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Abstract: To more quickly and accurately identify the five chemical types
of Cinnamomum camphora, a desktop and portable near-infrared
spectrometer was used to collect the near-infrared spectra of the leaves of the
five chemical types of C. camphora. Combined with chemometric methods,
the near-infrared spectra of different chemical types of C. camphora were
discriminated and analyzed. Using a desktop near-infrared spectrometer in
the 1000-2000 nm wavelength range, we applied dg2 and SNV preprocessing
techniques, combined with the SIMCA algorithm, to build a model. This
model successfully identified the three chemical types- Linalool, Borneol,
and Camphor-with 100% accuracy. Only two samples of Cineol and Iso-
nerolidol were not correctly identified. In the wavelength range of 1600-2400
nm, the portable near-infrared spectrometer was pretreated with S-G
smoothing and SNV pretreatment. The optimal model was established after
spectral matching and the sample recognition rate of the model was as high
as 99.73%. A sample of Cineol and Iso-nerolidol was incorrectly identified.
In terms of the external verification test, the recognition rates of the two
models reached 99.20 and 98% respectively, showing high recognition
ability. This study provides a robust and efficient method for the rapid, field-
based identification of five different chemotypes of C. camphora, which
could significantly benefit practical applications in the field.
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Introduction

Cinnamomum camphora, as a characteristic species of
the Camphor genus and even the Camphor family, has
important cultural, ecological, and economic value.
According to the different main components of C. camphora
leaves camphor oil, it can be divided into five different
chemical types: Linalool, Borneol, Cineol, Iso-nerolidol, and
Camphor (Zhang et al., 2020). Different chemical types have
different applications. For example, the main content of the
essential oil of Linalool leaves is "linalool" and the natural
linalool is known as the "king of spices". It is the most
frequently used spice variety in the production of perfume
essence, household products, and soap essence and is widely
used in all aspects of essence and fragrance (HongFu et al.,
2019; Pereira et al., 2018; Dos Santos et al., 2018). Natural
Borneol is not only a precious traditional Chinese medicine,
but also a high-end spice (Li and He, 2017). It has protective
effects on organs and tissues such as the heart and brain,
antibacterial, anti-inflammatory (Badillo et al., 2010),
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analgesic, and absorption-promoting  effects. The
differentiation of chemical types is mainly based on the
differences in chemical components of the same plant
species, which is a manifestation of intra-species biodiversity
of plants and the manifestation of morphological differences
is not significant (Tian et al., 2021). Therefore, it is difficult
to accurately distinguish different chemical types of C.
camphora only by observing their external morphology.
Other auxiliary means are needed for accurate identification.
The common methods for distinguishing different chemical
types of C. camphora include: Aroma analysis, essential oil
analysis, and molecular biology. The fragrance method
mainly relies on the subjective judgment of the discriminator
and requires experienced professionals. It is greatly
influenced by human factors and has certain limitations. The
essential oil analysis method mainly extracts essential oils
through traditional methods and then combines GC-MS and
other instruments to analyze the chemical composition of
essential oils, thereby achieving the study of the chemical
type of camphor trees. There are three main drawbacks:
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All samples need to be preprocessed and the
procedure is cumbersome

Instrument testing is expensive, time-consuming,
and labor-intensive

A large amount of samples is required and the plants
are severely damaged. Molecular biology methods
are used to study the differences in different
chemical types of camphor trees at the gene and
protein level, requiring complex experimental
procedures and high professional requirements. It is
difficult to quickly identify their differences and can
usually only be carried out in the laboratory, which
cannot be widely promoted in production. The
above three methods all have certain limitations.
This study proposes a new method for identifying
different chemical types of camphor trees - near-
infrared spectroscopy.

NIR analysis technology, as a new type of optical
detection technology, has the advantages of no damage to
the sample, non-destructive testing, preserving the
original characteristics of the sample, being pollution-
free, and consumable-free for testing, harmless to the
environment and human health and reducing long-term
testing costs (Qiu et al., 2023; 2021; Forte et al., 2022). In
recent years, NIR analysis has been widely used in the
identification of plant species (Jue et al., 2023; Chen et al.,
2021; Wu et al., 2020). Wang et al. (2014) used a
portable spectrometer combined with partial least
squares discriminant analysis (PLS-DA) to establish
discriminant models for the field-measured spectra of
four bamboo species: Phyllostachys aurea, Bashania
fargesii, Pseudosasa japonica, and Phyllostachys glauca.
These established models were used to identify the leaves
of the validation set of bamboo species, with a recognition
rate of 100%. Wang et al. (2019) combined PLS-DA
with a multi-column recognition variable matrix to
establish 9 leaf discrimination models, with a
recognition accuracy of 99.58%.

In the early stage, our team studied the ability of
desktop near-infrared spectrometers to identify four
species of camphor plants: Cinnamomum bodinieri, C.
parthenoxylon,  C.  longepaniculatum  and  C.
septentrionale. The results showed that the constructed
model can effectively identify these four species of
camphor plants (Tu et al., 2022). At the same time, the
ability of a portable near-infrared spectrometer to identify
10 different species of Lauraceae plants was also explored
and good experimental results were obtained. The
constructed model was able to successfully identify
different species of Lauraceae plants. It has been
confirmed that NIR technology can be applied to species
identification of Camphora and Lauraceae plants and the
recognition effect is significant. In the selection of
modeling instruments, both desktop and portable near-
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infrared spectrometers can effectively identify different
species of Lauraceae. However, there is no report on
whether near-infrared spectroscopy can be used to detect
the chemical composition of C. camphora leaves camphor
oil and whether it can distinguish different chemical types
of the same species. This study used the Fourier desktop
near-infrared spectrometer from Buchi, Switzerland and
the handheld near-infrared spectrometer from Thermo
Fisher Scientific, USA (microPHAZIRTM Rx) to collect
near-infrared spectral information of five different
chemical types of C. camphora leaf samples. Combined
with classification algorithms, a recognition model for
different chemical types of C. camphora was established
to explore the feasibility of applying NIR analysis
technology to the identification of C. camphora chemical
types, thereby solving the problem of rapid identification
of the main chemical types of C. camphora.

Materials and Methods

Test Instruments and Materials

In August 2021, five different chemical types of
leaves were collected from the Lauraceae Plant
Resources Conservation Base of Jiangxi Academy of
Forestry (28°44'41"N, 115°48'46"E): Linalool, Cineol,
Iso-nerolidol, Borneol, and Camphor. Five 3-year-old
individual plants were randomly selected for each
chemical type to collect samples. The mature functional
leaves of the year with intact appearance, healthy growth,
without wormholes and yellowing were selected from
four directions: East, South, West, and North at the time
of collection. The collected samples were brought back
to the laboratory for near-infrared spectroscopy
collection in time. Benchtop NIR spectroscopy and
portable NIR spectroscopy were used to collect leaf
spectral information and the sample information is
shown in Table (1).

The desktop near-infrared spectrometer is the Fourier
transform near-infrared spectrometer NIRFlex N-500,
equipped with a solid measurement cell (BUCHI,
Switzerland), with a spectral range of 1000-2500 nm and
a resolution of 13.38 nm. The main analysis software
includes Operator spectral acquisition software, NIRCal
spectral analysis software, and MATLAB R2018b data
processing software.

The portable near-infrared spectrometer is the American
Thermo Fisher handheld near-infrared spectrometer (micro
PHAZIRTM Rx), which operates on the principle of non-
destructive chemical analysis in near-infrared spectroscopy.
The sampling mode is diffuse reflection and the light source
is a halogen tungsten lamp, which is harmless to the sample
and human body. The collection spectrum range is 1600-
2400 nm and the measurement time is generally only 3
seconds or even shorter. It can work in ambient
temperatures of 5-40°C.
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Table 1: Sample Collection Information

Sampling Desktop Portable

Samples number of | Total number | Modeling set | Validation set | Total number | Modeling set | Validation set
samples/plant of leaves sample sample of leaves sample sample

Linalool 5 200 134 66 210 200 10

Cineol 5 200 134 66 200 190 10

fso- 5 200 134 66 201 191 10

nerolidol

Borneol 5 198 132 66 206 195 10

Camphor | 5 200 134 66 155 145 10

Near Infrared Spectroscopy Collection

The collected fresh leaf samples are directly used for
near-infrared spectroscopy collection. Research has
shown that dust on the surface of leaves can have a certain
impact on the reflectance of spectral collection (Zhang et al.,
2023; Jung et al., 2022). Therefore, before spectral
collection, it is necessary to wipe off the dust on the
surface of leaves to avoid its impact on the model
performance. The sample collection method of the desktop
near-infrared spectrometer is to collect the front spectrum
of the leaf and each leaf is collected to obtain 3 spectra.
The average spectrum of these 3 spectra is taken as the
characteristic spectrum of the leaf. The portable is to take
the aluminum foil as the background, lay the blades flat on
the aluminum foil, and align the instrument light source
with the collection site for spectral collection. The front
spectrum of the leaf is collected and the midpoint of the
main vein of the leaf vein is taken as the dividing line and
the spectra of the upper, middle (midpoint and lower part
of the main vein of the leaf vein) are collected. 3 spectra
are collected from each leaf and the average spectrum is
taken as the characterization spectrum of the leaf sample,
so as to ensure that the part of the collection spectrum of
each leaf is consistent.

Spectral Preprocessing

Savitzky Golay (S-G) smooth differentiation, which
includes differentiation and smoothing, is the most
commonly used method for signal denoising in NIR
analysis (Ngeljaratan et al., 2021; Yin et al., 2023). It can
reduce the impact of instrument noise on spectra and
improve signal-to-noise ratio (Melese et al., 2023).
Normalization processing eliminates the adverse effects of
spectra with significant differences during analysis by
performing dimensionless processing on the spectra,
thereby improving the robustness and accuracy of the
analysis model (Folli et al., 2022). The standard normal
transformation of SNV eliminates scattering effects by
normalizing the spectral matrix into rows (Németh and
Rékosa, 2023). Normalize Range is normalized by finding
the maximum and minimum values of each spectrum and
then dividing each point in the spectrum by that value
(maximum-minimum) and finally the total range covered
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by each spectrum is exactly 1. A combination of S-G
smoothing, SNV, or normalized range was selected to
pretreat the sample spectra. The three parameters of S-G
smoothing: Derivative, smooth pts, and degree were
adjusted. Taking the total mismatch of the model as the
evaluation index, the preprocessing effect under different
parameter settings was compared to select the best
preprocessing method and establish the optimal model.

Discriminant Model Establishment
Desktop

The family-independent soft pattern method SIMCA
(Soft Independent Modeling of Class Analogy) is selected
for modeling and the class distance between samples in
principal component space and samples of different
categories is used to distinguish the attributes of samples
(Khanban et al., 2022). It is realized through two steps:
First, a modeling set with known attributes is selected for
Principal Component Analysis (PCA) on the spectral
matrix of the modeling set samples, establishing a SIMCA
principal component analysis model for known categories;
second, the constructed model is used to calculate the
spectral residuals of the SIMCA principal component
analysis model for each category of unknown samples. The
category with the smallest spectral residuals is the category
of unknown samples (Li et al., 2022; Foschi et al., 2022;
Yan et al., 2023).

The calculation steps are as follows:

All samples in a dataset are separated and numbered
according to different categories. PCA calculates each
type of data separately. Taking one type of spectral data
X as an example, a PCA model is established as follows:

X=X+TP (1)

X: Sample means; T: Score matrix; P: Load matrix.
Cross-validation determines the main component score 4:

X=X+T,P,+E 2)

E: Model residuals.
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The sum of residuals for all samples with principal
component A is calculated as follows:

_ i, E?
So= (n—A-1)x(M-4) )

M: The dimensions of the P matrix.

The residual of unknown samples in this situation is
calculated as follows:

S (Xi—X-TyPy)*
= =
M-A

“4)

F the residual of unknown samples in this situation

is calculated as follows:
Si

F==
So

(5)

The calculated value and critical values of F
(degrees of freedom are (M —A)and((n—A —1) X
(M — A)), respectively) are compared. If the calculated
value is less than the critical value, the unknown sample
belongs to that category; if it is greater than the critical
value, it does not belong to that category.

Portable

The instrument-supporting analysis software Method
Generator and MATLAB R2018b software are used to
complete average spectrum, spectral preprocessing, model
establishment, and validation. Spectral Matching is used
for the calculation of the model. Spectral matching is used
for material identification or verification, which refers to
comparing the shape of each spectrum in the dataset, using
the spectrum with the highest matching value with an
unknown sample to identify that sample. The effectiveness
of the model is evaluated based on the value of Total
Mismatches. When it is 0, it indicates that all samples can
be completely distinguished from each other, otherwise, it
is not. Qualitative models can be divided into two modes:
Identification (ID) and Verification (Verification). The
former is used for identification, which can identify a
certain sample as a certain substance in the model; The
latter is used for verification, verifying whether a certain
sample is the required sample. According to the
experimental design, this experiment establishes an ID
identification model. A threshold is set for the constructed
model, which means that when the spectrum of the
scanned sample matches the spectrum in the model, it is
judged as the corresponding sample. The threshold in this
study is consistently set to 0.99. The model with external
validation set samples is validated to test its recognition
ability for unknown samples.
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Results and Analysis

Desktop Near-infrared Spectroscopy Discrimination
Model

Near Infrared Spectroscopy Analysis

The original spectra of five different chemical types of
C. camphora leaf samples are shown in Fig. (1). From
Fig. (1), it can be seen that the changes in the near-infrared
spectra of the five chemical types of C. camphora leaf
samples are basically consistent. However, different
samples have certain differences in reflectivity at the
same wavelength and are not completely identical. This
may be due to the unique chemical composition and
structure of the substances inside the leaves, indicating
that there are certain differences in the internal
composition of the leaves.

Linalool

Reflenctance

Borneol

Reflenctance

1600 1500 2000 200 2400
Wavelength / nm

Camphor

Reflenctance
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Reflenctance
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Fig. 1: Original near infrared spectrogram of sample

Principal Component Analysis

The PCA method is one of the classic feature extraction
and dimensionality reduction techniques, which can
classify unknown samples without any relevant knowledge
background (Németh and Rakosa, 2023; Yuan et al., 2023;
Francisco and Martin, 2022). Figure (2) shows the sample
distribution map of the original spectral data after principal
component decomposition, retaining the first three
principal components. As shown in Fig. (2), the
cumulative contribution rate of the first three principal
components can reach 98.80%. Camphor tree samples
with similar chemical compositions are closer in
multidimensional space and have a certain clustering
trend. This lays the foundation for the establishment of
different chemical types of camphor tree recognition
models in the future. On this basis, some spectral data

preprocessing methods can be used to improve the
resolution of the model. Based on this, some spectral data
preprocessing methods can be used to improve the
resolution ability of the model.

Spectral Preprocessing and Modeling Band Selection

Table (2) shows relevant parameters of NIR
discrimination models for different chemical types of C.
camphora established under different conditions.
According to Table (2), the classification model
established using the original and preprocessed spectra has
a recognition rate of 100% for the modeling set samples,
while the recognition rate for the validation set samples
varies. It can be clearly seen from Table (2) that the sample
recognition rates of the model validation set established
without preprocessing are all low, while those
preprocessed with dg2+ SNV show a significant
improvement. The identification rates for the samples of
Linalool, Borneol, and Camphor are 100% and those of
Cineol and Iso-nerolidol are 96.97 and 95.45%,
respectively. Only 2 spectra of Cineol and 3 spectra of Iso-
nerolidol are not correctly identified.

This may be due to some differences in sample
processing and preservation in the early stage, which
led to its incorrect identification. It needs to be
optimized and improved in subsequent research.

"7 @ Iso-nerolidol
| ® Cineol

| * Camphor

| @ Linalool

| Bomeol

(¥ €04

Fig. 2: 3D score for principal component analysis

Table 2: Calibration results of the SIMCA model after spectral preprocessing

C. camphora Spectral ~ preprocessing | Modeling Principal Recognition rate/ %

chemical type methods band/nm components calibration set Validation set
Linalool dg2+ SNV 1000-2000 6 100 100

Cineol dg2+ SNV 1000-2000 5 100 96.97
Iso-nerolidol dg2+ SNV 1000-2000 6 100 95.45
Borneol dg2+ SNV 1000-2000 6 100 100
Camphor dg2+ SNV 1000-2000 6 100 100

Linalool - 1000-2500 15 100 46.97

Cineol - 1000-2500 15 100 43.08
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Iso-nerolidol - 1000-2500 15 100 24.24
Borneol - 1000-2500 15 100 12.90
Camphor - 1000-2500 15 100 4091

Note: dg2: 2st Savitzky-Golay 9 Points; SNV: Standrad Normal Variate

Establishment and Validation of Models

SIMCA method is selected as the modeling algorithm,
with 1000-2000 nm as the modeling wavelength, to establish
identification models for different chemical types of C.
camphora after dg2+SNV preprocessing. Further validation
of the established model is carried out by substituting 250
spectra of 5 chemical-type samples that were not involved in
the model establishment into the SMICA model to calculate
the recognition rate. The results show that only two samples,
Cineol and Iso-nerolidol, are not correctly recognized, with a
correct recognition rate of 99.20%.

Portable Near-Infrared Spectral Discrimination Model
Original Spectrum of the Sample

The near-infrared spectra of five different chemical types
of C. camphora leaf samples are shown in Fig. (3). From
Fig. (3), it can be seen that the overall trend of near-infrared
spectra of different chemical types of C. camphora leaf
samples is basically consistent, with high reflectivity in the
range of 1600-1850 nm. In this band, the highest reflectivity
is observed in the leaves of different C. camphora, followed
by Cineol, Camphor, and Borneol, with Linalool having the
lowest reflectivity. Overall, it can be seen that the spectral
absorbance of the camphor leaf sample is slightly lower than
the other four chemical types in the range of 1600-2400 nm.

Linalool

Reflenctance

\\\\\

%00 2000
Wavelength / nm

Borneol

Reflenctance

Wavelength / nm
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Fig. 3: Original spectra of all samples

Spectral Preprocessing

The modeling results of spectra processed under different
preprocessing conditions are shown in Table (3). From
Table (3), it can be seen that the spectral modeling results
without preprocessing are not ideal, with a sample
recognition rate of only 67.70%. After preprocessing, the
sample recognition rate of the constructed model has been
significantly improved, especially after the first derivative
preprocessing, the sample recognition rate is above 95%. The
model constructed by combining S-G smoothing (1, 3, 2) and
SNV preprocessing shows the best performance, with only 2
samples not correctly recognized and a recognition rate of
99.73%. The preprocessing effect is shown in Fig. (4).
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Table 3: Performance of model
preprocessing methods

established by different

Preprocessing method Total Recognition
mismatches | rate %
No 248 67.70
S-G +[(1]3]2]6 99.21
Normalize 2 1312157 79.55
Range 1151227 96.48
S-G + SNV 115]121]29 96.22
1131212 99.73
2 13131157 79.55

Note: Pre-processing method, the different numbers represent the
derivative order, the number of smoothing points, and the
number of polynomials for the S-G smoothing method,
respectively

6 + T T
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&
x 2}
N
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0\-'{0 e — *
%] "
1 \/
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-3 4 L n n n Tt 1 n i
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Wavelength/nm

Fig. 4: Effect diagram of S-G smoothing + SNV

Correlation Score

300
Scan Sequence

100 200 400 500 600 700

Fig. 5: Model spectra matching diagram

Establishment and Validation of Recognition Models

After processing with the best preprocessing method, the
optimal recognition model is established, with a threshold
0f 0.99. The spectral matching effect of the model is shown
in Fig. (5). From Fig. (5), it can be seen that there is a
vertical red line in both the 3 (Linalool) and 4 (Iso-nerolidol)
regions. This red line indicates that one Linalool sample and
the Iso-nerolidol sample are incorrectly identified, while the
other samples are correctly identified, with a sample
recognition rate of 99.73%. The recognition of the model is
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tested using an external validation set of samples. The
model is able to correctly recognize samples of Linalool,
Cineol, Borneol, and Camphor. Only one sample of Iso-
nerolidol is mistakenly identified as Linalool and the
recognition rate for unknown samples reaches 98%.

Discussion

Influence of Different Times on Chemical Type
Identification Models

As discussed above, the main basis for dividing C.
camphora into different chemical types is the content of the
main components of essential oils. Essential oils are
secondary metabolites of plants and their relative content of
main components is closely related to the metabolic activities
of plants. The unique metabolic mechanism is a fundamental
characteristic of the chemical type. The metabolic mechanism
of C. camphora changes in different growth seasons or
developmental stages, leading to changes in the relative
percentage content of chemical or principal components in
leaf essential oils (Tian et al., 2021). The main principle of
NIR technology is the doubling and combining absorption of
hydrogen-containing groups X-H (X = C, N, O, etc.).
Scanning the near-infrared spectrum can obtain information
of hydrogen-containing groups in the sample and then
combining chemometrics methods, the relationship between
the near-infrared spectrum of the sample and its property data
is established, thereby establishing a NIR correction model.
In addition, qualitative identification methods using
chemometrics are used to extract the near-infrared absorption
spectrum features of samples and establish corresponding
class models. Comparing the absorption spectra of class
models with unknown samples can identify the category of
unknown samples. This study establishes NIR recognition
models for different chemical types by scanning spectral
information of C. camphora leaf samples and combining their
chemical type properties. The discrimination is based on the
unique near-infrared absorption spectral information of
different chemical types of leaves, that is the differences in
the essential oils contained (Different Content of Main
Components of Essential Oils). Even though the relative
percentage content of the main components in the leaf
essential oil of C. camphora varies at different developmental
stages and growth seasons, regardless of the changes, the
proportion of its main components is still the highest and it
still has a unique near-infrared absorption spectrum. This
indicates that the recognition model will not be limited by
different periods.

Differences in Identification Models Built by
Different Spectroscopic Instruments
This study uses a desktop near-infrared spectrometer and

a portable near-infrared spectrometer to establish
identification models for different chemical types of C.
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camphora. The two models have differences in modeling
bands, model preprocessing, and modeling algorithm
selection, but the models have achieved good results. In
terms of external validation of the models, the correct
recognition rate of the models built by the desktop near-
infrared spectrometer is slightly higher than that of the
portable spectrometer. This may be because the portable
spectrometer (Spectral Range: 1600-2400 nm) has a
narrower spectral range than the desktop spectrometer
(Spectral Range: 1000-2500 nm) and collects less
information. However, portable near-infrared spectrometers
are compact, lightweight, and easy to carry. They do not
have strict requirements for the detection environment and
can work in temperatures of 5-40°C, meeting the needs of
workers for rapid identification in the field.

The essential oil of camphor leaves has a wide range of
uses, among which the natural borneol and linalool in the
essential oil of camphor leaves are widely used in essence,
perfume, medicine, the chemical industry, and more.
Natural borneol and linalool mainly exist in Borneol trees
and Linalool trees and these chemical types are difficult to
accurately distinguish from each other in terms of
morphology. They are hybridized during the planting
process and cannot collect high content and purity natural
borneol and linalool. They need to go through a complex
distillation process to obtain the target product, which
seriously increases production costs. Research has found
(Zhang et al., 2023) that the essential oil composition of the
leaves of sexually propagated seedlings of C. camphora
varies greatly, making it difficult to maintain the
characteristics of the maternal parent. Asexual reproduction
offspring can better preserve the characteristics of the
maternal parent. Therefore, it is necessary to identify
different chemical types of C. camphora among dispersed
and mixed populations in the wild and select target chemical
types containing high content and high-purity essential oils
in a planned and targeted manner according to needs and
reproduce offspring through asexual reproduction (Liu ef al.,
2002; 2023 Chen et al., 2024). The NIR recognition model
established can help workers quickly and accurately identify
different chemical types in the field, laying a good
foundation for selecting high content and high purity
"double high" C. camphora varieties in the future.

Conclusion

A desktop near-infrared spectrometer is used to
establish identification models for different chemical
types of C. camphora. The establishment conditions for
optimal identification models are: In the modeling
wavelength range of 1000-2000 nm after dg2 and SNV
preprocessing, 6 principal components are selected and
the SIMCA algorithm is used to calculate the model. The
constructed model can 100% recognize three chemical
types of Linalool, Borneol, and Camphor, but only fails
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to correctly identify two samples of Cineol and Iso-
nerolidol, indicating that the performance of the
constructed model is optimal and can accurately identify
the measured samples. The external validation results
show that the constructed model has a correct recognition
rate of 99.20% for unknown samples, demonstrating high
recognition ability. This provides an effective method for
quickly and accurately identifying five different
chemical types of C. camphora.

A portable near-infrared spectrometer is used to
establish a discrimination model for different chemical
types of C. camphora and a wavelength range of 1600-
2400 nm is selected. After S-G smoothing SNV
preprocessing and spectral matching, the optimal model
is established. The recognition rate of the constructed
model sample is 99.73% and one sample of Cineol and
Iso-nerolidol is incorrectly identified. The model is
tested using unknown samples that are not involved in
the model and the results show that the model has high
practical application ability, with a recognition rate of 98%
for unknown samples, and can basically correctly
identify all samples. The above indicates that the
recognition model established using a portable near-
infrared spectrometer can quickly and accurately identify
different chemical types of C. camphora, providing a
new method for identifying different chemical types of C.
camphora in the field.

The successful establishment of two models strongly
proves the feasibility of using near-infrared spectroscopy
technology to identify different chemical types of camphor
trees. It provides a non-destructive, fast, and accurate
analysis method for the identification of camphor tree
chemical types, providing a scientific basis for the rational
utilization and protection of camphor tree resources. In
subsequent research, on the one hand, it is necessary to
continue to expand the sample size, increase the number
of camphor tree samples from different regions and growth
environments, and improve the universality and accuracy
of the study; On the other hand, it is also possible to deeply
explore the potential chemical and physical mechanisms
that lead to differences in near-infrared spectra, providing
theoretical support for further optimization of the model.
The established model is applied to actual production to
verify its effectiveness and optimize and adjust the model
based on feedback. At the same time, it can strengthen the
interdisciplinary integration of chemistry, physics, biology,
and other disciplines and jointly recommend the
application and  development of near-infrared
spectroscopy technology in the identification of different
chemical types of camphor trees.
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