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Discrimination of tea varieties from different countries is demanding task and to address this 
requirement, we demonstrate the feasibility of using x-ray fluorescence (XRF) spectrometry combined 
with chemometric, to classify geographical origin of different based on their elemental contents. Both 
direct non-pre-treatment XRF spectra and elemental concentration were used to achieve discrimination 
of tea. The classification was carried out on the basis of chemical information contained in tea samples. 
In total, 13 elements (Mg, Al, P, S, Rb, Sr, K, Ca, Mn, Fe, Cu, Zn, As, Pb) were used as chemometric 
descriptors for classification purpose of tea types based to their geographical origin. Different pattern 
recognition techniques such as singular value decomposition (SVD), hierarchical clustering analysis 
(HCA) and artificial neural network (ANN) were applied to differentiate tea varieties. The most dominant 
element descriptors features were calcium Ca, potassium K, manganese Mn and iron Fe. 
 
Key words: Portable X-ray fluorescence, tea, singular value decomposition; hierarchical clustering analysis, 
artificial neural network. 
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INTRODUCTION 

 
Tea is one of the most popular beverages in the world, 
especially in Africa  and Asia where people started 
drinking tea thousands of years ago (Stragg and Millin, 
1975). Tea contains flavonoids, minerals, and trace 
elements that are essential to human health. There are 
broad scientific publications about medicinal value and 
beneficial health effects of tea (Dufresne and Farnworth, 
2001; Weisburger, 1997). Some of the possible beneficial 
effects of drinking tea are: anti-oxidative activity (Luczaj 
and Skrzydlewska, 2005), immune system boosting 
(Mark, 2007), protective effect against a range of cancers 
including lung, prostate, and breast cancer (Siddiqui et 
al., 2005;  Record  and  Dreosti,  1998)  and  reduction  of  
 

blood cholesterol levels (Fujita and Yamagami, 2008) 
effective drug against Plasmodium (Ferreira and Janick, 
1995). 

Zinc is an essential component of over 200 enzymes 
having catalytic and structural roles. Zn deficiency is 
characterized by recurrent infections, lack of immunity 
performance and poor growth. Low intake of zinc may 
cause coronary artery disease. Clinical materials prove 
that Zn can have good effect on eliminating ulcer and 
promoting healing wounds. Following zinc and iron, 
copper is the third most abundant trace element in the 
body. Copper is involved in the oxidation of Fe

2+
 Fe

3+
 

during haemoglobin formation. It is  an  important  catalys
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for iron absorption. Copper deficiency may be risk factor 
for cardiovascular disease. When over copper deficiency 
occurs, symptoms include neutrogena, cardiac disorders, 
osteoporosis and anaemia. Iron is needed for a healthy 
immune system and for energy production. Essential 
element as halogen Cl, among others, is employed as 
fingerprints in the diagnosis of neoplastic tissues (Fung et 
al., 2003). 

Due to the importance of minerals in tea, several 
studies including atomic absorption spectroscopy (AAS) 
were performed (Marcos et al., 1998). However 
inductively coupled plasma mass spectrometry (ICP-MS) 
is the most commonly used techniques of differentiation 
of tea other ICP (Yingxu

 
et al., 2009) and others related 

techniques such as liquid chromatography, electronic 
nose (Dutta

 
et al., 2003), electronic tongue (Ivarsson

 
et 

al., 2001), near infrared reflectance (Chen
 
et al., 2007) 

and infrared spectroscopy (Budinova
 
et al., 1998) can be 

found as well. These kinds of techniques are very time 
consuming due to various sample preparation steps. 
However elemental fingerprint techniques, based on 
elemental composition and multivariate statistical 
analysis, has primarily been used to determine the 
geographic origin of teas (Fernandez-Caceres

 
et al., 

2001). Based on tea sensory properties such as flavor, 
texture, smell and perceived color tea samples from 
different countries are difficult to classify due to their 
leaves similarities and their environmental impact. The 
most common procedures used for the classification of 
teas brands and determination of the geographic origin of 
different teas include several pattern recognition 
techniques, such as principal component analysis (PCA), 
linear discriminant analysis (LDA), cluster analysis (CA), 
soft independent modeling of class analogy (SIMCA) and 
artificial neural networks (ANNs) (Herrador and 
Gonzalez, 2001). However, in our knowledge, there are 
no previous studies on differentiation of tea types from 
different countries using no time consuming portable 
energy X-ray fluorescence analyzers. 

In this present work thirteen tea samples from 
Cameroon, China and Luxembourg were analyzed by 
energy dispersive x-ray fluorescence (EDXRF) 
spectroscopy for the purpose of using elemental 
composition of tea to discriminate among geographical 
origin. Elemental content (Al, As, Ca, Cu, Fe, K, Mg, Mn, 
P, Pb, Rb, S, Sr and Zn) were determined and major 
elements are chosen as variable predicators. The 
chemometric procedure performed were singular value 
decomposition (SVD) for data exploration, hierarchical 
clustering analysis HCA for identification and 
discrimination and artificial neural network. These 
methods achieved 100% correct classification for the 
thirteen tea types from Asia China, Europa Luxembourg 
and Africa Cameroon. For the detection of present 
elements, X-ray fluorescence has been performed to 

evaluate environmental contamination of tea leave and the 
verification of the bio-accumulation potential. The 
classification chemometric model developed in  this  work 
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will be able to achieve an authentication of tea according 
to their geographical origin but also an authentication of 
brands falsification of tea for further study. 
 
 
MATERIALS AND METHODS  

 
Samples were dried-out in an oven at 80°C until constant mass was 
obtained. To be ready for energy dispersive X-ray fluorescence 
(EDXRF) analysis, the tea was ground to 120 µm using an agate 
mortar. In addition for homogenization and to avoid grain size effect 
in the quantitative analysis, a vibrating planetary mill was used to 
obtain to reduce grain size less than < 70 µm. One the 
advantageous features of XRF techniques is the possibility of 
performing analysis directly on solid samples, which usually implies 
simpler sample preparation with considerable reduction in usage of 
reagents. Determination of the composition of solid samples, 
without any sample preparation, is possible for samples that are 
homogeneous in all three dimensions and with flat surface. This is 
the case for direct analysis of metals and alloys that has been one 
of the main applications of XRF. However, most solid materials 

require sample pre treatment to make them homogeneous and to 
ensure the quality and the reproducibility of measurements (Tertian 
and Claisse, 1982). All The samples were prepared as a mixture of 
tea and Ethylene bis-Stearamide (known as Licowax or Hoechtwax 
HWC) used as binder agent, in a proportion of 1 g of tea sample to 
10% of HWC of the mass of the sample with 0.13 g/cm

3
 of 

superficial density. The mixture was thoroughly homogenized once 
more in a planetary mill and pressed (under 5 tones) into a disc 
pellet of 32 mm diameter. The pellets were measured using an 

EDXRF portable analyzer spectrometer (Niton XL3t900s with 
Geometrically Optimized Large Drift Detector) with Ag x-ray 
excitation source and several filters as secondary targets for 
excitation. This configuration allows the attainment of improved 
sensitivity and signal to noise ratio by sequentially selecting 
appropriate combinations of filters as secondary targets and 
different groups of elements were carried out depending on element 
interest. These pellets were (three replicate measurements for each 
tea sample were performed) placed within the stand lid system. The 
use of portable analyzer for excitation and the characteristic x-rays 
emitted by the constituents of the samples were carried out for a 
period of 200 s (Table 1). The portable XRF uses both 
quantification techniques: normalization and the full fundamental 
method. 

However, the presence of some potential toxic elements in tea 
sample as lead (Pb), arsenic (As), chromium (Cr), cadmium (Cd) or 
aluminium (Al) constitutes a reason for concern. In the case of 

Cadmium we pay attention to the overlapping spectra between 
cadmium (Cd-L) and potassium (K) lines. For this purpose, the 
sandwich of molybdenum (Mo), Al and titanium (Ti) as filter was 
selected for Cd excitation and these additional filters with Ag was 
performed to improve the signal-to-noise ratio by reducing the 
measured continuum. On the other hand, Mo filter is the best 
choice, instead of silver direct excitation source alone, to attain 
larger signal-to-noise ratios. 

The precision of the method was verified by using three different 
replicate samples due to the fact that measurements have been 
made in reproducible conditions. Table 2 shows the results of 
precision attained after the analysis of the INCT-Tea Leaves-1 
standard. In this study enhancement effects and/or absorption of 
characteristic X-ray emitted by the sample constituents make the 
quantification of the detected elements difficult. On the other hand, 
the use on thin sample was carried out by assessing the proportion 
between area density and attenuation factor and assuming 

monochromatic excitation source (Karimi et al., 2008; Markowick, 
1993; Salvador et al., 2002; Matsumoto et al., 1976). Tea name 
labelled, geographical origin and corresponding abbreviation are 
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Table 1. Spectrometer specifications and operating conditions. 

 

Resolution 162.15 eV  (910 cps Mn Ka)  

Window Thickness 12.7 µm Be  

Rating 50kV, 40 µA maximum power of the tube 2 W  

Diameter of the beam 7 mm  

Filters List of element interest  

Ag excitation source 
Sb, Sn, Cd, Pd, Ag, Mo, Nb, Zr, Sr, Rh, As, Ti,                                      

Ni, Co, Fe, Mn, Cr, V, Se, Au, Pb, W, Zn, Ta  

 
 

 
 

Table 2. Results of average and certified values INCT-Tea Leaves-1 (mg/kg). 

 

Element Certified value ± uncertainty X  X  (  X

X


)*100 

Al 2290±3300 2400 250 10.4 

Cd 0.03±0.004 ND ------ ------ 

Pb 1.78±0.24 15.6 0.6 3,8 

As 0.106±0.021 ND ------ ------ 

Fe 432 593 78.5 13,2 

K 17000±1200 8917.3 1692.1 19,0 

Ca 5820±520 3145 576.1 18,3 

P 1810 2100 185 8.8 

Mn 1570±110 1761.6 247.2 14,0 

S 2470±250 2575.3 519.1 20,2 

Sr 20.8±1.7 23.8 1.9 8,0 

Rb 81.5±6.5 89.2 7.5 8,4 

Cu 20.4±1.5 33.3 3.8 11,4 

Zn 34.7±2.7 51.9 5.5 10,6 

Mg 2240±170 N.D
* 

------ ------ 
 

(*)
 Not Detected. 

 
 
given in Table 3.  
 

 
Multivariate statistical analysis 

 
Singular value decomposition (SVD)  
 

SVD is a chemometric method, where an orthogonal linear 
transformation is applied on the XRF spectra data. The original 
spectra data can be represented by a few principal components 
(PCs) (Mei et al., 2012; Varmuza and Filmoser, 2009). The dataset 
was reduced by first applying a linear combination of the 
standardized original variables possessing the greatest possible 
variance, thereby creating the first principal component (PC1). The 
second component (PC2) was created based on the linear 
combination of the standardized original variables having the 
greatest possible variance and was uncorrelated with all previous 
defined components. This procedure facilitates the extraction of 
important chemical information and leads to substantial reduction of 
redundant data.  
 
 

Hierarchical clustering analysis (HCA)  

 
Unsupervised HCA is a widely used  data  analysis  tool  in  applied 

spectroscopy in combination with SVD. In this present work HCA 
was used to classify tea while no prior information about any group 
membership is available, and not even the number of clusters is 
known. BLANK tea was considered as an unknown tea sample 
from china, thus the predict chemometric model developed in this 

work achieved correct classification to unknown tea sample. 
 
 
Artificial neural networks (ANN)  
 
ANN derived from biological nerve systems, have been used in this 
paper for both classification and clustering. The core technique of 
ANNs is neural net (or network in short) that consists of layers of 
neurons (nodes or units) and links (or interconnections) between 

neurons on neighbouring layers for nonlinear computational (Karim 
et al., 2008). These pattern recognition techniques SVD, HCA and 
ANN were perform with software in version of R and Matlab. 
 
 

RESULTS AND DISCUSSION 
 
Reference data from elements 
 
The average  values  for  each  element  were  calculated 
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Table 3. Commercial green tea leaves samples selected in this study and their growing area. 
 

Sample Label   Commercial  area   Growing area 

TEA A CMR Cameroon Cameroon      
TEA B LUX Luxembourg Luxembourg 
TEA 1 FLECHA Senegal China 
TEA 2 CHEVAL Senegal China 
TEA 3 FORCE Senegal China 
TEA 4 FORTE Senegal China 
TEA 5 SAVA Mauritania China 
TEA 6 EL HELLA Mauritania China 

 
 
 

 
 
Figure 1. Energy dispersive X-ray fluorescence and scatter 

spectra of 05 tea samples from China at 35KV. 

 
 

 
 
Figure 2. Energy dispersive X-ray fluorescence and scatter 

spectra of 03 tea samples from Luxembourg (LUX) at 35 KV. 

 
 
only for those elements for which results had very high 
concentrations of interest. The values of Se, W, Ni and 
Co are below the detection limit. The cases presenting 
missing or wrong values are excluded. The 
concentrations of rare earth elements (Dy, Eu, Gd, Sm, 
Tb and Yb) were not detected in any tea leaves. The list 
of element determined includes macro, micro, toxic and 
trace elements in tea are presented in Table 4. Along 
these macro elements, K has the higher concentration  in 

 

 
 
Figure 3. Energy dispersive X-ray fluorescence and scatter 

spectra of 03 tea samples from Cameroon (CMR) at 35KV. 

 
 
TEA B. Due to the experimental setup, the 
measurements were carried out under air instead of 
vacuum or helium flushes. For light elements with the 
concentration slightly higher to the detection limit it 
becomes scarce to get good sensitivity and we only 
detected Mg in this tea. In some tea samples Ti was 
detected, but is not an essential element for the plant 
growth. The concentration of Zn in TEA 6, TEA 5 and 
TEA 3 is the same. This elemental tea variability can be 
explain in fact that elemental content of teas depends on 
several factors, including soil characteristic and 
environmental conditions e.g. mineral composition, cation 
exchange, particle size, temperature, rainfall and air 
quality. 

 
 
Singular value decomposition (SVD) 

 
Prior to the application of SVD, the data were auto-
scaled, auto-scaling procedure consists, for each value, 
to the subtraction of the variable mean. The obtaining 
result is a new variable with zero mean. The original data 
matrix (Figures 1,  2  and  3)  is  transformed  into  a  new  
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Table 4. Element concentration in leaves of thirteen teas presented as mean ±SD (n=3). 

 

Elements (mg.kg-1 dry)   TeaA TeaB Tea1 Tea2 Tea3 Tea4 Tea5 T ea6 

Al 12830±5780 23400±6660 <8040 10830±3470 18470±5390 10920±5010 8950±4350 <8040 

As <20 30±10 <20 <20 <20 <20 <20 <20 

Ca 93540±1040 64850±890 35480±490 90710±890 121480±1110 87340±950 45220±580 50550±670 

Cu 250±30 100±20 160±20 180±30 170±30 180±30 190±30 180±30 

Fe 6280±190 12200±260 1730±110 4520±160 4340±170 2950±160 1600±110 1870±130 

K(x10
3
) 219.7±1.64 298.74±2.11 134.04±1.16 119.27± 1.03 116.97±1 141.54±1.24 147.45±1.25 163.41±1.43 

Mg <88140 89690±43680 <65250 <70010 <73970 <80010 <69050 <79960 

Mn 1410±100 1780±110 7300±220 9660±260 8700±260 11940±320 9060±250 10170±290 

P(x10
3
) 18.97±0.53 15.18±0.45 14.36±0.5 11.88±0.46 13.52±0.46 15.61±0.53 15.49±0.51 14.78±0.54 

Pb 50±10 100±10 <20 <20 <20 <20 <20 <20 

Rb 50±10 100±10 100±10 130±10 190±10 150±10 130±10 160±10 

S(x10
3
) 24.82±0.43 21.91±0.4 25.94±0.45 19.95±0.4 26.11±0.42 25.18±0.46 25.9±0.45 27.06±0.5 

Sr 20±10 60 ±10 30±10 40±10 90±10 40±10 40±10 40±10 

Zn 270±20 280±20 130±20 140±20 150±20 140±20 150±20 150±20 

 
 
 
coordinate system. The results of singular value 
decomposition are summarized in Figure 4. The 
first three extracted components accounted for 
99.29% of the total variability of the data in Figure 
4. The largest variability in the data set (89.31%) 
is accounted for by transition and alkali elements 
Ca, K, Mn and Fe which showed the highest 
weights in the loadings plot in Figure 5. Whereas 
other group of elements tea contents Mg, Al, P, S, 
Cu, Zn, As and Pb are associated with less 
dominant features discriminate for tea 
classification. Chemically the first two PCs can 
probably associate of influence of soil composition 
(Ca, K and Fe).  
 
 
Hierarchical clustering analysis (HCA) 

 
Hierarchical cluster analysis was applied in the 
present study to achieve classification. A data 
matrix was built which consist of the concentration 

of thirteen elements in each tea sample. This data 
matrix of concentration was subject to hierarchical 
cluster analysis. Thus, elementals content data 
were used as input to perform the 
characterization. The similarities between 
samples were calculated on the basis of the 
squared Euclidean distance, whereas a 
hierarchical agglomerative system was used to 
establish the cluster after redundant information 
was removed with SVD. The results obtained are 
presented in Figure 6 as can be seen in the 
dendrogram representation, three main clusters 
with 100% accurate grouped sample based on 
their geographical area are obtained: Cameroon 
(CMR1, CMR2 and CMR3), China (ELHELLA, 
BLANK, FORTE, FLECHA and SAVA) and 
Luxembourg (LUX1, LUX2 and LUX3).  

For direct XRF spectra analysis by chemometric 
without pre-treatment to achieve unsupervised 
classification based on hierarchical cluster 
analysis, a data matrix was built  which  consist  of 

511 spectral data and 47 tea samples. This data 
matrix of 47 rows and 511 columns (511 
channels) was subject to singular value 
decomposition (SVD) for dimension reduction and 
cross- validation to obtain the optimal component 
for data matrix reconstruction. Figure 7 illustrates 
the dendrogram plot of direct XRF spectra and as 
shown in the Figure 7 the tea samples clearly fall 
into three groups Cameroon, Luxemburg and 
china, except Tea 3 which is misclassified 
comparing the result we have obtained using 
elemental content as input instead of spectra 
data. 

 
 
Artificial neural network (ANN) 
 

There are many different kinds of ANN but two 
types are most commonly used in chemometric to 
perform regression tasks: multilayer Feed- 
Forward  Neural  Network  (MLF-NN)   and   some
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Figure 4. The score plot associated with PC1, PC2 and PC3 from principal components analysis of elemental 

composition of tea sample with total variability. Figures show a clear distinction between tea samples from different 
geographical area.  

 
 
 

 
 
Figure 5. The loadings plot associated with PC1, PC2 and PC3 from principal components analysis of the elemental 

composition of tea sample. 
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Figure 6. Dendrographic classification of tea sample from elemental contents according to their geographical origin.  

 
 
 

 
 
Figure 7. Dendrographic classification of tea sample from direct XRF spectra according to their geographical origin.  

 

 

 

Similarity 
 

 

 

 
 
 
 
 
 
 

 Similarity 



 
 
 
 
supervised modification of kohonen Self-Organizing 
Maps (SOMs). In this work a two-layer feed-forward 
network with sigmoid input hidden and output neurons 
were applied to predict the class of tea according to their 
geographical origin. The network was trained with scaled 
conjugate gradient back propagation. The data set was 
divided into three subset, training (70%), validation (15%) 
and testing (15%). Different neurons combinations were 
tried. The best result was obtained when neural network 
architecture with two layers, 8-4, was applied. The 
number of epochs was 40 with a learning rate and 
momentum of 0.25 and 0.5 respectively. The predictive 
MLF-NN model gives 100% correct classification of tea 
varieties with 0% error and 3.5×10

-7
 mean squared error. 

 
 
Conclusion 
 

The technique of energy dispersive X-ray fluorescence 
combined with multivariate statistic is a rapid method of 
elemental analysis of tea sample and classification based 
on their geographical origin, according to the calcium, 
magnesium, iron and potassium concentration. The 
differences in the concentration of the various elements 
within the different tea is attributed to the preferential 
absorbability of a particular plant for the corresponding 
element and the mineral composition of the soil in which 
the plant grows as well as its surrounding climatological 
conditions. The use of elemental concentration as inputs 
has shown that each cultivar presents distinctive element 
content. The classification of thirteen tea samples were 
100% accurate in total by single value decomposition 
(SVD), hierarchical cluster analysis (HCA) and Artificial 
Neuron Networks analysis (ANNs). The present study 
through the establishment baseline of the relationship 
between elemental concentration and geographical origin 
will allow us in the second phase of our project to be able 
to assess the best quality of tea by taking into account 
both parameters (elemental concentration and 
geographical origin). 

Further work could involve quality assessment and 
safety aspects of teas and others local foods and 
beverages. This present work gives possibility for 
customs service applications to control the origin of tea. 
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