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Abstract

BACKGROUND: Intelligent monitoring of fixation quality is a prerequisite for automated green tea processing. To meet the
requirements of intelligent monitoring of fixation quality in large-scale production, fast and non-destructive detection means
are urgently needed. Here, smartphone-coupledmicro near-infrared spectroscopy and a self-built computer vision systemwere
used to perform rapid detection of the fixation quality in green tea processing lines.

RESULTS: Spectral and image information from green tea samples with different fixation degrees were collected at-line by two
intelligent monitoring sensors. Competitive adaptive reweighted sampling and correlation analysis were employed to select
feature variables from spectral and color information as the target data formodeling, respectively. The developed least squares
support vector machine (LS-SVM) model by spectral information and the LS-SVM model by image information achieved the
best discriminations of sample fixation degree, with both prediction set accuracies of 100%. Compared to the spectral informa-
tion, the image information-based support vector regressionmodel performed better in moisture prediction, with a correlation
coefficient of prediction of 0.9884 and residual predictive deviation of 6.46.

CONCLUSION: The present study provided a rapid and low-cost means of monitoring fixation quality, and also provided
theoretical support and technical guidance for the automation of the green tea fixation process.
© 2022 Society of Chemical Industry.

Supporting information may be found in the online version of this article.
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INTRODUCTION
As one of the most traditional non-alcoholic beverages worldwide,
green tea has a large consumer base.1 Green tea is a non-
fermented tea that undergoes the main processes of fixing,
shaping and drying from fresh tea leaves to finished tea prod-
ucts. Fixing is considered to be the most critical process with
respect to forming the ‘green leaf clear soup’ quality appearance
of green tea. During the fixation process, fresh tea leaves are
treated with high temperatures to terminate oxidase activity,
accompanied by a dehydration reaction.2 When fixation is insuf-
ficient, this leads to high moisture content of fresh leaves, which
makes them prone to the appearance of red stems and red
leaves during subsequent processing; when fixation is excessive,
the surface of fresh leaves loses toomuch water and swells, caus-
ing the leaf surface to blister and break, leaving burst spots and
scorched spots. Therefore, the degree of leaf dehydration during
the fixing process directly affects the green tea quality.3 Tradi-
tionally, tea makers evaluate the fixation degree subjectively
according to variations in color, appearance and aroma of a
fixed tea sample, which lacks objectivity and accuracy. Moisture
content, which is the main standard for judging the degree of
fixation, is measured using the traditional drying weighing

method, and is accurate but time-consuming. Traditional
evaluation methods fail to fulfill the requirement of real-time
monitoring of fixation quality in large-scale production.4

Near-infrared spectroscopy (NIRS) and computer vision systems
(CVS) have the potential to sense changes in the internal and
external properties of tea in-process products in real-time and
are important technologies for achieving intelligent tea proces-
sing.5 NIRS is a mature non-destructive detection technique that
has evolved into an indispensable analytical tool for quality detec-
tion in the tea processing industry. Compared to the costly and
bulky Fourier transform near-infrared spectroscopy (FT-NIRS),
the low-cost, flexible micro-NIRS is more suitable for online mon-
itoring.6 Shen et al.7 usedmicro-NIRS to achieve rapid detection of
the moisture of black tea during withering, and Jin et al.8 deter-
mined fermentation quality by analyzing the fermentation degree
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of black tea in relation to catechins and theaflavins. However, all
of the abovementioned studies focused on the black tea proces-
sing process, and few studies have focused on green tea proces-
sing. The CVS, comprising an intelligent sensory analysis
technology, can visually convey visual attributes and accurately
quantify information about the appearance of tea. It assesses
the quality of the in-process product by extracting the appear-
ance features of tea. Dong et al.9 used image color features com-
bined with non-linear methods to quantitatively evaluate the
changes in sensory quality and pigment during the fermentation.
The same team also established a non-destructive detection
method for the moisture of black tea during withering by CVS.10

Chen et al.11 predicted the chemical compositions of green tea
before and after fixation based on color information and further
improved green tea quality through an adaptive fuzzy logic con-
trol system. Regrettably, the fixation process for this study was
performed offline.11 In addition, rapid evaluation of green tea fix-
ation quality utilizing CVS has rarely been reported.
Therefore, thepresent study targeted thegreen tea automatic pro-

duction line and analyzed the feasibility of the rapid at-line monitor-
ing of green tea fixation quality using smartphone-coupled micro-
NIRS and a self-built CVS. The specific objectives were: (i) collect in
situ data of fixation stage samples using two sensors; (ii) explore
effective data analysis methods to establish classification models
for fixation degree and prediction models for moisture content;
and (iii) compare the performance of two low-cost sensors suitable
for industrial applications in fixation quality monitoring.

MATERIALS AND METHODS
Collection and evaluation of green tea fixation samples
Green tea samples with different fixed temperatures were col-
lected from Lvming Tea Factory (Jinzhai, Anhui Province, China)
following the traditional strip green tea process in July 2021. Spe-
cifically, fresh leaves [Camellia sinensis (L.) var. Baiye 1] with a stan-
dard of one bud and two leaves were picked and subsequently
transported to the tea factory. The fresh leaves were evenly
spread at a temperature of 18.5 °C and a humidity of 80% relative
humidity for 4 h and then transferred to a type 6CST-50 roller-hot
air fixationmachine (Zhejiang Green PeakMachinery Co., Quzhou,
Zhejiang Province, China) for fixing. To restore the real trend of
blade changes during fixing as much as possible, fixed tea sam-
ples were collected at machine cylinder wall temperatures of
210, 240, 270, 300, 330 and 360 °C by controlling leaf throwing
and machine speed constant. Specifically, fresh leaf throwing
started when the machine barrel wall reached the set tempera-
ture, and samples collection started when the leaf state at the leaf
outlet was stable. Six fixation temperatures samples were carried
out in six batches, with 20 replicate samples taken continuously at
each fixation temperature, for a total of 120 samples. All samples
were collected in situ at the end of conveyor belt. The experimen-
tal process is presented in Fig. 1.
For the collected samples, image information and spectral

information were obtained at-line using a self-built CVS and a
micro-NIRS. Each sample was accurately weighed before being
transported back to the laboratory. Accordingly, 100 g of samples
were collected from each of six fixation temperatures and dried to
approximately 5% moisture for post sensory review. The sensory
review is conducted according to the Chinese National Standard
GB/T 23776-2018. Details and results of the review are provided
in the Supporting information (Table S1).

Image collection and variable extraction
The self-built CVS is affordable; it consists of an industrial camera
(MER-500-14U3M/C; Daheng, Beijing, China), a camera lens
(M0824-MPW2; Computar, Carlsbad, CA, USA), an arched light
source and a carrier platform connected to a computer, with a
black dark box made of acrylic panels on the outside. The camera
is fixed at the top of the dark box; the camera has the following
parameters: 5 MP sensor, focal length of 8 mm, aperture of F2.4,
exposure time of 950 μs, externally triggered acquisition, resolu-
tion of 2592 × 1944 and vertical distance of 23 cm from the sam-
ple to ensure a clear image and a constant distance. Before image
collection, the light source in the dark box was switched on
20 min in advance to maintain a stable internal environment.
The collected samples were spread evenly on the collection trays,
and then placed on the carrier platform for image collection. Spec-
tral collection followed after image collection. The acquired original
images of the tea samples were imported into MATLAB2014a
(MathWorks Inc., Natick, MA, USA) for processing. Here, we selected
the image global as the region of interest to extract the following
feature variables. (i) The gray level gradient co-occurrence matrix
(GLGCM) was used to extract m (mean), ⊐ (standard deviation), γ
(smoothness), ⊘ (third moment), U (uniformity) and e (entropy) as
six texture feature variables.12 (ii) The average pixel information of
each color channel of R, G and B is also extracted. Then, the RGB
color space is transformed into HSV and CIELAB color space based
on a previously reported method.13

To eliminate gradient differences between variables of different
latitudes, image feature variable data were processed by
maximum-minimum normalization. The preprocessed data were
in the range of −1 to 1. The maximum–minimum normalization
algorithm is based on:

xnorm=
xi−min xð Þ

max xð Þ−min xð Þ ð1Þ

where xi is the image pixel point value, and min xð Þ and max xð Þ
are the minimum and maximum values of the image pixels,
respectively.

Spectral collection and feature selection
A low-cost micro-NIR spectrometer (NIR-S-R2; InnoSpectra Corpo-
ration, Taiwan, China) coupled to a smartphone was used to col-
lect spectral data at wavelengths in the range 900–1700 nm for
the samples. The spectrometer offers a resolution of 10–12 nm
and sizes 75 × 58 × 26.5 mm3. An Honor 10 GT phone (Huawei
Technologies Co., Shenzhen, China) was used to collect and store
spectral data. Spectral collection was performed at room temper-
ature (approximately 25 °C, using micro-NIRS in direct contact
with the surface of the fixation tea samples). Three scans were
taken for each sample to average the spectral data as a represen-
tative spectrum of the sample. The obtained spectrum files were
stored in .cvs format on the smartphone and imported into
MATLAB2014a on an external computer via the USB line for data
processing. To eliminate the impact of background information
and noise from the raw spectra, 228 raw spectral wavelengths
were preprocessed with the standard normal variable (SNV), first
derivative (1D) and second derivative (2D). SNV preprocessing is
used to eliminate errors in the diffuse reflectance spectrum
caused by surface scattering and light range variations of the
sample being measured. The derivative correction can effectively
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prevent interference from background or baseline drift during
spectral acquisition.7,14 By comparing three preprocessing
methods with the raw spectra, the optimal preprocessingmethod
was selected.
Competitive adaptive reweighted sampling (CARS) is an effec-

tive characteristic wavelength optimization algorithm, and its
detailed steps and principles are available in Jiang et al.15 In the
present study, CARS was used to select the best combination of
key wavelengths from the full spectrum as characteristic variables.

Determination of moisture content
The moisture content was determined based on the constant
weight method at 103 ± 2 °C according to the National Standard
method (GB/T 8304-2013).

Chemometrics analysis
Division of collection samples
Prior to modeling, we divided the 120 fixed tea samples collected.
By calculating the Euclidean distance between the samples using
the Kennard–Stone method, the 120 samples were randomly
divided into a calibration set (80) and a prediction set (40) with
a ratio of 2:1. Eighty fixed tea samples of calibration set were used
for modelling, and 40 independent fixed tea samples of predic-
tion set were used for model validation.

Qualitative model establishment
Linear partial least squares discriminant analysis (PLS-DA), non-
linear support vector machine (SVM) and non-linear least squares
support vector machine (LS-SVM) models were established to dis-
criminate the fixation degree. PLS-DA combines the PLS algorithm
with discriminant analysis (DA) used to solve classification prob-
lems.16 In the PLS-DA model, the categorical variable Y is a vector
holding category information. Samples were correctly classified
when the predicted value differed from the actual value within
±0.5.17 SVM is a learning algorithm that maps the actual problem
from a low-dimensional feature space to a high-dimensional

feature space through a kernel function. In the present study, a
grid search optimization algorithm is used to optimize the two
parameters, penalty factor c and the kernel function parameter
g, in the range from 2−10 to ∼210 to obtain accurate classification
results.18 The LS-SVM algorithm is an optimized version of the
SVM. LS-SVM uses a two-norm with equation constraints instead
of the inequality constraints in the SVM algorithm in terms of
the optimization algorithm.19 In the present study, the radial basis
function (RBF), a commonly used kernel functions in LS-SVM, was
used for modeling. A grid search was performed to optimize and
determine two parameters, gam (γ) and sig2 (⊞2).20

To measure the classification performance of the model, the
correct classification rate (CCR), which is the ratio of the number
of correctly classified samples to the total number of samples in
the training or prediction set, is used for evaluation. The CCR takes
values between 0% and 100%; the higher the CCR value in the cal-
ibration and prediction sets, the better the model performance.

Quantitative model establishment
The moisture content of samples were predicted using partial
least squares regression (PLSR) and support vector regression
(SVR). PLSR integrates the strengths of principal component anal-
ysis, typical correlation analysis and linear regression analysis. It
projects high-dimensional data onto several independent latent
variables (LVs) to solve the multicollinearity problem. The optimal
LVs are determined by the minimum average predicted residual
error sum of squares over five cross-validations.21 In PLS regres-
sion, regression coefficients (RCs) are calculated from the PLS
loadings corresponding to the model with the optimal number
of LVs and were used to assess the significance of each variable.22

SVR is an essential application branch of the SVM algorithm, which
is better at minimizing structural risk during machine learning.
RBF is commonly used as the SVR kernel function of choice
because of its simple structure and fast operation speed; there-
fore, the RBF kernel function is used for model construction in
the present study.18

Figure 1. Green tea fixed sample collection process.
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The correlation coefficient (Rc) and root mean square error of
cross-validation (RMSEC) of the calibration set and the correlation
coefficient (Rp) and the root mean standard error of prediction
(RMSEP) of the prediction set and the residual predictive deviation
(RPD) were calculated to evaluate the performance of the respective
models. The R indicates the degree of correlation between predicted
and measured values, and RMSE indicates the degree of deviation
between predicted andmeasured values.23 Higher predictive model
performance is shown by higher Rc and Rp and lower RMSEC and
RMSEP.24 The RPD is a comprehensive evaluation of model perfor-
mance, the model delivers accurate predictions if RPD ≥ 2.25

Statistical analysis
MATLAB 2014a was used for data preprocessing, variable selec-
tion and modeling in Windows 10 (Microsoft Corp., Redmond,
WA, USA). The statistical analysis of data was performed using
SPSS, version 25.0 (IBM Corp, Armonk, NY, USA). The correlation
analysis and plotting were performed using Origin 2021b (Origin
Lab. Corp., Northampton, MA, USA).

RESULTS AND DISCUSSION
Definition of fixation degree of green tea
The sensory properties of green tea at different fixation tempera-
tures were scored by professional tea reviewers (see Supporting
information, Table S1). The obtained results revealed that the fixa-
tion temperature had a great impact on the quality of green tea,
with varying degrees of variability in tea infusion color, aroma and
taste. The highest scores for tea infusion color and aroma were
achieved at 300 °C, and the best taste was achieved at 270 °C. How-
ever, there was no significant difference in the scores for each eval-
uation factor between the green tea samples at these two fixation
temperature treatments. Compared to green tea samples under
other temperature treatments, the fixation temperatures of 270 °C
and 300 °C had higher scores and were therefore identified as the
treatment temperatures that could producemoderately fixed green
tea. Similar results were obtained in a study by Tan et al.26Moreover,
the results of the sensory review team were consistent with the
empirical evaluation by the teamakers on-site at the processing site.
Moisture content is a major factor in the formation of the appear-

ance quality of tea.3 At a lower fixation temperature, the fresh
leaves will contain too much moisture, resulting in more ‘red
stems’, ‘red leaves’ and broken leaves in the finished tea, thus
affecting the evaluation score. At a higher fixation temperature,
the water in fresh leaves will rapidly turn into steam and expand,
leaving blisters and scorch spots on the leaf surface, affecting
the appearance and aroma of the tea. The moisture content of
the samples was determined as shown in the Supporting
information (Table S2). With increasing fixation temperature and
deepening fixation, the moisture content significantly decreased.
At fixation temperatures of 210–240 °C, the moisture content was
high; at 330–360 °C, it was low; at 270–300 °C, it remained at a
moderate moisture content of 55.1 g per 100 g.
In summary, samples with fixation temperatures of 210 °C and

240 °C, 270 °C and 300 °C, and 330 °C and 360 °C were identified
as comprising insufficient, moderate and excessive fixation,
respectively.

Image feature analysis
Figure 2(a) shows the original images of the green tea samples at
different fixation temperatures. As the fixation process pro-
gressed, the leaf surface color changed from bright green to dark

green and grayish and lost luster, whereas the leaf texture chan-
ged from spreading to curling. This phenomenon is usually
caused by the loss of water content in the leaves and changes
in chlorophyll composition. To provide better identification of dif-
ferences and more objective evaluation of image features, the
color and texture change processes captured by the camera lens
were quantified using image processing algorithms. The variation
in color variable spaces and texture features during fixation is
illustrated in Fig. 2(b–p). A similar downward trend in the values
of the color variables R, G, B, H, V, L* and b* was observed as the
fixation degree progressed, reflected in the color shift from a
highly bright yellow–green to dark green. The S value sharply
decreased at a moderate degree of fixation and rallied thereafter
(Fig. 2h). By contrast, the a* value sharply increased with increas-
ing degree of processing, which is a result of the chlorophyll
undergoing the magnesium removal reaction under the effect
of high temperature.27 The rate of magnesium removal increases
with increasing temperature, and the brownish pheophytin
makes the leaf color tend to become yellowish dark.28 Observa-
tion of the texture feature values revealed a declining trend in
the texture variables during the fixation process, except for the
values of ⊘ and U. The ⊘ value responds to the degree of skewness
of the image histogram, and the U value represents the local
smoothness of the visible texture, with a significant increase in
the value of both variables at moderate fixation.22

Spectral information analysis
The raw spectral curves of 120 fixed leaf samples collected using
micro-NIRS in the 900–1700 nm range are shown in Fig. 3(a).
Figure 3(b, c) shows the average spectral curves for samples with
different fixation temperatures and for samples with different fix-
ation degrees; the abovementioned figures clearly show that the
key to distinguishing the different treated samples is the intensity
of the absorption values. The differences in absorption value
intensities may be caused by discrepancies in the internal compo-
sition contents among the different treated samples.29 The main
absorption peaks of the spectral curves are found in the four
wavelength ranges of 960–980 nm, 1160–1180 nm, 1430–
1440 nm and 1650–1660 nm, as shown in Fig. 3(a–c). The absorp-
tion peak in the 960–980 nm range is regarded as a typical
absorption peak for water molecules and is associated with the
secondary-order frequency doubling of the O H group in the
water molecule.30 The absorption peak at approximately
1180 nm is probably caused by the C H secondary-order fre-
quency doubling of CH3 and the O H first-order frequency dou-
bling of the water molecule.30 At approximately 1440 nm, the
absorption peak is attributed to the first-order frequency dou-
bling of O H stretching.31 A peak at approximately 1650–
1660 nm corresponds to the C H secondary-order frequency
doubling and S H secondary-order frequency doubling of caf-
feine.32 In addition, it can be observed from the average spectral
curves that the absorption values of the average spectral curves
at 210–240, 270–300 and 330–360 °C tend to be of similar inten-
sity, which also confirms the justification of our classification of
the degree of fixation from the side.
Figure 3(d–f ) shows the spectral curves after SNV, 1D and 2D

preprocessing. After SNV preprocessing (Fig. 3d), the noise inter-
ference of the curve was weakened and the absorbance charac-
teristics of the spectrum were strengthened. The overlapping
peaks of the reshaped spectral curve after the derivative correc-
tion were separated (Fig. 3e, f), the resolution and sensitivity of
the spectral signal were improved.33
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Green tea fixation discriminant models based on different
sensors
The correlation coefficients between the image feature variables
and the fixation degrees were obtained by Spearman's two-tailed
test, as shown in Fig. 2(q, r). Except for the ⊘ (P < 0.01, r < 0.3),
which was not significantly correlated with the change in the
degree of fixation, the a* and the U were significantly positively
correlated with the degree of fixation (P < 0.01, r > 0.7), whereas
the remaining variables were negatively correlated. Eventually, R,
G, B, H, V, L*, a*, b*, m, ⊐, γ, U and e, which were significantly

correlated with the degree of fixation, were selected as the vari-
ables with image features (P < 0.01, |r| > 0.6). PLS-DA, SVM and
LS-SVM classification algorithms were used to establish degree
discrimination models based on texture, color and fusion feature
(color and texture) variables of the fixed tea samples, respectively.
As shown in Fig. 4(a), by comparing the performance of the dis-
criminative models established with different algorithms, the
non-linear LS-SVMmodel was shown to have the optimal discrim-
inative ability in all three datasets of texture, color and fusion fea-
tures, with the CCRs of prediction sets being 95.00%, 97.50% and

Figure 2. (a) Original images of green tea samples acquired by the computer vision system at different fixation temperatures and box-violin plots for
each feature variable: (b) R; (c) H; (d) L*; (e)m; (f) ⊐; (g) G; (h) S; (i) a*; (j) ⊘; (k) e; (l) B; (m) V; (n) b*; (o) U; (p) γ; Spearman's two-tailed tests between the fixation
degree and (q) color variables; (r) texture variables. Different lowercase letters indicate significant differences by Duncan's test (P < 0.05).
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100%, respectively. Of these, the most satisfactory performance
occurred in the fusion features.
To increase the accuracy of the model, preprocessing and vari-

able selection were performed on the raw data before building
a discriminant model based on the spectral information. From
the results shown in the Supporting information (Table S3), the
three preprocessing methods all resulted in varying degrees of
reduction in model accuracy. This finding indicates that the pre-
processing methods may have eliminated potentially critical
information at the same time as eliminating background interfer-
ence. The raw spectral data were eventually used for subsequent
analysis. The findings of the discriminant models based on the

17 characteristic wavelengths (see Supporting information,
Table S4) optimally selected by CARS are shown in Fig. 4(b). The
optimized spectral variables had varied effects on the prediction
performance of the models: for the prediction samples, the linear
PLS-DA model had a significant enhancement in accuracy, with a
17.5% point jump from the original CCR of 52.50%, although the
results were still unsatisfactory. The non-linear SVM and LS-SVM
models improved insignificantly but performed well overall, with
CCRs of 82.50% and 100%, respectively. It is observed that the
selection of characteristic wavelengths can effectively reduce the
dimensionality of the data and remove the interference of irrele-
vant variables. The three classification models all demonstrated

Figure 3. Spectrum of all tea samples: (a) raw spectrum; (b) average spectrum with different fixation temperatures; (c) average spectrum with different
fixation degrees; (d) SNV preprocessed; (e) 1D preprocessed; and (f) 2D preprocessed.

Figure 4. (a) Results of different fixation degree discrimination models based on single and fused image feature data. (b) Optimization results of the
fixation degree model based on NIR spectral information.
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feasibility in discriminating the degree of green tea fixation.
However, the non-linear LS-SVM model achieved the lowest
misclassification rate, with only one test sample misclassified in
the calibration set (CCR = 98.75%) and 100% correct in the
prediction set.

Moisture content prediction model analysis and
comparison
Water is colorless, but differences in moisture content can affect
the absorption and scattering of light by tea samples, ultimately
resulting in different color contours. To clarify the degree of asso-
ciation between each image feature variable and the moisture
content, Pearson correlation analysis was used for the analysis
(Fig. 5a, b). The a*, ⊘ and U were negatively correlated with mois-
ture content, while the rest of the feature variables were positively
correlated. Excluding S and ⊘, which were weakly correlated with
moisture content (P < 0.01, |r| < 0.6), similarly, R, G, B, H, V, L*, a*,
b*, m, ⊐, γ, U and e, which were significantly correlated with mois-
ture content, were screened as image feature variables (P < 0.01,
|r| > 0.6). Moreover, RCs of the PLSR models were used to evaluate
the significance of each variable participating in modeling, as
shown in the Supporting information (Fig. S1a). For moisture, the
variables S and ⊘were not considered because of their lower abso-
lute RC values.23 This result is supported by the correlation analysis.
The moisture content prediction models of the samples based on
image feature variables were established using linear PLSR and
non-linear SVR, and the results are shown in Table 1. The PLSR
and SVR models based on texture feature variables were inferior
in accuracy (R and RPD were lowest and RMSE was highest); the
color feature variables obtained relatively satisfactory prediction
accuracy in the modeling, especially for the SVR model
(Rc = 0.9903, RMSEC = 0.0115, Rp = 0.9877, RMSEP = 0.0111,
RPD= 6.17); the fused feature variables achieved the optimal mois-
ture content prediction results in the SVR model (Rc = 0.9927,
RMSEC = 0.0099, Rp = 0.9884, RMSEP = 0.0106, RPD = 6.46), effec-
tively improving model accuracy and model stability.
The results of the original and the preprocessed spectra of the

SVR moisture prediction model were compared (see Supporting
information, Table S5). The second derivative (2D) preprocessing
improved the accuracy and overall generalization capability of
the model in prediction sets (lower RMSEP, higher Rp) and the
RPD improved from the original 1.80 to 2.20. Subsequently, the

moisture prediction models were optimized, as shown in
Table 2. CARS selected 21 valid wavelengths associated with
moisture content (see Supporting information, Table S6). Com-
bined with the regression coefficient plot of the PLSR model
(see Supporting information, Fig. S1b), the absorption peaks with
higher RC values at approximately 950 nm and 1440 nm, respec-
tively, were mainly related to the stretching vibration of the O H
group in the water molecule, which had some overlap with valid
wavelengths. Based on the valid wavelengths, simpler prediction
models were established, at the same time as effectively improv-
ing the prediction accuracy of all models during model validation.
The linear PLSR model achieved the best prediction accuracy at
Rc = 0.8880, RMSEC = 0.0388, Rp = 0.9369, RMSEP = 0.0265 and
RPD = 2.59, and the non-linear SVR model achieved the best pre-
diction accuracy at Rc = 0.9347, RMSEC = 0.0300, Rp = 0.9427,
RMSEP = 0.0221 and RPD = 3.10. Clearly, the SVR model exhibited
a greater advantage over the PLSR model as a result of the non-
linear relationship between the moisture content and spectral
information during fixation.
The feasibility validation results of the optimal moisture content

prediction models obtained based on two sensors are shown in
the Supporting information (Table S7). The independent samples
t-test result showed no statistical difference between the mea-
sured and predicted values (P > 0.05).

Sensor comparison and discussion
Moisture is an essential parameter in the fixation process of green
tea. The level of moisture content in samples with different fixa-
tion degrees directly affects the quality of fixed tea samples, most
intuitively reflected in the differences in sensory properties. The
present study used spectral information acquired by micro-NIRS
and image information acquired by CVS, combined with chemo-
metric algorithms, to intelligently monitor the fixation quality of
green tea. By comparing the results of different discriminant
models, the non-linear CARS-LS-SVM model based on spectral
information achieved an accurate judgment of the fixation degree
(CCR of 100% for the prediction set). This result was consistent
with the study by Jin et al.,34 who demonstrated that a non-linear
model (SVM) achieved higher performance than linear models (K-
nearest neighbor and linear discriminant analysis) with respect to
discriminating the quality of black tea in-process products. Like-
wise, the advantage of the non-linear model was shown in image

Figure 5. Pearson correlation analysis between moisture content and (a) color variables and (b) texture variables.
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information, where the LS-SVM model based on fusion features
obtained the same discrimination accuracy for fixation degree
as the spectral information (CCR = 100%). These results showed
that the variations in the information on the appearance and
internal composition of tea at different fixation stages are
dynamic and non-linear, and therefore, accurate discrimination
is difficult to realize with a linear algorithm (PLS-DA).
In predicting the moisture content of fixed tea samples, the pro-

posed 2D-CARS-SVR model based on spectral information exhib-
ited significant superiority in achieving accurate prediction of
moisture content (Rc = 0.9347, RMSEC = 0.0300, Rp = 0.9427,
RMSEP= 0.0221, RPD= 3.10). Unlike themoisture predictionmodel
based on the whole green tea process by Liu et al.,35 the present
study targeted the fixation process. We established a model with
a wider range of moisture content by collecting a larger sample
size. Our prediction accuracy was higher with the RMSEP of
0.0221 compared to their model RMSEP of 0.0460. Observing the
results of image information modeling, the SVR model, established
by fusion feature information, provided the optimal moisture con-
tent prediction results with Rc = 0.9927, RMSEC = 0.0099,
Rp = 0.9884, RMSEP = 0.0106 and RPD = 6.46. Clearly, the multidi-
mensional fusion features provide a more comprehensive descrip-
tion of the variations in the green tea fixation samples. The
superiority of fusion features has also been demonstrated in a
quantitative evaluation of black tea withering quality.10

Compared to the spectral information, the image information
performs better in the process monitoring of the fixation quality,
particularly in moisture prediction capability. The reason for this
result may be that the change in moisture content during fixation
is most intuitively reflected in the altered appearance quality, and
NIRS provides point-based spectral information, lacking more
comprehensive spatial information;36 in contrast, CVS-captured
images are more advantageous. Additionally, NIRS is susceptible
to heat and humidity process environments and sample homoge-
neity states.6 This conclusion was also verified in the following
studies, where the moisture prediction results of An et al.,37 using
CVS for withering process samples (Rp = 0.9957, RMSEP = 0.0059)

were better than those of Shen et al.7 using micro-NIRS
(Rp = 0.9931, RMSEP = 0.0095).
Here, we first validated and compared the performance of two

cost-effective sensors, micro-NIRS and CVS, for the fixation quality
monitoring of green tea, illustrating their suitability as intelligent
monitoring tools and their potential for industrial applications
from multiple perspectives. However, the present study has limi-
tations because we selected only one green tea suitable variety
for single-batch experiments. Next, factors such as variety and
batch will be taken into account to expand the sample database
and improve the generalization ability of the model. In summary,
the present study provides optional intelligent monitoring means
for standardized production in the green tea industry.

CONCLUSIONS
The present study explores the feasibility of low-cost micro-NIRS
and CVS for the rapid at-linemonitoring of green tea fixation qual-
ity, comparing the performance both qualitatively and quantita-
tively of the models constructed from spectral and image
information. Both the spectral-based and the image-based LS-
SVM models achieved 100% discrimination accuracy in fixation
discrimination. However, in moisture content prediction, the
image-based SVR model provided better prediction results than
the spectral information. Additionally, image feature fusion and
spectral variable selection methods further optimize the accuracy
of qualitative/quantitative models. The results of the present
study provide theoretical support and technical guidance for the
automation of the green tea fixation process, which can be
applied in the future for real-timemonitoring of green tea proces-
sing lines.
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Table 1. Performance of PLSR and SVR models based on single and fused image feature data for predicting moisture content

Component Model Data
Feature
numbers Parameters

Calibration set Prediction set

Slope BiasRc RMSEC Rp RMSEP RPD

Moisture PLSR texture features 6 LVs = 3 0.9196 0.0306 0.8993 0.0327 2.09 0.83 0.10
color features 9 LVs = 5 0.9860 0.0134 0.9818 0.0139 4.93 0.97 0.01
data fusion 13 LVs = 5 0.9866 0.0133 0.9880 0.0112 6.12 0.98 0.01

SVR texture features 6 c = 0.33, g = 256 0.9462 0.0254 0.9150 0.0305 2.25 0.85 0.09
color features 9 c = 0.57, g = 256 0.9903 0.0115 0.9877 0.0111 6.17 0.98 0.01
data fusion 13 c = 1, g = 48.50 0.9927 0.0099 0.9884 0.0106 6.46 0.98 0.01

Table 2. Optimization results of PLSR and SVR models based on NIR spectral information for predicting moisture content

Component Model Preprocessing
Variable selection

methods
Variable
numbers Parameters

Calibration set Prediction set

Slope BiasRc RMSEC Rp RMSEP RPD

Moisture PLSR 2-Derivative Full 228 LVs = 4 0.7998 0.0499 0.8522 0.0381 1.80 0.74 0.14
CARS 21 LVs = 5 0.8880 0.0388 0.9369 0.0265 2.59 0.87 0.07

SVR 2-Derivative Full 228 c = 6.96, g = 1024 0.9434 0.0287 0.8944 0.0311 2.20 0.82 0.10
CARS 21 c = 64, g = 1024 0.9347 0.0300 0.9427 0.0221 3.10 0.91 0.05
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