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Origin identification of Shandong green tea by moving window back
propagation artificial neural network based on near infrared spectroscopy
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Abstract ; Near infrared (NIR) spectroscopy was used to identify the origins of two representative of Shandong green
tea (Laoshan green tea and Rizhao green tea) rapidly and non-destructively. Several preprocessing methods of NIR,
such as smoothing, first- and second-derivative were compared. Moving window back propagation artificial neural
network (MW-BP-ANN) was used to select characteristic spectral variables. It was found that the first-derivative and
MW-BP-ANN processing techniques improved the predictive abilities of the support vector machine (SVM) classifi-
cation models. The best estimated identification accuracy can be improved to 98.33% , which demonstrates that the

spectral variables selection method is significant for the predictive ability of origin identification models.

Key words: near-infrared spectroscopy ,support vector machine, green tea,origin identification
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tensive scientific and medical studies, due to a variety of

Introduction its associated health benefits''”'. The yearly output of

Chinese green tea reaches hundreds of thousands of tons,

Green tea is one of the most popular beverages and the tea comes primarily from the central and southern

worldwide. In recent years, it has been subjected to in- regions in China. According to China market research,
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the production of green tea is growing annually at a rate
of approximately 7.2% worldwide. The concomitant
problem is that the amount of adulterated green tea in the
market has also increased dramatically, as reported by
the local media and other studies'® . Furthermore, tradi-
tional chemical analysis methods in laboratories are too
expensive and complicated to discern such adulteration.
Hence, developing an easy-to-use and economic on-line
identification approach for green tea is quite urgent.

NIR spectroscopy, which is considered to be a ma-
jor alternative to the traditional chemical analysis meth-
ods (such as high performance liquid chromatography
(HPLC ), capillary electrophoresis and colorimetric
measurements ) , becomes one of the most rapidly devel-
oped spectroscopic methods because of its rapid-response
and non-destructive features'”™”. In addition to food,
agriculture and petrochemical industries, NIR spectros-
copy has been successfully applied in green tea quality a-
nalysis'""". For example, NIR in combination with
principal component analysis (PCA), ANN and SVM,
has been used in quantitative and qualitative analysis of
green tea >,

SVM is one of the most technologically advanced
recognition methods. To avoid over-fitting, SVM fixes
the classification decision function to the structural risk
minimum mistake instead of the minimum mistake of the
misclassification on the training set'"®'. Therefore, SVM
has the advantage of dealing with ill-posed problems and
could lead to global models that are often unique. Fur-
thermore, SVM is powerful for the problem characterized
by small sample, nonlinearity and high dimension,with a
good generalization performance!'’. Recently, SVM was
successfully applied to build NIR spectroscopy classifica-
tion models that generally have a recognition rate of
95% ' *22) " However, almost all of the studies used
tea powder as samples to identify green tea varieties, and
the spectra were basically collected using a large, costly
and high-resolution spectrometer that is not conducive to
practical applications.

A rapid and non-destructive method to identify the
origins of green tea was established using NIR spectrosco-
py and SVM. All spectra were collected using a low-reso-
lution spectrometer. Preprocessing had been used to e-
liminate the difficulties caused by the heterogeneity of tea
samples, which could affect the reproducibility of spec-
tra. Then, several spectral preprocessing and spectral
variable selection methods were investigated systematical-
ly. Laoshan and Rizhao green tea were collected from
green tea plantations in their original producing areas to
train and test the classification model.

1 Materials and methods

1.1 Sample preparation

200 green tea samples were selected for model
building and analysis to well determine the mathematical
relationship between the spectral variables and origins.
200 representative green tea samples (100 Laoshan and
100 Rizhao green tea samples) were collected from Laos-
han and Rizhao. All samples were collected according to
the proportion of regional and seasonal production, which
could keep the uniform distribution of sample in time and

space and enhance the predictive ability of the model.
For experimental clarity, Laoshan green tea samples were
labelled 1, and Rizhao green tea samples were labelled 2.

All 200 samples were randomly divided into two
subsets at a ratio of 7:3 to ensure the training set and
prediction set samples representative in quantity and vari-
ation range of properties. The first subset was the training
set, which contained 140 samples (70 Laoshan and 70
Rizhao green tea samples). This set was used to build
the calibration model. The remaining 60 samples (30
Laoshan and 30 Rizhao green tea samples) formed the
prediction set to test the performance of the model. The
tea variety, producing area, sample number and sample
label are collected in Tablel.

Table 1 The varieties, producing area, number and labels of
tea samples

R1 FHERNTE i BENGZER

—_— . Number
Varieties Producing area A Labels
of samples
Wanggezhuang tea plantation, Qingd- 70
Laoshan ao, Shandong !
green tea Shazikou tea plantation, Qingdao, 30
Shandong
Houcun tea plantation, Rizhao, Shan- 3
dong
Rizhao Beiguo tea plantation, Rizhao, Shan- 2 )
green tea  dong
Jufeng tea plantation, Rizhao, Shan- 3

dong

1.2 Spectra collection

Ten spectra were collected for each sample in the
reflectance mode using AvaSpec-NIR256/2. STEC spec-
trometer ( Avantes, Netherlands ) with a fiber-optic
probe. All samples were placed in 200 ml beakers and
the spectra were directly collected from the beaker with-
out grinding or any other sample pretreatments. The dis-
tance between the probe and tea was kept at 1 em. Each
spectrum was recorded as the average value from the
spectra collected from 40 scans. The emission range of
the spectrum was 1 050 ~2 500 nm, and the raw spectra
had 227 variables at intervals of approximately 6.4 nm.
For each sample, the mean of the 10 spectra was applied
in the subsequent analysis. Additionally, both ends
(1050 ~ 1300 nm and 2 300 ~2 500 nm) of the original
spectra were excluded because the high level of noise
prevented an accurate interpretation of the spectra. As a
result, the spectral region of 1 300 ~2 300 nm was se-
lected for further analysis and included 156 variables.
The room temperature was kept at 25°C | and the humidi-
ty was kept at an ambient level in the laboratory.
1.3 Spectral preprocessing methods

The purpose of spectral preprocessing is to reduce
spectral noise and enhance spectral details to improve the
predictive performance of the model. In this work, three
data preprocessing methods were applied; spectral smoot-
hing, first- and second-derivative analyses. Because it is
a moving window averaging method, spectral smoothing
eliminates random white noise by averaging the testing
values of repeated measurements' ' ; thus, a wider win-
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dow results in good smoothing performance. Compared
with smoothing, first- and second-derivative analyses can
enhance small spectral differences, thereby eliminating
overlapped spectral lines and baseline drift. First-deriva-
tive processing is usually applied to eliminate a singular
point, allowing the linear background to reach a fixed
value. Second-derivative processing differentiates be-
tween two adjacent first derivatives.
1.4 Spectral variable selection method
MW-BP-ANN was used to select characteristic vari-
ables in this study. This is the first time combining MW
with BP-ANN to select the spectral variable. The idea of
the moving window has been implemented by a number of
studies. The moving window method has a wide univer-
sali[ty, ?nd it can be globally optimized and easily opera-
I

Fig.1 The schematic of MW-BP-ANN for spectral varia-
ble selection

K1 #ahtd H-BP M2 48 e PERHIE I K iR 1

MW-BP-ANN has two steps for spectral variable se-
lection. The first step is setting the width of the window,
which moved from the left side to the right side of the
whole spectral range, as shown in Fig. 1. Then, the
spectra covered in the window were used to build classifi-
cation models by using a back propagation-artificial neu-
ral network ( BP-ANN) as the window was moved. After
one movement was completed, all of the prediction re-
sults of each model were calculated simultaneously. All
of the windows were denoted by the sequence number of
their intermediate variables. The second step was to se-
lect the optimal spectral variables according to the recog-
nition rate. Finally, all of the selected variables were ap-
plied to build the classification model by SVM.

The optimization process of characteristic variables
is shown in Fig. 1. the spectral window starts at the first

spectral channel, and it ends at the last spectral chan-
nel, which moved (n-w) times. n is the number of spec-
tral variables, w is the window width and it is also the
main parameter which needed to be adjusted manually.
In general, w is adjusted according to the discrimination
of the final results. Too broad of a window would easily
lead to a problem in which some non-informative varia-
bles are selected. In turn, it is difficult to obtain a con-
secutive range of spectral intervals if the window is too
narrow. After the optimization, we got (n-w) BP-ANN
models and (n-w) evaluation indices. To evaluate the
optimization results, the optimized variables were used to
build SVM classification model. The second optimization
is based on the result of the first optimization. The
process was repeated until getting the optimal SVM clas-
sification model.

2 Result and discussion

2.1 Spectra investigation

The mean spectra of two varieties for the raw and
first derivative data are presented in Figs. 2 (a) and
(b), respectively. As presented in Fig.2(a) , the stron-
gest absorption peak is at approximately 1940 nm caused
by the stretching and deformation vibrations of O-H in
water. The signals at 1 428 ~1 666 nm are mainly the
stretching vibrations of O-H and N-H'”'. Other obvious
absorption bands include the one at 1785 nm ( the funda-
mental stretching of C-H) and 2 172 nm ( C-O stretching
vibration). The spectra of Laoshan green tea and Rizhao
green tea have an obvious separation between 2 100 nm
to 2300 nm, which is the strongest absorption band of a-
mino acids (2132 nm and 2294 nm correspond to the
stretching vibrations of N-H and C =0, and 2 242 nm is
the absorption peak of -NH,) /.

As shown in Fig. 2(b), the most intense bands in
the spectrum belong to the vibration of the 2nd overtone
of the carbonyl group (1 868 nm) , the C-H deformation
vibration (1 386 nm) , the stretching vibrations of -CH,
(1741 nm) and -CH; (1 712 nm). The presence of car-
bonyl group, C-H and -CH, are mainly caused by poly-
phenols, alkaloids, proteins, volatile,
acids, and some aromatic compounds'™’.
2.2 Spectral preprocessing

As presented in Fig.3(a), the raw spectra of Laos-
han green tea and Rizhao green tea samples are highly o-
verlapped, so specific peaks are difficult to be isolated.
To sharpen the poor peak resolution and improve the
classification performance of the calibration models, the
preprocessing methods of spectral smoothing and first-
and second-derivative analyses were applied to process
the raw spectra. All of the processed spectra in the train-
ing set are shown in Fig. 3. The red lines represent Laos-
han green tea samples, and Rizhao green tea samples are
indicated by green lines. The dark regions are the over-
lapping portions of two varieties of tea samples.

Based on the preprocessed spectra, five classifica-
tion models were built by SVM, and the results of the
predictions are shown in Table. 2. As determined from
Table. 2, the model based on first-derivative processing
has optimal recognition accuracy. Although smoothing
can effectively eliminate the noise, it has the risk of los-

non-volatile
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Fig.2 Mean spectra for two varieties of green tea (red:
Laoshan green tea, Green: Rizhao green tea) (a) raw spec-
tra,and (b) first derivative spectra

2 W™ 2k 2 1 2003 il 28 (2060 87 Ll 2R 2%, 2
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ing some useful high-frequency information in the raw da-
ta. In addition, more points in the smoothing window
will reduce the classification performance. In contrast,
the first- and second-derivative spectra can enhance most
of the detailed information, which enhances the differ-
ence between the Laoshan and Rizhao green tea samples.
More importantly, the derivation spectra can remove the
baseline and eliminate any influence caused by the heter-
ogeneity of tea samples, thereby enhancing the reproduc-
ibility of the spectra.

Table 2 The classification results obtained by spectral pre-

processing
R2 RETMAEEHTHMALER
Preprocessing methods Total No. False No. Accuracy rate/ (%)
Raw spectra 60 5 91.67
Three-point smoothing 60 6 90
Five-point smoothing 60 9 85
Seven-point smoothing 60 9 85
First derivative 60 2 96. 67
Second derivative 60 5 91.67

Fig.3 The raw and processed spectra for two varieties of
green tea samples (red: Laoshan green tea, blue: Rizhao
green tea, black: overlap). (a) Raw spectra, (b) five-
point smoothed spectra, (c) first derivative spectra, and
(d) second derivative spectra

B3 7 Ml G A AR 14 J5 4 G 1 AN Ak BIU 19 03E (4L
gk e HIRGR, B E DS EF/ D) (a)
JRAR OGS, (b) TR OLIE, (o) — B e, (d) =

o i

2.3 Spectral variable selection

Based on the spectra preprocessed by first derivative
analyses, which has the best identification accuracy, the
characteristic spectral variables were selected using MW-
BP-ANN. The moving window size was set at 3 spectral
variables (approximately 14.4 nm) , which proved to be
the optimal window size based on a series of experiments
and calculations. Eventually, 82 characteristic variables
were selected, as shown in Fig. 4. All of the accuracy
rates corresponding to each window are marked by red
boxes. The horizontal line in the graph is the mean value
of the accuracy rates and was considered as the thresh-
old. The variables above the line were selected as in-
formative ones to build the classification models.

Most organic compounds in green tea such as poly-
phenols, amino acids, caffeine and polysaccharide, con-
tain a variety of hydrogen groups. Moreover, the content
and proportion of organic ingredients determine the quali-
ty of green tea. For example, the content of free amino
acids and nitrogen is often related to the variety, region
and season of green tea. For this reason, in addition to
getting the content of various chemical constituents, a se-
ries of quality models can be built based on the chemical
constituents, by analyzing the near-infrared spectroscopy
of green tea. Taking into account that green tea origins
are associated with a variety of chemical constituents, it
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Fig.4 The selection results of characteristic variables by MW-
BP-ANN
K4 Feahfd H-BP 2 45 SRR IR AR A5 R

is always extremely difficult to find out the variety, con-
tent and proportion of compounds, especially for non-pro-
fessionals. MW-BP-ANN, starting from sample character
to find the characteristic variables directly, has strong
commonality and global optimization capability to find the
characteristic variables directly from sample characters,
as presented in Fig. 4.

Based on the 82 characteristic variables, another
classification model was built by SVM. Compared with
the previous models, the identification accuracy was fur-
ther improved (accuracy rate =98.33% ), as shown in
Fig. 5. Reference labels are indicated by + , and predic-
tion labels are indicated by O. As observed from Fig. 5,
only one prediction sample is not correctly identified.

Fig.5 The final prediction result obtained by SVM

5 SCHFE L SRR R A T2

3 Conclusions

It can be concluded from the above results that
Laoshan and Rizhao green tea origins can be well identi-
fied by low-resolution NIR spectroscopy and SVM. In the
modeling process, preprocessing has a major impact on
the final classification model. For example, first-deriva-
tive processing techniques can eliminate baseline drift,
thereby reducing the poor reproducibility of spectra
caused by the heterogeneity of tea samples. MW-BP-
ANN was used as an effective method to select character-
istic variables, which can further improve the prediction
performance of the final classification models. Based on
the processed spectra, the optimal classification model
was built, and the identification accuracy was 98.33% .

Compared with the results obtained by other NIR spec-
troscopy techniques, the method established in our study
was shown to be relatively more practical and economical
because it has lower requirements for spectral resolution
and samples.
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