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ARTICLE INFO ABSTRACT

Keywords: Pericarpium citri reticulatae (PCR) is the dried mature fruit peel of Citrus reticulata Blanco and its cultivated
Pe“c?rplum citri reticulatae varieties in the Brassicaceae family. It can be used as both food and medicine, and has the effect of relieving
Quality evaluation cough and phlegm, and promoting digestion. The smell and medicinal properties of PCR are aged over the years;
Food fraud . . . « . . .
FNIR only varieties with aging value can be called “Chenpi”. That is to say, the storage year of PCR has a great in-

Deep learning fluence on its quality. As the color and smell of PCR of different storage years are similar, some unscrupulous

CNN-LSTM merchants often use PCRs of low years to pretend to be PCRs of high years, and make huge profits. Therefore, we
did this study with the aim of establishing a rapid and nondestructive method to identify the counterfeiting of
PCR storage year, so as to protect the legitimate rights and interests of consumers. In this study, a classification
model of PCR was established by e-eye, flash GC e-nose, and Fourier transform near-infrared (FT-NIR) combined
with machine learning algorithms, which can quickly and accurately distinguish PCRs of different storage years.
DFA and PLS-DA models were established by flash GC e-nose to distinguish PCRs of different ages, and 8 odor
components were identified, among which (+)-limonene and y-terpinene were the key components to distinguish
PCRs of different ages. In addition, the classification and calibration model of PCRs were established by the
combination of FT-NIR and machine learning algorithms. The classification models included SVM, KNN, LSTM,
and CNN-LSTM, while the calibration models included PLSR, LSTM, and CNN-LSTM. Among them, the CNN-
LSTM model built by internal capsule had significantly better classification and calibration performance than
the other models. The accuracy of the classification model was 98.21 %. The R}% of age, (+)-limonene and
y-terpinene was 0.9912, 0.9875 and 0.9891, respectively. These results showed that the combination of flash GC
e-nose and FT-NIR combined with deep learning algorithm could quickly and accurately distinguish PCRs of
different ages. It also provided an effective and reliable method to monitor the quality of PCR in the market.

Abbreviations: PCR, pericarpium citri reticulatae; DFA, discriminant factor analysis; PLS-DA, partial least squares discriminant analysis; CNN-LSTM, convolutional
neural network- long short-term memory; FT-NIR, Fourier transform near-infrared; MSC, multiplicative scatter correction; SNV, standard normal transformation; SG,
Savitzky-Golay; 1d, first derivative; 2d, second derivative; SVM, support vector machine; KNN, k-nearest neighbor.
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1. Introduction

Pericarpium citri reticulatae (PCR) is the dried mature peel and its
cultivated varieties of Citrus reticulate Blanco. PCR has been used as
medicine and food for more than 2000 years (Pan, Zhang, Xu, Yin, Gu, &
Yu, 2022). PCR mainly contains volatile oil, flavonoids, phenolic acids
and alkaloids, which has good antiasthmatic, anti-inflammatory and
antioxidant activities (Bian et al., 2022; Zhang et al., 2020). It is used to
promote digestion, expectorate and relieve coughs. It is widely used in
food, beverage, seasoning processing and fruit tea, fruit wine production
process (Yi, Dong, Liu, Yi, & Zhang, 2015). In the process of using PCR,
people also summed up the empirical law of “the longer the aging time,
the better the quality”. It is considered that the medicinal and edible
efficacy of PCR is better after aging. Modern studies show that the vol-
atile components in the low boiling range of PCR are lost during aging,
and the contents of total flavonoids and hesperidin increase with aging
time, which not only reduces its irritation, but also makes its flavor more
mellow. Therefore, there is the saying that “50 g PCR is equal to the
value of 50 g gold, and one hundred years PCR is worth more than gold”.
In short, aging year is one of the most important criteria to measure the
quality of PCR.

At present, the annual processing volume of PCR has exceeded 1000
tons, and the annual export volume has reached more than 400 tons. The
prices of PCR vary greatly in different years, huge profits and low
counterfeiting costs make the market full of inferior phenomena such as
dyeing and adulteration, such as the use of PCR with low storage vin-
tages to pass off as PCR with high storage vintages, which not only
seriously infringes upon the interests of consumers, but also has a bad
impact on food safety and quality control. However, the conventional
analysis methods such as LC-MS and GC-MS are complex and cannot
realize real-time high-throughput non-destructive testing and fast
discrimination (Luo et al., 2019). The analysis model based on chro-
maticity discrimination is no longer applicable due to the improvement
of dyeing technology. Therefore, there is an urgent need to develop
rapid and accurate discrimination techniques and analysis methods to
adapt to the current large circulation mode to quickly distinguish the
year and quality of PCR.

In recent years, electronic nose (e-nose) and near infrared (NIR)
spectroscopy techniques have also become popular in food quality
evaluation. They are high-speed, convenient, stability, low-cost, and do
not require any sample pretreatment (Bai, Fang, Zhang, & Fan, 2022;
Guo et al., 2023). This provides a new quality identification technique
for functional foods with special flavors such as PCR. E-nose can reflect
the flavor characteristics and main flavor components of the sample as a
whole, and form a characteristic “odor fingerprint” to characterize the
quality and flavor changes of PCR during aging (Li et al., 2022; Liu, Xiao,
Zhang, & Sun, 2023). NIR spectroscopy can provide a large number of
spectral features, so it is often combined with machine learning algo-
rithms in order to be better applied (Azadnia, Rajabipour, Jamshidi, &
Omid, 2023; Rong, Wang, Ying, Zhang, & Zhang, 2020). Compared to
traditional machine learning algorithms, deep learning methods can
handle large and complex data, adapt to a wide variety of data, automate
feature extraction, and can improve their performance and accuracy by
continuously learning new data. For example, because of its unique
hidden layer structure, convolution neural network (CNN) can extract
features automatically, so it has been successfully applied to the
geographical source identification of food (Cruz Ulloa, Krus, Barrientos,
Cerro, & Valero, 2022; Nasiri, Yoder, Zhao, Hawkins, Prado, & Gan,
2022).

For the purpose of achieving rapid and accurate identification of
storage year falsification in PCR, flash GC e-nose and FT-NIR techniques
were used to characterize the dynamic changes of flavor fingerprint and
spectral characteristics during the aging process of PCR, and the main
flavor components were identified. Based on the deep learning model,
the age discrimination model and the prediction model of characteristic
component content were established, which can be applied to the
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evaluation of the authenticity and superiority of PCR in the market. It
also provides technical and method support for rapid non-destructive
testing and adulteration identification of PCR and other functional
foods with special flavor.

2. Materials and methods
2.1. Samples and reagents

We collected PCRs of different ages from medicinal materials market.
Among them, there were 25 samples aged 0-year-old, 30 samples aged 5,
10, 15, 20, 25 years old, respectively, and 29 samples aged 30 years old.
All the collected samples were identified by Prof. Chengxi Jiang of
Wenzhou Medical University as the dried mature pericarp of Citrus
reticulata Blanco of Rutaceae plant and its cultivated varieties.

The n-alkane mixture (C¢~Cy6) was purchased from RESTEK Co.
Ltd., (USA, Lot: A0142930); (++)-limonene was purchased from Shanghai
Macklin Biochemical Technology Co., Ltd. (Shanghai, China, Lot:
C15084208) and a-pinene (Lot: PCS-22121) were purchased from
Chengdu Zhibiao Pure Biotechnology Co., Ltd. (Si chuan, China).

2.2. Analysis of volatile components of PCRs by flash GC e-nose

Firstly, we crushed all the PCRs, sifted the powder through 50 mesh,
and stored them in a dry and dark environment for experimental use.
Then the collection conditions were optimized, including sample
weighing, hatching time, hatching temperature and injection volume.
The final conditions are as follows: first, pour 0.5 g powder of PCRs into
the 20 ml headspace bottle, then incubate 20 min at 55 °C and inhale
250 pl of gas for analysis.

2.3. FT-NIR determination of PCRs

In this step, we collected the NIR spectra of the external skin and
internal capsule of PCRs respectively. Using Antaris II FT-NIR spec-
trometer (Seamer Fisher Technology, USA) to collect spectral informa-
tion of samples in diffuse reflection mode (Li et al., 2021). Three points
were randomly selected from the external skin and internal capsule of
each sample, and the average value of three measurements was taken as
the original spectrum. The spectrum acquisition range was 10,000 ~
4000 cm’l, the resolution was set to 16 cm’l, and each spectrum was
scanned 32 times.

2.4. Spectral preprocessing and data set partition

There are many problems in the original NIR spectrum data, such as
noise, baseline drift, spectral overlap and so on, so we use preprocessing
method to improve the accuracy and reliability of the model. The pre-
processing methods include multiplicative scatter correction (MSC),
standard normal transformation (SNV), Savitzky-Golay (SG), first de-
rivative (1d) and second derivative (2d) (Barra, Briak, & Kebede, 2022).
MSC is mainly used to eliminate the absorption and oblique shift caused
by light scattering (Jiao, Li, Chen, & Fei, 2020), SNV is used to eliminate
the multiplicative interference of scattering and particle size, and 1d and
2d are usually used to eliminate vertical offset and linear tilted baseline
(Zhang, Sun, Li, Zeng, & Wang, 2021).

Generally, reasonable sample set partition can effectively improve
the prediction accuracy of the model. Based on Kennard-Stone algorithm
(Morais, Santos, Lima, & Martin, 2019), 204 samples of PCRs were
divided into 150 calibration sets and 54 validation sets.

2.5. Chemometrics analysis
2.5.1. Multivariate statistical analysis

The principal component analysis (PCA) and discriminant factor
analysis (DFA) models are based on the multivariate statistical analysis
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Fig. 1. Structural schematic diagram of CNN-LSTM model: (a) the structure of CNN, the name of each layer at the bottom, the size of the output data, and the size of
the convolution kernel at the top; (b) the operation mode of LSTM; (c) the structure of LSTM; (d) full connection layer and output layer.

module built into the e-nose software, and the partial least squares
discriminant analysis (PLS-DA) model is carried out by the SIMCA-P
14.1 software.

Among them, PCA is a commonly used unsupervised classification
and statistical method, which can reduce dimensionality and extract
features from high-dimensional data (Fuentes et al., 2023). DFA is a
supervised classification method, which is mainly used to find the linear
combination that can classify the observed objects most effectively
(Zhang et al., 2023). PLS-DA is mainly used to deal with multivariable
data with classification tags. It uses PLS method to establish a prediction
model (Zeng et al., 2021), projects the input data into a low-dimensional
space, and then uses classification label information to find the best
discriminant surface. The multivariate statistical analysis method
mainly classifies and predicts the data obtained from the e-nose.

2.5.2. Machine learning algorithm

The support vector machine (SVM) and k-nearest neighbor classifi-
cation (KNN) models are constructed by Matlab R2021a software, which
mainly classify and predict the NIR spectrum data.

SVM is a supervised learning algorithm, which maps data to high-
dimensional feature space and finds out the hyperplanes that can best
divide different categories of data (Wang, Jiang, Mo, Tang, & Lv, 2020;
Yuan et al., 2020). The technology based on kernel function can solve
nonlinear problems. KNN is a simple and effective machine learning
algorithm for classification and regression (Dong, Wang, Weng, Yuan, &
Yang, 2021). Based on the distance measure between samples, it predicts
by finding the K neighbors closest to the data to be tested (Balabin &
Safieva, 2011).
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Fig. 2. E-nose analysis of PCRs: PCA model (a), DFA model (b), flavor heat map (c), PLS-DA model (d), VIP score (e).

2.5.3. Deep learning algorithm—CNN-LSTM

CNN-LSTM is a new network structure which combines convolution
neural network (CNN) with long short-term memory (LSTM). CNN can
extract effective features from data, while LSTM is a variant of cyclic
neural network (RNN). It can not only find the interdependence of data
in time series data, but also automatically detect the best pattern suit-
able for related data. The combination of the two can improve the ac-
curacy and stability of the model, and can classify and regression predict
the near infrared spectrum at the same time. The model is constructed by
Matlab R2021a software.

Fig. 1 shows the structure of the CNN-LSTM model. Fig. 1(a) is the

structure of CNN, which mainly includes data input, convolution layer,
batch normalization layer, eLU activation function, maximum pool layer
and flat layer. Convolution layer is the core of CNN and has good feature
extraction ability for data with local features. Batch normalization (BN)
method is added to each convolution, which can normalize the output of
each convolution to stabilize the learning process. The activation func-
tion of the convolution layer uses the Elu function, which is an improved
ReLU function. When the input is negative, the output value has a
certain anti-interference ability, which can eliminate the problem of
ReLU death (Yu, Ma, Chen, Li, & Li, 2020). Its mathematical expression
can be found in formula (1):
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Where x is the input value and a is the weighting coefficient. After each
convolutional layer, select the maximum pooling area through the
maximum pooling layer to reduce the number of parameters, reduce
computational costs, and prevent overfitting, Finally, the output of the
pooling layer is converted into one-dimensional vectors through the flat
layer and transmitted to the LSTM unit structure.

Compared to traditional RNNs, which are prone to gradient vanish-
ing and exploding, LSTM has added a cell state on top of it to preserve
long-term states. The cell state is controlled by important “gate” struc-
tures, namely forgetting gate, input gate, and output gate. Fig. 1(b)
shows the operation mode of LSTM, and Fig. 1(c) shows the internal
structure of LSTM. The input gate is used to update the information of
the cell state, as calculated in formula (2) and (3):

i = o(Wilh, — 1,x] + b; ) @

C, = tanh(W.[h, — 1,x] + b, ) 3)

The forgetting gate is mainly used to control the retention of infor-
mation in the cell state, which is calculated as shown in formula (4):

fo=o0(Wilh — 1,x] + by ) )

The output gate is mainly used to control the output information, and
their calculation method is such as formula (5) ~ (7):

Or = (F(W(,[h, - 1,X,} + b(}) (5)
h; = O,-tanh(C,) (6)
C,=f-Cy+irC, )

Among them, W;, Wy, W, W, are the weight, b;, by, by, b, are the bias,
ftis the input of the forgetting gate, h;.; is the output of the basic cell of
the t-1 moment, x; is the input of the current moment, C; is the updated
output of the cell state, the product of i; and C, is the output of the input
gate, and h; is the output of the hidden state. ¢ is a sigmoid function and
tanh is a hyperbolic tangent function. Their mathematical expressions
are shown in formula (8) and (9):

ow =1/(1+e™) @)

tanh(,) = (' —e™*)/(e" +e7) ()]

Fig. 1(d) is the output layer of the CNN-LSTM, including the full
connection (FC) layer and the output layer, which is output by the
classification layer when the classification task is performed and by the
regression layer when the regression task is performed. All the model
parameters can be obtained from Table S1.

2.6. Model evaluation

The classification model of this paper is mainly evaluated by accu-
racy (Acc), precision (Pr), recall rate (Re) and F1 score (F1). Acc refers to
the proportion of the total number of predicted correct results, Pr ex-
amines whether the identified positive samples are reliable, Re examines
whether they are sensitive to positive samples, and F1 is an index that
takes into account Pr and Re. The specific calculation method is shown
in the formula (10) ~ (13):

TP + TN

Acc = ————————— % 100% (10)
TP+ TN + FP + FN
TP
Pr=——x100% an
TP + FP
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TP
Re = —— x 100 12
¢ =7p N < 100% 12)
2*(Pr*Re)
Fl=———-x1 1
Pr+Re x 100% 13

Where TP represents the number of positive samples correctly classified;
TN represents the number of negative samples that are correctly clas-
sified; FP represents the number of negative samples misclassified as
positive samples; FN represents the number of positive samples mis-
classified as negative samples.

The regression model mainly takes correlation coefficient (RZ), root
mean square error (RMSE) and relative prediction error (RPD) as eval-
uation indexes. The closer to 1 R? is, the smaller the RMSE is, which
indicates that the accuracy of the model is higher. Generally, RPD > 3
indicates that the model has excellent prediction ability.

3. Results and discussion
3.1. E-nose analysis of PCRs

3.1.1. Analysis of odor characteristics of PCRs of different ages by flash GC
e-nose

The standard solution of n-alkanes was used to calibrate the chro-
matographic peak retention time (tg) of each sample into Kovats
retention index (RI). A total of 13 odor components were identified. 8
flavor compounds were identified by AroChemBaseNist standard data-
base and comparison of reference materials (Table S2), including
a-thujene, a-pinene, sabinene, p-pinene, p-myrcene, (+)-limonene,
y-terpinene, and linalool. The concentration of the identified compound
is expressed in mg/g (Table S3), which is calculated based on the
equivalent of (+)-limonene. It can be seen from Table S2 that
(+)-limonene has a special orange flavor, and its content is the highest in
PCRs of different ages, all above 80 %, indicating that the aroma of PCRs
is mainly contributed by (+)-limonene. In addition, PCRs is also spicy
and herbal.

Fig. S1 shows the odor chromatogram of PCRs of different ages. It can
be seen that with the increase of age, the intensity of odor chromato-
graphic peak of PCRs decreases gradually. Fig. 2(c) is a flavor heat map
based on the concentrations of 8 identified compounds. It can be seen
that the content of all components is the highest in 0-year-old samples,
and then decreases gradually. However, the contents of 5-15 years old
samples were similar, and 20-30 years old samples, indicating that the
smell of PCRs was similar in some storage stages.

3.1.2. Distinguish PCRs of different ages based on flash GC e-nose

Based on the results of electronic nose, we established a PCA (Fig. 2a)
model to distinguish and identify PCRs of different ages. It can be seen
that there is a certain degree of intersection between the 0 ~ 15 years
samples and between the 20 ~ 30 years samples, indicating that they
have some similarity in odor. The 0 ~ 15 years samples and 20 ~ 30
years samples can be completely separated, implying that 15-20 years is
an important inflection point of PCR odor composition (Fig. 2a). In the
DFA diagram, all samples can be completely distinguished, the contri-
bution rate of the first three discriminant factors reached 96.763 %, and
the 0-year-old samples are the farthest from other samples, indicating
that DFA can be used to distinguish PCRs of different ages (Fig. 2b).

It can be seen from Fig. 2(d) that PCRs of different ages can be well
distinguished by PLS-DA. Fig. S2 is a PLS-DA model fitting diagram, in
which the interpretation rate parameter R2Y is 0.752 and the prediction
ability parameter Q? is 0.741, indicating that the PLS-DA model has
reliable performance (Du et al., 2021). The PLS-DA model was randomly
arranged 200 times for permutation test, and the intercept of the fitting
line of R? and Q2 was less than 0.05, which indicated that the PLS-DA
model was not over-fitted (Becerra-Martinez et al., 2017).

Variable importance (VIP) was further used to identify the main odor
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Fig. 3. NIR spectra of external skin(a) and internal capsule(b) of PCRs of different ages; superposition spectra of external skin(c) and internal capsule(d) of

all samples.

difference components among PCRs of different ages. The predictive
value of VIP can directly reflect the contribution of each variable to
model classification. The larger the VIP, the greater the contribution of
variables to the differentiation of different groups of samples. In general,
a VIP value greater than 1 can be considered a key variable between
different groups. It can be seen from Fig. 2(e) that the VIP of (+)-limo-
nene and y-terpinene are greater than 1, which may be the odor dif-
ference markers to distinguish PCRs of different ages.

(+)-Limonene is the largest odor component in PCRs. It is a natural
functional monoterpene with antioxidant, anti-inflammatory, and gas-
troprotective effects (Anandakumar et al., 2020). At the same time,
because of its pleasant orange aroma, (+)-limonene is often used as an
additive in the food industry. In recent years, it has been found that
(+)-limonene has good tumor prevention and inhibitory activity, and
has achieved good results in the prevention and treatment of various
types of cancer (Aratjo-Filho et al., 2021). y-Terpinene has a variety of
activities such as bacteriostasis, anti-tumor and regulation of gastroin-
testinal tract, and it can also protect the activity of antioxidant enzymes,
so as to restore cell damage to a certain extent and play an antioxidant
role. In summary, the pharmacological effects of odor differential
markers such as (+)-limonene and y-terpinene are consistent with the
clinical use of PCR for the treatment of spleen and stomach disorders.

3.2. FT-NIR analysis of PCRs

3.2.1. Original NIR characteristics of PCRs of different ages

Fig. 3 (a) and (b) are the superposition images of the external skin
and internal capsule of the PCRs of different ages, respectively. We can
see that there is an obvious difference between them. There are mainly
three absorption peaks in the external skin spectrum, among which the
absorption peak close to 4725 cm ™! is caused by tensile vibration of
C—C and C=C (Zhang et al., 2023). The absorption peak close to 5180
cm ™! may be caused by the second overtone absorption of tensile vi-
bration of C=O0 or stretching and deformation vibration of O—H (Liu

et al., 2019). The absorption peak at 6835 cm ™! is caused by the first
overtone absorption of tensile vibration of O—H (Ma et al., 2020). The
production of these absorption peaks may be caused by flavonoids. In
addition, there are three other absorption peaks in the spectrum of the
internal capsule which are different from those of the external skin. Near
5750 cm ™}, 6125 cm ™! and 8350 cm ™}, respectively. According to the
knowledge of spectral analysis, these may be caused by the tensile vi-
bration of C—H in some aromatic compounds or the overtones produced
by them (Barra et al., 2022; Zhan et al., 2017). This is because the ar-
omatic compounds of PCRs are mostly stored in the oil chamber of the
internal capsule, while these substances are rarely found in the external
skin. No matter the external skin or the internal capsule, the intensity of
each absorption peak basically decreases with the increase of age, which
is consistent with the change law of the components detected by the e-
nose, indicating that the intensity of the absorption peak is closely
related to the concentration of odor components. Fig. 3(c) and (d) are
the spectral superposition maps of the external skin and internal capsule
of all samples, respectively. It can be seen that the spectral curves of
PCRs of different ages overlap obviously and have high similarity, so we
need to preprocess them to eliminate interference.

3.2.2. Classification analysis based on FT-NIR

In this part, the original data of NIR spectrum are used as the input of
different classification models to distinguish the PCRs of different ages.
The model classification confusion matrix is shown in Fig. S3. It can be
seen that no matter using external skin data as input or internal capsule
data as input, CNN-LSTM model only misclassifies a small number of
samples, and the classification result is obviously better than that of
other models. Therefore, PCRs of different ages can be distinguished
according to the results of data set distribution in CNN-LSTM model.

Fig. S4 shows the loss function curve (red) and accuracy curve
(green) of LSTM and CNN-LSTM respectively. The abscissa represents
the number of iterations of the training. The longitudinal coordinates of
the left axis and the right axis are the loss function and the accuracy
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Table 1
Performance evaluation of different classification models.
Sample Model Data set Acc/Y% Pr/% Re/% F1/%
External SVM Calibration 83.81 83.57 83.98 83.77
skin Validation 79.86 79.80 79.89 79.85
KNN Calibration 83.48 82.20 84.79 83.47
Validation 78.16 76.70 79.00 77.83
LSTM Calibration 87.89 87.63 88.09 87.86
Validation 87.11 87.79 86.61 87.19
CNN- Calibration 100.00 100.00 100.00 100.00
LSTM Validation 93.77 94.23 93.37 93.80
Internal SVM Calibration 88.90 87.93 89.67 88.79
capsule Validation 88.41 88.21 88.56 88.38
KNN Calibration 87.54 87.24 87.77 87.51
Validation 79.43 78.91 79.73 79.32
LSTM Calibration 94.30 93.87 94.68 94.28
Validation 84.94 82.57 86.67 84.57
CNN- Calibration 100.00 100.00 100.00 100.00
LSTM Validation 98.21 97.61 98.80 98.20

respectively. It can be seen that the accuracy and loss value of LSTM
model fluctuate seriously during the training process. In contrast, the
loss function of CNN-LSTM model is lower, the classification accuracy is
higher, and it can reach a stable state through less iterations. Then we
observe the training process of the external skin and internal capsule
data of the two models respectively, and find that no matter which
model is selected, when using the internal capsule data for classification
learning, the training curve is smoother than the outer skin, and can
reach the stable state faster, and the loss function is low, and the accu-
racy is high. The results show that compared with the external skin, the
internal capsule data is more effective in classifying PCRs of different
ages, and the CNN-LSTM model has good stability and efficiency for
classification.

In order to evaluate the accuracy and stability of each model more
accurately, we recorded the Acc, Pr, Re and F1 of the calibration and
validation sets for each model in Table 1. When classifying with external
skin data, the values of Acc, Pr, Re and F1 of the validation set of CNN-
LSTM model are 93.77 %, 94.23 %, 93.37 % and 93.80 % respectively,
which are higher than those of the other three models and have better
classification efficiency. Among them, Pr is 94.23 %, which is higher
than Re, indicating that the classification result of the model for true
positive is better than that of true negative. When using internal capsule
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data for classification, the Acc, Pr, Re, and F1 of the CNN-LSTM model
reached 98.21 %, 97.61 %, 98.80 %, and 98.20 %, respectively. Among
them, Pr is 97.61 %, which is lower than Re, indicating that the classi-
fication results of the model for true negative are better than true pos-
itive. By comparing the classification models of external skin and
internal capsule, it is found that the CNN-LSTM classification model
based on internal capsule data can identify PCRs of different ages more
accurately.

3.2.3. Spectral preprocessing and data set partitioning

The original spectra were pretreated with MSC, SNV, SG, 1d and 2d,
respectively, and the pretreatment spectra of external skin and internal
capsule were shown in Figs. S5 and S6, respectively. It can be seen that
different methods have different advantages in improving spectral
characteristics and correcting scattered light.

Table S4 statistics the age, (+)-limonene and y-terpinene data of the
calibration set and the validation set, and it can be seen that the varia-
tion range of all the data of the calibration set completely covers the
range of the verification set. The average value and standard deviation
of test set and verification set are basically similar. These data show that
the result of sample set division is reasonable and the samples selected
for modeling are highly representative.

We used the PLS model to establish the calibration models of the age
and two key odor components ((+)-limonene and y-terpinene) of PCRs
based on the pretreated data of external skin and internal capsule,
respectively. The results are shown in Table S5 and S6, respectively. It
can be seen that, compared with other preprocessing methods, SNV has
the best calibration results for age, (+)-limonene and y-terpinene,
regardless of whether the external skin data or internal capsule data are
used as input, which is consistent with previous studies.

3.2.4. Rapid prediction of age and content of key odor components in PCRs
by CNN-LSTM

We determine the best pretreatment method through spectral pre-
processing. In order to make the prediction model more accurate, we
develop a quantitative model of CNN-LSTM, which can directly input
the features extracted by CNN into LSTM for processing. This method
saves the step of extracting feature wavelength and reduces the error of
calibration results.

Table 2 records the comparative effects of PLSR, LSTM, and CNN-
LSTM models. The results (taking the external skin as an example)
show that in the age calibration model established by CNN-LSTM, R?

Table 2
Using different calibration models to predict the age and main volatile components of PCRs.
Sample Index Model Calibration Validation
RZ RMSE¢ RPD R} RMSEp RPDp
External skin Age PLS 0.9556 1.99 4.85 0.9566 2.07 5.09
LSTM 0.9877 1.11 9.01 0.9819 1.26 7.53
CNN-LSTM 0.9886 1.05 10.01 0.9862 1.15 9.09
(+)-Limonene PLS 0.8973 0.59 3.28 0.8667 0.65 3.14
LSTM 0.9129 0.56 3.40 0.9063 0.63 3.27
CNN-LSTM 0.9749 0.30 6.31 0.9728 0.34 6.16
v-Terpinene PLS 0.8891 0.03 3.17 0.8814 0.03 3.20
LSTM 0.9367 0.03 4.35 0.9217 0.03 3.74
CNN-LSTM 0.9798 0.02 7.13 0.9768 0.02 6.59
Internal capsule Age PLS 0.9647 1.85 5.42 0.9559 1.92 4.79
LSTM 0.9782 1.47 7.77 0.9685 1.65 6.22
CNN-LSTM 0.9914 0.89 10.99 0.9912 0.97 10.64
(4+)-Limonene PLS 0.8874 0.62 3.14 0.8668 0.66 3.06
LSTM 0.9168 0.55 3.47 0.9138 0.60 3.45
CNN-LSTM 0.9887 0.21 9.48 0.9875 0.21 9.05
y-Terpinene PLS 0.9389 0.03 4.17 0.8978 0.03 3.38
LSTM 0.9487 0.02 4.42 0.9496 0.03 4.51
CNN-LSTM 0.9902 0.01 10.12 0.9891 0.01 9.58
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Fig. 4. Comparison of reference value and predicted value: (a) (b) (c) are the calibration models of age, (+)-limonene and y-terpinene based on external skin; (d) (e)
(f) are the calibration models of age, (+)-limonene and y-terpinene based on internal capsule.

(0.9862) and RPD (9.09) are larger than PLSR and LSTM models, indi-
cating that the accuracy of the model is higher, while RMSE (1.15) is
relatively small, indicating that the error of the model is small. By
observing the quantitative models of (+)-limonene and y-terpinene, it is
found that this rule also appears, indicating that CNN-LSTM is more
accurate in predicting the age and odor components of PCRs. Then we
observed the calibration model based on the data of external skin and
internal capsule (taking (+)-limonene as an example). The validation set
of model established by internal capsule had higher R? (0.9875) and
RPD (9.05) than that of external skin, and RMSE (0.34) was smaller, and
this situation occurred in the three models at the same time. We visu-
alize the prediction results of the age and odor composition of PCRs
through CNN-LSTM (Fig. 4). We can see that in the model established
through the external skin, although all the points are on the diagonal,
they are slightly discrete, while in the model established through the
internal capsule, all the points are closely close to the diagonal and the

degree of dispersion is low. It shows that the prediction model of age and
odor components through the internal capsule is more accurate. This
may be because with the increase of age, the change of the internal
capsule of PCRs is more obvious than that of the external skin, and the
oil chamber of PCRs is mostly in the internal capsule, and the oil
chamber is the place to store aroma, so it will be more accurate to reflect
the odor components through the internal capsule.

4. Conclusion

In this study, the aroma changes of PCRs during storage were clari-
fied by flash GC e-nose. The established DFA and PLS-DA models can
accurately distinguish PCRs of different ages by odor components, of
which two odor components ((+)-limonene and y-terpinene) are
considered to be the key components to distinguish PCRs of different
ages. The NIR spectrum data of external skin and internal capsule of
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PCRs of different ages were collected, and the classification model which
could distinguish PCRs of different ages was established by using CNN-
LSTM. In order to accurately evaluate the quality of PCRs of different
ages, we used NIR spectrum to predict the age of PCRs, and combined
the key odor components obtained by e-nose with NIR spectrum to
establish a CNN-LSTM quantitative prediction model for evaluation. The
results show that compared with the external skin, the model established
by internal capsule data is more reliable, and compared with PLSR and
LSTM, the prediction model established by CNN-LSTM has higher ac-
curacy and robustness.

The method established in this study realized the precise distinction
and quality evaluation of PCRs of different ages, which can quickly and
effectively prevent the counterfeiting of PCRs in the market. Compared
with traditional detection methods, flash GC e-nose and FT-NIR tech-
nology have great potential in identifying food fraud. By combining with
deep learning algorithm, food can be evaluated more quickly and
accurately. The method established in this study is suitable for quickly
tracking adulteration in food to ensure the authenticity of the product. It
provides a useful technical way to maintain the stability of the food
consumption market and protect the interests and health of consumers.
A quantitative validation study of the most critical volatile components
((+)-limonene and y-terpinene) for distinguishing PCR with different
storage times will be carried out at a later stage of the program. The
relevant odor markers of PCR will be further identified with a view to
achieving rapid identification and quality control of PCR with different
storage times.
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