivity and speciﬁcity of the PLSDA model based on SNV
transformation reached 0.93 and 1.00, respectively. NIR
spectrometry combined with the SNV-PLSDA model thus
could discriminate the geographical origins of Tieguanyin
tea rapidly [53]. Recently, the combinational analysis of NIR
spectroscopy and proton nuclear magnetic resonance (1H
NMR) has been used for distinguishing 90 Tieguanyin tea
samples, which were collected from three diﬀerent growing
places (Xiandu, Xianghua, and Xiping towns) in the Fujian
Province of China. 1H NMR spectroscopy could oﬀer the
structure and content information of compounds in samples, which is complementary to the NIR data [61, 62]. The
1
H NMR spectroscopy provided accurately qualitative information of 26 components (polyphenols, amino acids, and
saccharides) in Tieguanyin tea. Compared with NIR
(80.0∼89.3% of accuracy) or NMR (68.2∼78.7% of accuracy)
analysis alone, a better discrimination accuracy of geographical origins of oolong tea could be achieved by combining the NIR and NMR data (86.2∼95.8% of accuracy).
The combination of NIR and NMR approaches could be
used as an eﬀective way to identify the geographical origin of
tea. More Tieguanyin tea collected from more original
producing areas or even diﬀerent tea varieties could be
included to validate the eﬀectiveness of this combined
method in the future works [17].

3. Conclusion and Prospects
As a rapid, nondestructive, and inexpensive technique, NIR
spectroscopy has been extensively applied for analyzing
multiple aspects of tea quality control in recent years, such as
chemical compositions, sensory attributes, classiﬁcation,
authentication, and geographical origins. It is anticipated
that NIR spectroscopy may progressively become a routine
method for the tea quality control and expand to the food
safety ﬁeld of tea [63]. However, some challenges still impede
the pervasive application of NIR spectroscopy for the quality
control of tea. Although the performance of the NIR
spectrometer has been signiﬁcantly improved in recent years
by increasing the sensitivity and reducing the background
noise, improving accuracy and ensuring stability of the NIR
spectrometer are still required. Innovative calibrations and
prediction models with higher accuracy should be developed. More robust calibrations should be constructed for
the simultaneous analysis of various teas and multiple
quality attributes by using larger sample sets. Moreover, it is
diﬃcult for beginners and nonresearchers to select and
optimize the appropriate algorithms and models. Intelligent
software packs, which could select the optimal algorithms
and models automatically from various algorithms and
models, should be developed for the more widespread
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commercial application of NIR spectroscopy. In addition,
NIR spectroscopy oﬀers the exciting prospect potentially for
real-time and online monitoring of the whole progress of tea
production. The whole monitoring of tea production by NIR
spectroscopy could objectively measure the chemical compositions and sensory attributes, detect unwanted problems
immediately, and assure the quality of the ﬁnal products.
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