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ABSTRACT Polyphenols are one of the important ingredients determining the quality of tea, which play an
important role in affecting tea quality standards and quality control. At present, NIR spectroscopy technology
has been widely used in tea quality detection to achieve good results. However, due to the lack of spatial
features, it is difficult to meet the accuracy requirements to comprehensively judge the quality of both inside
and outside of tea. With the development of hyperspectral imaging system (HIS), although progress has
been made in the estimation of tea texture based on gray level co-occurrence matrix (GLCM) extraction,
there are still some obstacles in practical applications. When the resolution is low, the texture features of the
image are not significantly different, and a small number of features cannot more fully represent the image
features, resulting in lower model accuracy. When the resolution is higher, the increase in the dimension of
the feature leads to a more complex model. Therefore, it is necessary to extract multi-scale features from the
hyperspectral image while preserving the original information of the hyperspectral image. In this study, a
multi-feature fusion method is proposed to improve the accuracy of tea polyphenols content estimation. The
process includes multi-scale wavelet decomposition, and feature fusion based on wavelet coefficient features,
GLCM texture features and wavelet texture features. Experiments were carried out on five kinds of yellow tea
by comparing different models based on different features, including partial least squares regression (PLSR)
and support vector regression (SVR). Results indicated that the model based on multi-feature fusion is more

accurate than the individual indicators, and models based on SVR perform better than PLSR.

INDEX TERMS Polyphenols, multi-feature fusion, hyperspectral, wavelet.

I. INTRODUCTION

Yellow tea is special tea in China, which is a micro-fermented
tea. Yellow tea is popular among consumers because of its
taste and freshness. Tea polyphenol is a general term for
polyphenolic compounds in tea. The tea polyphenols con-
tent has a great influence on the quality of tea [1]. It could
compound with more than 20 kinds of ions, which would
produce obvious taste and color change [2]. Moreover, tea
polyphenols have various pharmacological effects such as
anti-oxidation, anti-inflammatory, anti-tumor, anti-radiation
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and anti-virus [3]. It is well known that quantitative extrac-
tion and detection of tea polyphenols content is important
for rational use and physiological effects [4]. Therefore,
the establishment of an efficient, accurate and simple tea
polyphenols detection method is of great significance in tea
production and quality control.

With the rapid development of sensors, non-destructive
monitoring technologies such as electronic nose, electronic
tongue, machine vision technology, and spectroscopy tech-
nology is widely used to detect the composition of tea
on the basis of both internal and external characteristic of
tea [5]-[12]. However, due to lack of spatial information,
the above mention method could not comprehensively judge
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the inside and outside quality of the tea, which restricted the
in-depth study of tea polyphenols. Especially, it is difficult
to accurately determine tea polyphenols, that how quickly it
quantify the composition of tea which is still a difficult task.
Therefore, it was necessary to establish an effective method
for detecting the tea polyphenols content of yellow tea.

In recent years, with the development of imaging spec-
trometers, more and more researchers are paying attention
to hyperspectral images. Hyperspectral imaging technology
combine the advantage of traditional imaging and spec-
troscopy techniques, which could achieve objective and rapid
prediction of material composition, due to the simultaneous
acquisition of spatial information and spectral information of
the object being detected [13]. As a measure of the varia-
tion of biophysical parameters and the characteristics of the
reflection spectrum, spectral analysis of tea studied due to the
geographical location of tea growth or the amount of sunlight
absorbed [14]-[18]. Many scholars conducted research on the
phenolic components of tea, which mainly concentrated in
the study of green tea and black tea [19]-[23], while there
has been little research on tea polyphenols in yellow tea.
In addition, hyperspectral images have the characteristics of
many bands, continuous, narrow spectral range, and large
data volume. Therefore, how to achieve feature extraction of
high-dimensional spectral feature space was still a challenge.

At present, feature extraction has been the premise and
basis for hyperspectral data processing [13]. As another
feature of the hyperspectral image, the texture was often
used in the tea field because of its rotational invariance and
resistance to noise, reflecting the visual characteristics of
homomorphism in the image [24]. In particular, the gray-
scale co-occurrence matrix was used to study the spatial
correlation properties of gray scale. Yang et al. used HIS
and gray level co-occurrence matrix (GLCM) to estimate
the free amino acids of yellow tea [24]. Mishra et al. used
spectral and textural information to classify green tea [25].
Local binary pattern (LBP) and GLCM were integrated to
classify fresh tea leaves [26]. GLCM and Gabor filters were
combined for tea classification [27]. GLCM was extracted
according to the image of the selected wavelength to classify
various tea leaves [28]. Although progress has been made
to estimate textures of tea based on GLCM extraction, there
are still some obstacles in practical applications. Like how
to extract detailed texture features and multiscale spectral
information from hyperspectral image. In view of the high-
dimensional features of hyperspectral images, it was very
challenging to mine low-redundant and high-identification
effective information from high-dimensional hyperspectral
images. Therefore, there was a need to develop powerful
methods to improve the validity of spatial feature represen-
tation of spectral data.

In the last 20 years, wavelet transform has been suc-
cessfully applied to the feature extraction of hyperspec-
tral data [29], [30], because it could better represent the
smooth region and detail information of the image, which
provided a new idea for the extraction and analysis of
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FIGURE 1. The flow chart for yellow tea polyphenols content estimation
based on multi-feature fusion.

texture information. Li et al. combined with wavelet trans-
form and GLCM to extract features from multi-spectral
images and estimate tea leaf pigments, which achieved good
results [31]. However, as far as we know, there is Ilit-
tle research on the combination of wavelet transform and
GLCM for hyperspectral images of yellow tea.

The wavelet transform could realize not only the dimen-
sionality reduction in the spectral domain, but also the energy
concentration and the sparsity of the coefficients in the
wavelet transform domain in the spatial domain. Therefore,
the tea polyphenols of yellow tea were estimated using
wavelet transform in this study. The research work mainly
included the following main contributions: (1) to extract
the spectrum from the hyperspectral image of yellow tea,
which was transformed into wavelet coefficient of different
scales by continuous wavelet transform (CWT); (2) to obtain
wavelet coefficient features and characteristic wavelengths
from wavelet coefficient energy; (3) to extract the GLCM
textures and wavelet textures from hyperspectral images at
characteristic wavelength; (4) to construct the estimation
model based on multi-feature fusion to estimate tea polyphe-
nols content. The flow chart for yellow tea polyphenols
content estimation based on multi-feature fusion was shown
in Figure 1.

Il. DATA AND METHODS

A. EXPERIMENTAL MATERIALS

Five kinds of yellow tea were purchased from the local store,
including Pingyang huangtang (PY, produced by Pingyang
County, Zhejiang Province, China), Mogan huangya
(MG, produced by Deqing, Zhejiang Province, China),
Huoshan huangya (HS, produced by Huoshan, Anhui
Province, China), Mengding huangya (MD, produced by
Mengdingshan, Sichuan Province, China), Junshan yinzhen
(JS, produced by Yueyang, Hunan Province, China), which
are famous yellow tea in China, and it was difficult for them

180055



IEEE Access

B. Yang et al.: Model for Yellow Tea Polyphenols Content Estimation Based on Multi-Feature Fusion

- }l Computer
]
SIS

Camera

spectrograph

Lens

Light source

Camera bellows

Sample

Moble platform
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to distinguished directly with the naked eye. Twenty samples
were selected for each variety, and a total of 100 samples
were used as research objects. The samples were randomly
divided into a calibration set and a validation set according
to a ratio of 3:1. The calibration set was used to train model,
and the validation set was used to verify the performance of
the model.

B. HYPERSPECTRAL IMAGING SYSTEM

The hyperspectral image acquisition system used in this
experiment that included a spectral imager ( Imspector V17E,
Spectral Imaging Ltd., Oulu, Finland) and a camera as a CCD
camera (IPX-2M30, Imperx Inc., Boca Raton, FL,, USA), two
150W halogen lamps (3900, Illumination Technologies Inc.,
New York, USA), one data acquisition black box, reflective
linear tube and electronically controlled displacement plat-
form (MTS 120, Beijing Optical Instrument Factory, China),
Image acquisition and analysis software (Spectral Image
Software, Isuzu Optics Corp., Taiwan, China). The four tung-
sten halogen lamps of reflected light source were evenly
distributed on the ring bracket in the dark box, and the light
source is irradiated in a direction of 45° with respect to the
vertical direction [24]. HIS is shown in Figure 2.

C. HYPERSPECTRAL IMAGE ACQUISITION

Each yellow tea sample was weighed 20g + 0.5g using
hyperspectral system to obtain 100 sets of hyperspectral data
of 636 x 814 x 508. The exposure time and the height of
the objective lens were 2ms and 28cm respectively, and the
speed of transporting the mobile platform was 8.0mm/s. The
spectral imager has a spectral resolution of 5 nm. In order
to eliminate the influence of dark current, the originally
obtained hyperspectral image was corrected according to
formula (1).

I, —1
Ic= r b
I, —1p

ey
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TABLE 1. Statistical description of tea polyphenols content (%).

Data Set Samples  Min Max Mean SD
Whole 100 10.65 21.70 16.81 2.75
Calibration 75 10.65 21.04 1681 2.82
Validation 25 11.84 21.70 1683 2.56

where /. and I, were the corrected and original hyperspectral
image, I, and I, were the reference image with white and
black image, respectively.

D. TEA POLYPHENOLS CONTENT MEASUREMENT

Weigh 1g from the tea ground sample, which was put it
in a 250mL Erlenmeyer flask, by adding 80mL of boil-
ing distilled water and leaching in a boiling water bath for
30 minutes, then pumping and washing, pouring the filtrate
into a 100mL volumetric flask, and cooling to room tempera-
ture. The tea polyphenols content was calculated according to
the formula (2) by using a calibrated potassium permanganate
solution.

_ (A= B) x 0 x0.00582/0.318
o m X V1/V2

where, X represents the content (%) of tea polyphenols,
A and B represent the consumption of potassium perman-
ganate by the yellow tea samples and blank (mL) respectively,
and w represents the concentration of potassium perman-
ganate (%).Where m represents the mass of the sample (g),
V1 and V2 indicate the test solution for measurement and
the volume of the test solution (mL). To make sure that both
data sets were representative of the range of tea polyphenols
content. As shown in Table 1, the content of tea polyphenols
ranged from 10.65% to 21.70%, with an average of 16.81%,
and the data distribution trend of the calibration set was also
consistent with the validation set, which indicated that the
data distribution of the two data sets were reasonable.

X (@)

E. MULTI-FEATURE FUSION
Wavelet transform (WT) was a method of signal time-
frequency analysis and processing, which was widely used
because of overcoming the disadvantage that the window
size did not change with frequency. CWT is used to analyze
spectrum in detail. It has the ability to decompose continuous,
multi-scale original signals. Moreover, the wavelet transform
extracts the weak information hidden in the spectral sig-
nal by decomposing the spectral signal into sub-signals of
different frequencies, so as to realize the overall structural
characteristics of the spectral information [32]. Five kinds
of yellow tea samples were collected and the hyperspectral
images were captured from HSI. The reflectance spectrum of
yellow tea from the region of interest was extracted, which
was transformed into wavelet coefficients at different scales
by CWT.

The wavelet transform is the inner product of a square
integrable function f(t) and a wavelet function ¥ (t) which has
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good local properties in the time-frequency domain:

400
1 t—>b
Wr(a, b) =< f, Yap >= % /f(t)llf*(T)dt 3
—00
where <*,* > denotes the inner product; a > 0, which is the

scale factor; b is the displacement factor, * denotes the com-
plex conjugate, ¥, ,(¢) is called the wavelet basis function.

Vanlt) = ~=p(=2) 4
= Ja a
¥ (t) is called the mother wavelet, and ¥ (t) must meet the
permissive condition:

+00 +00 5
f Yy (t)dt =0, T / W|(ww|)| dw=Cy <00 (5)

To reduce the dimension of the feature vector, the statistics
of the wavelet coefficients were used as features. In this
study, the maximum value of the coefficients of each scale
after decomposition was used as a feature. At the same time,
the optimal wavelength was screened by the sum of the
energy of the wavelet coefficients.

X; denote the wavelet coefficient after CWT decomposi-
tion, i represent different scale factor(i = 21 22 23 .), then
the wavelet coefficient energy is the square of the wavelet
coefficients at each scale, E; is the wavelet coefficient energy,
and S is the sum of the wavelet coefficient energy.

E; = X} (©6)
S=YE @)
=1

Wavelet transform was also used to decompose images at
different scales to obtain different levels of contour informa-
tion and detail information. A small-scale decomposition of
the contour of a scale may represent the contour and detail
information at a smaller scale. Usually, an image undergone a
wavelet transform to generate three high-frequency sub-band
images, including HL, LH, and HH, that represent the high-
frequency components of horizontal, vertical and diagonal
directions respectively, which reflected the edges, outlines,
and textures of the image signal of different directions as
mention above.

When the size of image I is M x N, the pixel of the image
is (x, y), the wavelet coefficient of the image decomposition
is Ii? , and the image filtered by the formulas (8)-(10).

Np—1

1

LH

Ly" = Z WL f2— (i~ Vymod N) (8)
j=0
Ni—1

HL T H

Ly =5, D 1D o tysietmod ) ©9)
i=0
Np—1

HH wTH

Ly" = Ny Z G 12— 1)((y+i—1ymod N1 (10)
=0
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TABLE 2. GLCM texture features and its formulas.

Texture feature Formula

L-1,
Mean Mean = Z . lpij
ij g

Variance Var = ZZLZO lpi,j (- Z,L,I ipiJ )2
L] L] AP
1,
Homogeneity  Hom = Z ZLJ)}Z
= =0 1 +(i-))
L-1 L-1
Contrast Con = (l - ])Zp(l: ])2
i=0 j=0
. L-1
Dissimilarity ~ Dis = Zi =0 p,; | -J |
L-1 L-1
Entropy El’lt p (l J )
i=0 j=0

2

=31
Second Moment m = ij=0 lpi,j

, L1, . L1,
Correlation ... _ ZL-/ i (i- Z,-,, ip,; )G - Zx.j ip,;)
EA \/ Var, * Var,

Where, [, represented the size of the window, 2 i represented the

gray value of the pixel in the j#/; row and ] th column of the matrix.

where, I())i = 0,1,2,...,N, — 1), h()4 = 0,1,2,...,
Ny, — 1) is the impulse response of the low pass and high pass
filters. x = 0,2,4...,. M,y =20,1,2,...,N, N; and N, is
the lengths of the low pass and high pass filters. LH, HL and
HH indicate the details at horizontal, vertical and diagonal
directions, respectively.

In this study, wavelet texture features expressed by
f = {E, EN}, including energy (E) and entropy (EN) which
were calculated according to the equation (11)-(12) based on
wavelet coefficients.

1 M N
=M—NZZ)4‘?

i=1 ]=1

2

(11)

N
1 D r
N=—o § 1: ’ 1Iij (log2(15)) (12)
i=1 j—

where, D = |LH,HL,HH|.

GLCM is a method of describing textures in terms of gray-
scale spatial correlation. GLCM involved a matrix function of
pixel distance and angle, which reflected the comprehensive
information of an image including direction, interval, ampli-
tude of change and speed, to calculate the correlation between
a certain distance in the image and a two-point gray scale
in a certain direction. In this study, eight features were used
to describe the texture features of GLCM [33], as shown in
the Table 2.
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F. ESTIMATION MODEL AND EVALUATION

Support vector machine (SVM) has been widely used in
the classification and regression of spectral data due to its
excellent generalization ability and small sample learning
ability. SVR is an important branch of SVM. In this paper,
by looking for an optimal function, the mathematical expec-
tation of the loss function reached the minimum between the
predicted value and the true value of tea polyphenols based
on SVR [34].

Partial least squares regression (PLSR) is widely used in
many fields because of its simple and robust, small com-
putational complexity and high prediction accuracy [35].
PLSR could extract the strongest comprehensive variable for
the dependent variable and eliminate the multiple information
by decomposing and screening the original data, which over-
come the adverse effects of the independent multi collinearity
in modeling.

Correlation analysis is a statistical analysis method for
studying the correlation between two or more variables. The
correlation coefficient (r) is the relationship between vari-
ables. In this study, the correlation coefficient was determined
by correlation analysis between wavelet coefficients and tea
polyphenols.

Performance of model for the calibration set and validation
set was evaluated based on the determination coefficient (R?)
and the root mean square error (RMSE) [24]. In general,
R? was close to 1, and the model performed better.

Ill. RESULTS

A. A SPECTRAL FEATURE

The hyperspectral characteristics of all yellow tea samples
with tea polyphenols content from 10.65% to 21.7% are
shown in Figure 3. It could be seen from Figure 3 that
the spectral curve of different yellow tea varieties grew and
decremented in the spectral range. The reflectance increased
greatly at wavelengths of 1102 nm and 1139 nm. The reflec-
tivity of various varieties of yellow tea tended to be stable
at 1450-1650nm. Due to external conditions, such as light
intensity, oxygen concentration in the air, instrument system
error, etc., a relatively cluttered curve appeared at begin and
end of the spectrum curve, which were removed, including
908-943 nm and 1689-1735 nm. However, hyperspectral data
has many bands and high correlation between bands, which
will lead to data redundancy. Therefore, it was necessary
to select representative characteristic wavelengths to achieve
model optimization.

B. WAVELET COEFFICIENT FEATURES OF DIFFERENT
SCALES

To reveal the correlation between the collected hyperspec-
tral with the polyphenols content of yellow tea. In this
study, Daubechiesl0 was used as a wavelet basis func-
tion, a total of 10 layers (1- 10 with step size of 1) of
wavelet decomposition experiments were performed. And the
hyperspectral reflectance data of the yellow tea sample was
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decomposed by CWT, which was according to the scales of
21 22 23 24 25 26 27 28 29 210 the correlation between
the transformed wavelet coefficients and the polyphenols
content of yellow tea was analyzed. The results are shown
in Figure 4, in which the red and blue regions indicated strong
correlation bands. After CWT decomposition, the correlation
between the wavelet coefficients of various scales and the
polyphenols content of yellow tea were improved to some
extent.

It can be seen from Figure 4 that as the decomposition
scale increase, the correlation of the wavelet coefficients of
the original spectral data is larger. Among them, the overall
correlation reached the maximum at the sixth decomposition
scale. The possible reason was that the information contain
in different decomposition scales was related to different
factors affecting the reflectivity of tea polyphenols in yellow
tea, and the low-scale coefficients reflected the noise of the
original spectrum and the slight absorption characteristics.
The correlation of low-scale coefficients is small due to
the different details of the same type of sample, and the
difference between the five kinds of yellow tea was also
large.

The high-scale wavelet coefficients contained low-
frequency information of the original spectral signal,
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reflecting the apparent absorption characteristics of the
original spectrum and the structural changes of the tea
polyphenols, which determined the shape of the entire origi-
nal spectrum. As the high-scale coefficients gradually filtered
out individual differences in the samples, the correlation
between the same type of samples was increasing. The
correlations of the wavelet coefficients of the five varieties
of yellow tea were also different. However, the all five teas
belonged to the yellow tea family. Their different scales
of wavelet coefficients were basically consistent with the
change trend of tea polyphenols.

Multi-scale wavelet decomposition contributed to the spec-
tral response of tea polyphenols. The low-scale wavelet
coefficient features could capture the local absorption char-
acteristics of tea polyphenols, and the high-scale wavelet
characteristics could reflect the effect of tea polyphenols on
the reflectance amplitude. Therefore, to better optimize the
wavelet coefficients, the coefficient graph was further drawn
based on the square of the correlation coefficient, as shown
in Figure 5. It can be seen that the excellent wavelet coeffi-
cients are mainly at 959 nm and 1561 nm of the fourth scale,
1202 nm and 1228 nm of the sixth scale, 1321 nm, 1520 nm
and 1540 nm of the fifth scale, and 1535 nm and 1643 nm of
the seventh scale, a total of nine wavelet coefficient features,
which were used to build the model.

C. OPTIMAL WAVELENGTH

In fact, the wavelet transform decomposes the signal into
reconstructed signals of different frequency bands. The
energy of the wavelet transform has an equivalence relation
with the energy of the original signal. Figure 6 shows the
sum of the wavelet coefficient energy, which is calculated by
adding the wavelet coefficients of different scales for all sam-
ples, and represent the wavelet energy characteristics of the
yellow tea of the variety. It was found that sum of the wavelet
coefficient energy corresponding to different varieties of yel-
low tea was consistent in the range of 947-1696 nm. The sum
of wavelet coefficient energy was expressed as PY > MG >
HS > MD > JS. Among them, the tea polyphenols at the
wavelength of 1102 nm and 1309 nm have obvious spectral
absorption characteristics, which were selected as optimal
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wavelengths. Moreover, the spectral reflectance changed with
the content of the substance, and the spectral absorption
characteristics of tea polyphenols were mainly caused by
the frequency doubling and frequency combination of basic
chemical bonds such as O-H and C-H in the molecule. The
absorption capacity in the spectral range of 1006-1102 nm
was gradually enhanced, for the O-H bond in the tea polyphe-
nols was strongly vibrated in the vicinity of the second-order
frequency doubling region. In addition, the reflectance of tea
polyphenols around 1309 nm began to increase due to the
influence of CH2 groups. Therefore, 1102 nm and 1309 nm
are characteristic wavelengths of the tea polyphenols content,
and every sample could acquire two characteristic wave-
lengths images.

D. TEXTURE FEATURE EXTRACTION

Some tea samples exhibit similar texture for spatial features.
Therefore, to reduce the redundancy feature, it was necessary
to extract the GLCM texture features from characteristic
wavelengths images. At the same time, in order to extract
significant GLCM texture features, including central regions
and boundaries, the size of the window during GLCM tex-
ture feature extraction should not be too large. Therefore,
the GLCM (gray-level co-occurrence matrix) was extracted
from the 1102nm and 1309nm grayscale images by ENVI
version 4.8 (ITT Visual Information Solutions, Boulder, CO,
USA) with default window (3 x 3), including mean, variance,
homogeneity, contrast, dissimilarity, entropy, angular second
moment (ASM), and correlation. A total of 16 GLCM texture
features were present due to each set of channels from two
wavelengths for each tea sample.

Wavelet decomposition with two scales was performed
on the characteristic hyperspectral images at 1102 nm and
1309 nm, respectively. The wavelet texture features were
extracted from the high-frequency sub-graphs since the
high frequency subgraph has good spatial selectivity. First,
the wavelet decomposition subgraphs of the high frequency
subgraph were extracted, and the results are shown in Figure 7
(Take 1102 nm as an example) in which HL1, LH1 and
HHI1 represented the first layer of high frequency subgraphs
at horizontal, vertical and diagonal directions of wavelet
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hyperspectral image at 1102 nm. (HL1, LH1 and HH1 represented the first
layer of high frequency subgraphs at horizontal, vertical and diagonal
directions of wavelet decomposition. HL2, LH2 and HH2 represented

the second layer of high frequency subgraphs.)

LH1

HH2
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decomposition. HL2, LH2 and HH2 represented the second
layer of high frequency subgraphs, respectively. The wavelet
component has directional selectivity, which was consistent
with visual characteristics. In addition, the first layer of
wavelet subgraphs of the two feature hyperspectral images
represented the contour texture and the second layer repre-
sented the detail texture. The wavelet textures of the same
tea were different from hyperspectral images at different
characteristic wavelengths. The wavelet textures of different
varieties of tea were also different, especially the difference
between the high frequency subgraphs of the second layer
which was more obvious.

The multi-scale information obtained by wavelet decom-
position not only maintained the spatial characteristics of
the original hyperspectral image, but also reflected the high-
frequency information of the hyperspectral image. To more
intuitively describe the wavelet texture, energy and entropy
were extracted from these frequency subgraphs. Two wavelet
texture features were extracted from each of the six sub-
graphs. Therefore, a total of 24 wavelet texture features were
obtained from the hyperspectral image at two characteristic
wavelengths.

E. TEA POLYPHENOLS CONTENT PREDICTION MODEL

To evaluate the impact of WT on the data in detail, wavelet
coefficient features, wavelet texture, GLCM texture, wavelet
texture & GLCM texture, fusion data with all features were

180060

set as independent variables to build different models, includ-
ing PLSR and SVR. The results are shown in Table 3. It was
found that the effects of the models established by different
variables were significantly different. The R? of the model
constructed using the GLCM texture features were 0.709
and 0.785. Whether based on PLS regression methods or
SVR regression methods, models with multi-feature fusion
perform best. Among them, the model combining the two
texture features was 6.3% and 29.4% higher than the PLSR-
based GLCM texture and wavelet texture model respectively,
which was 4.3% and 27.5% higher than the SVR-based
GLCM texture and wavelet texture model respectively.

We also found that most models of calibration and val-
idation based on SVR method performed better, whether
it was a single feature or a multi-feature fusion as the
input variable of the model. Moreover, to avoid over fit-
ting, it was necessary to perform Kaiser-Meyer-Olkin (KMO)
analysis after the feature variables were extracted. In this
study, KMO was 0.697 for wavelet coefficients (9 variables),
0.674 for GLCM textures (16 variables), and 0.706 for
wavelet textures (24 variables), which indicated a weak corre-
lation between features. Therefore, these variables were used
directly for modeling.

IV. DISCUSSION

In the fusion method based on wavelet transform, the determi-
nation of wavelet basis function and wavelet decomposition
layer was the key problem to be solved. First of all, in the
wavelet basis function selection, the better the regularity and
the smaller the vanishing moment, the wavelet base was pre-
ferred. Daubechies as a wavelet basis function, which makes
the signal reconstruction process smoother. The Daubechies
wavelet was characterized by the stronger localization ability
in the frequency domain, and the better the division effect
of the frequency band, when the vanishing moment order
was larger. In addition, with the specific wavelet basis, the
result of feature fusion was greatly affected by the number of
wavelet decomposition layers. When the wavelet decompo-
sition layer was low (<2), the feature fusion result could not
reflect the texture and structure information of the hyperspec-
tral image. As the number of decomposition layers increased
the fused image contain more features. The worse the spectral
information of the hyperspectral image remains, especially a
layer larger than 6. Therefore, six layers of decomposition
were selected in this study.

In fact, the performance of wavelet transform has been
excellent in this study. Many studies have shown that wavelet
transform was successfully applied in the spectral and spatial
domains of tea. The texture features that were extracted from
the subgraphs based on wavelet decomposition were used to
distinguish tea [36]. Wavelet transform was used to enhance
the absorption of the spectrum [37]. The wavelet packet trans-
form was used to extract spectral features [38]. WT was used
to extract wavelet features from Raman spectroscopy [39].
Discrete wavelet transform was used to extract the spec-
tral characteristics to predict tea moisture content [40].
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TABLE 3. Performance of different regression models with different features for prediction of tea polyphenols content.

Calibration set Validation set

Models Features variables Nun!ber of

variables R RMSE R RMSE

PLSR Wavelet coefficients 9 0.774 1.421 0.683 1.149
GLCM textures 16 0.709 1.544 0.695 1.359

Wavelet textures 24 0.534 1.931 0.485 1.802

GLCM & Wavelet textures 40 0.757 1.412 0.705 1.360
Multi-feature fusion 49 0.856 1.077 0.827 1.037

SVR Wavelet coefticients 9 0.738 1.739 0.563 1.338
GLMC textures 16 0.785 1.625 0.757 1.420

Wavelet textures 24 0.595 1.893 0.592 1.660

GLCM & Wavelet textures 40 0.821 1.404 0.812 1.131
Multi-feature fusion 49 0.871 0.830 0.838 0.896

The texture features of the enhanced image could be achieved
by the fusion of wavelet textures and GLCM textures [41].
However, few researches have been done on hyperspectral
images at characteristic wavelengths. In this study, the spec-
tral data was subjected to wavelet transform processing, and
the “‘spectral information” of the hyperspectral image was
further explored, so that the “spectral information” of the
yellow tea hyperspectral image was fully utilized. Moreover,
by performing wavelet transform on the image and generating
a high-frequency wavelet coefficient image, the image noise
could be significantly reduced, and wavelet texture features
could be extracted to make up for the lack of detailed infor-
mation of GLCM texture. Obviously, the ability of a wavelet
transform was to represent textures by changing the spatial
resolution, and represent the characteristics of the spectrum
by extracting the wavelet coefficients.

In addition, comparison by model of the R? for the cali-
bration set model constructed using only wavelet coefficients
which is 0.774 with PLSR and 0.738 with SVR, which indi-
cate that the wavelet coefficients can reflect the characteris-
tics of the spectrum. Therefore, the spectral-based wavelet
transform method can effectively predict the content of
tea polyphenols. Furthermore, the model with multi-feature
fusion including wavelet coefficient features, GLCM texture
features and wavelet texture features is greatly improve, and
satisfactory results are obtained regardless of the calibra-
tion set or the validation set. From the comparative analysis
in Table 3, we also find that the results of different models are
also different, and the performance of the SVR model is better
than that of the PLSR. The R? of the validation set model
with SVR reach to 0.838 and RMSE is 0.896. As a result,
the accuracy of the model based on multi-feature fusion is
significantly improves.

V. CONCLUSION

In this study, five kinds of yellow tea samples were collected,
and the hyperspectral images were captured from HSI. Then,
the reflectance obtained from hyperspectral images was
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transformed into wavelet coefficients at different scales
by CWT. Wavelet coefficient features and characteristic
wavelengths were extracted according to wavelet coeffi-
cient energy, GLCM textures and wavelet textures were
obtained from hyperspectral images at characteristic wave-
length, respectively. The partial least squares regression
(PLSR) and support vector regression (SVR) are constructed
to estimate the polyphenols content of yellow tea using multi-
feature fusion, and for the better performance of SVR model
(R? = 0.871 for calibration, R?> = 0.838 for validation),
which accuracy is 1.7% and 1.3% higher than the PLSR
model. In addition, for the Calibration set, the accuracy of
the model based on Multi-feature fusion is 32.8%%, 9.6%,
29.3% and 3.1% higher than that of wavelet coefficient,
GLMC texture features, wavelet texture features and GLCM
& Wavelet textures, respectively. In short, a method based on
HSI and wavelet transform was provided which could quickly
and accurately predict tea polyphenols content of yellow tea,
and provide a reference for estimating other tea components.
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