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Optimization of the selection of suitable i

harvesting periods for medicinal plants: taking
Dendrobium officinale as an example

Peiyuan Li'?, Tao shen®, Li Li'” and Yuanzhong Wang®’

Abstract

Background Dendrobium officinale is a medicinal plant with high commercial value. The Dendrobium officinale
market in Yunnan is affected by the standardization of medicinal material quality control and the increase in market
demand, mainly due to the inappropriate harvest time, which puts it under increasing resource pressure. In this study,
considering the high polysaccharide content of Dendrobium leaves and its contribution to today’s medical indus-

try, (Fourier Transform Infrared Spectrometer) FTIR combined with chemometrics was used to combine the yields

of both stem and leaf parts of Dendrobium officinale to identify the different harvesting periods and to predict the dry
matter content for the selection of the optimal harvesting period.

Results The Three-dimensional correlation spectroscopy (3DCOS) images of Dendrobium stems to build a (Split-
Attention Networks) ResNet model can identify different harvesting periods 100%, which is 90% faster than (Sup-
port Vector Machine) SVM, and provides a scientific basis for modeling a large number of samples. The (Partial Least
Squares Regression) PLSR model based on MSC preprocessing can predict the dry matter content of Dendrobium
stems with Factor=7, RMSE=0.47, R?=0.99, RPD =8.79; the PLSR model based on SG preprocessing can predict
the dry matter content of Dendrobium leaves with Factor=9, RMSE=0.2, R?=0.99, RPD=9.55.

Conclusions These results show that the ResNet model possesses a fast and accurate recognition ability, and at the
same time can provide a scientific basis for the processing of a large number of sample data; the PLSR model

with MSC and SG preprocessing can predict the dry matter content of Dendrobium stems and leaves, respectively; The
suitable harvesting period for D. officinale is from November to April of the following year, with the best harvesting
period being December. During this period, it is necessary to ensure sufficient water supply between 7:00 and 10:00
every day and to provide a certain degree of light blocking between 14:00 and 17:00.
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Background

There are about 750-900 genera of orchids (Orchidaceae),
and their origin can be traced back to about 120 million
years ago [1]. Dendrobium is one of the largest genera
in the Orchidaceae family, and most of its species have
important medicinal, economic, and ecological values,
playing an important role in the health and wellness of
people around the world [2]. Dendrobium officinale is
the most researched and popular medicinal plant in the
genus Dendrobium, with high commercial value and rich
in chemical components and pharmacological activities,
and is regarded as “the first of the nine immortal herbs”
[3]. Among them, polysaccharide compounds are impor-
tant active ingredients affecting the quality of D. officinale,
accounting for 20—40% of the total compounds, with good
antioxidant and anti-inflammatory effects [4]. Modern
pharmacological studies have shown that D. officinale
contains pectin with distinctive structural features, which
is an important compound for protecting the human liver
and a key factor in determining the chewing texture of D.
officinale [5]. Notably, related studies have shown that D.
officinale leaves have higher polysaccharide content than
the stems, and there are records of folk minorities using
them for prevention, treatment of diseases and body
maintenance [6]. This has caused researchers to use both
the stem and leaf parts of D. officinale as an important
basis for measuring its quality and yield.

In China, Yunnan is known as the “Kingdom of Plants”
with complex terrain and significant climate changes at
different times [7]. The suitable harvesting period for
Dendrobium is from November to April of the following
year, and the dry matter content (DMC), yield, and accu-
mulation of effective chemical components change with
different growth times. Usually, in the harvesting of Den-
drobium, the period with higher yield can only be selected
based on individual subjective factors, resulting in miss-
ing the optimal harvesting period, this damages produc-
tion and economic income [8]. Morphological data can be
used to comprehensively assess the variation of Dendro-
bium production in different months, which can solve the
problem of production assessment to a certain extent.

DNA barcoding, high-performance liquid chromatog-
raphy, and powder microscopic identification are com-
mon methods for the identification of Dendrobium herbs
and original plants [9]. The identification mainly contains
the origin, species and harvesting period of D. officinale.
The above methods rely on the experience of researchers,
and chemical analysis is reagent-consuming, expensive,
and has the potential risk of environmental pollution.
Spectroscopy has the advantages of being non-destruc-
tive, rapid and efficient, and has gradually become an
important research method for quality control and quali-
tative analysis of traditional Chinese medicine in recent
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years [10]. Fourier Transform Infrared Spectrometer
(FTIR) has been reported to be more widely used, but it
has problems with low apparent resolution and overlap-
ping of the characteristic peaks [11]. Three-dimensional
correlation spectroscopy (3DCOS) can transform com-
plex spectral data into a more intuitive image form and is
a technique to characterize spectral feature information
by improving the apparent resolution to solve the prob-
lem of overlapping spectral bands. At present, combining
ATR-FTIR with chemometrics can further accomplish
the information recognition of different chemical types,
and the common recognition models mainly include Par-
tial Least Squares Discriminant Analysis (PLS-DA) and
Support Vector Machines (SVM), among which SVM
has a simple structure and strong generalization abil-
ity, and has a unique advantage in dealing with small
amount of samples [12]. Deep learning plays an impor-
tant role in the field of image recognition and is the main
method currently used in the development of artificial
intelligence research [13]. Convolutional Neural Net-
works (CNN), which include convolutional operations
and deep structure, is a representative algorithm of deep
learning [14]. Residual Neural Network (ResNet) formed
by its improvement has unique advantages in target
recognition and image classification. Scholars at home
and abroad have achieved good experimental results
by using this algorithm combined with 3DCOS to clas-
sify and recognize samples, indicating that this method
has good potential for application in the field of classifi-
cation and identification of species, origin and harvest-
ing period. Recently, ATR-FTIR spectroscopy combined
with multivariate analysis has been used to determine
chemical content for quality control of medicinal plants,
with the PLSR model being the most common predictive
model [15]. DMC is a direct factor affecting yield and is
positively correlated with polysaccharide content [16]. In
addition, little research has been reported on the appro-
priate harvesting period for D. officinale.

To summarize, combining stems and leaves to evalu-
ate the yield and at the same time, establishing a scientific
and effective method to identify the optimal harvesting
period is of great significance for D. officinale herb pro-
duction and reducing economic losses. In this study, the
first attempt was made to identify the harvesting period
of D. officinale by ResNet modeling and combined with
morphological data to provide a fast and effective method
for yield control of D. officinale in different months. In
addition, the DMC of D. officinale in different months
was predicted by ATR-FTIR. The results of the study can
provide new methods and ideas for future research on
the optimal harvesting period of D. officinale and related
medicinal and food plants, and can also avoid economic
losses caused by improper selection of harvesting period.
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Methods

Material collection and sample processing

The samples of D. officinale were collected from the
lotus pond planting base in Beicheng Town, Hongta
District, Yuxi City, Yunnan Province, and samples were
collected at 15:30 on the 15th day of each month during
the months of 1-12, with 12 individual plants sampled
in each month and identified by Prof. Huang Hengyu
of Yunnan University of Traditional Chinese Medicine
(Fig. 1). Samples were cleaned after harvesting, divided
into stem and leaf parts, length of the stem (X1, cm);
fresh weight of stem (X2, g); fresh weight of leaf (X3,
g); stem weights (X4, g); leaf weights (X5, g); dry matter
content of stem (X6, %); dry matter content of Leaf (X7,
%); water content of stem (X8, %) and water content of
leaf (X9, %) were measured and calculated for subse-
quent analysis (Additional file 1: Table S1). Finally, the
samples were dried to constant weight at 55 °C using
an electric thermostat dryer (Shanghai Yiheng Scien-
tific Instruments Co., Ltd.). The dried samples were
ground using a portable high-speed grinder and passed
through a 100-hole sieve, and the final sample powder
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was stored in a self-sealing bag for chemical analysis
(Fig. 2).

ATR-FTIR acquisition

Laboratory temperature and relative humidity were
kept relatively constant, and sample powder spectral
data were collected using a Fourier transform mid-
infrared spectrometer with a deuterated triamcinolone
sulfate crystal (DTGS) detector equipped with a sin-
gle-reflector diamond universal ATR sampling acces-
sory (UATR). In order to exclude the interference of
H,O and CO,, spectral information of the background
was collected prior to the acquisition of the sample
spectra. The spectral range was 4000-450 cm™! with a
resolution of 4 cm™' and 64 consecutive scans. Three
replicate scans were performed for each sample, and
the final data used for analysis were the average spectra
of the three scans.

Data preprocessing
FT-MIR spectrometer introduces redundant information
and noise in addition to the feature information required
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Fig. 1 D. officinale planting base location
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Fig. 2 Sample Collection and Processing Procedures

for sample acquisition, which affects the results of sub-
sequent analysis. Therefore, it is necessary to preprocess
the raw spectral information before statistical analysis and
modeling, and First Derivative (FD) and Second Deriva-
tive (SD) can overcome the overlap of spectral informa-
tion and improve the resolution of overlapping peaks [17].
Multiple Scattering Correction (MSC) can solve the prob-
lem of absorbance shift by constructing a linear regression
model [18]. Standard Normal Variable (SNV) can miti-
gate the ability to add or multiply in spectra [19]. In this
study, the dataset was divided into training set (70%) and
test set (30%) by the Kennard-Stone (KS) algorithm, and
four methods, SD, MSC, SNV and SG, were selected for
preprocessing. In addition, the above methods were per-
formed by Matlab R2017a and SIMCA 14.1 software.

are shown in Egs. (1) to (5), where t denotes the perturba-
tion interval, m denotes the number of spectral measure-
ments, and the dynamic spectral intensity representation
of the variable v is represented by the vectors [20].

s(v, t1)
, b
sw =4 S8 )
sV, tm)

The synchronous and asynchronous 3DCOS correla-
tion strengths between v1 and v2 are denoted as ® (v,
v2) and ¥ (v1, v2) (Eq. 2 Eq. 3) [21]. Respectively the inte-
grated 3DCOS is obtained by multiplying the same syn-
chronous and asynchronous 3DCOS.

1

®(1,12) = ——N@)' -N(2) 2)

m—1

3DCOS acquisition

The theoretical foundations of the synchronous, asyn- W(v1,vp) = ;Y(vl)T MY (1) (3)

chronous, and integrated 3DCOS generation methods m-—1
- - T T (4)
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where N is defined as the Hilbert matrix Eq. (5).

Ny = (1), j=k 5
jk eyt j#k (5)

PLS-DA construction

PLS-DA is a supervised discriminative classification
model in which the spectral data is X and the vector con-
taining the category information is Y. The screening of
variables contributing to the identification is based on the
maximum covariance of X and Y. In this study, we have
used PLS-DA as a model for the classification of samples.
In this study, samples are assigned to categories (0 or 1)
based on the predicted value of the dummy Y variable,
and a Y value of 1 means that these samples belong to the
category; a Y value of 0 means that these samples do not
belong to the category [22].

Identification models for different harvesting periods
(January-December) were developed based on ATR-
FTIR spectra of both stem and leaf parts of Dendro-
bium officinale. Root mean square error (RMSEE), root
mean square error of prediction (RMSEP) and root mean
square error of cross-validation (RMSECV) were used
as the evaluation indexes of the model accuracy; the
closer the error value was to 0, the more stable the model
was; R? was used as a parameter to measure the match
between the data and the model, and the closer the value
was to 1, the more stable the model was; Q? indicated the
prediction ability of the model on new data, and in gen-
eral, the model proved to have a good prediction perfor-
mance when the value of Q*>0.5 proves that the model
has good prediction performance. In addition, SIMCA
14.1 software was used to perform 200 substitution tests
on the model to verify whether PLS-DA had overfitting
problems.

SVM model construction

SVM is a supervised classification model with good
generalization ability, and its nonlinear algorithm can
address the statistical validation deficiencies of PLS-DA
in dealing with multiple covariates and inhomogeneous
distributions, thus validating the results of PLS-DA [8].
Based on limited sample information, SVM has a unique
advantage in solving high-dimensional patterns and non-
linear identification when the sample size is small [12].
A penalty coefficient (coast, ¢) that is too large or too
small will result in poorer model generalization and risk
of fitting; accompanied by an increase in the kernel func-
tion (gamma, g) and an increase in the number of sup-
port vectors, resulting in an impact on the training and
prediction speed. The SVM model in this study was con-
structed by Matlab R2017b.

Page 5 of 16

ResNet model construction

ResNet can solve the problems of over-model weight
decay, overfitting and gradient vanishing or gradient
explosion caused by deepening of CNN layers [23].
Proposed by Microsoft Research in 2015. Compared to
ordinary machine learning algorithms, ResNet avoids
the errors of feature data extraction by artificial intel-
ligence by using machines to automatically extract fea-
tures to build models.

In this study, Conv block and Identity block were
used to construct 14-layer ResNet to distinguish Den-
drobium from different harvesting periods. Conv block
was used when the size of the output F(x) is the same
as the size of the input x and vice versa, Identity block
was used. 60% of the training set was used to build the
model and the minimum loss value was obtained by
updating the weight values in conjunction with Sto-
chastic Gradient Descent (SGD) to determine the con-
vergence of the model. The stability and accuracy of the
built model were verified using a 30% test set and finally
10% external validation set was fed to the built model to
verify the generalization ability of the model.

Statistical analysis

The coefficient of variation was calculated from the
measured trait indicators, and factor analysis and
combined factor scores were performed using online
SPSSAU data analysis software (https://spssau.com/).
Comparison of the weight share of each trait, the total
factor scores were used to determine the appropri-
ate harvesting period, and the DMC and coefficient of
variation were used to determine the optimal harvest-
ing period for yield. The coeflicient of variation (1) and
DMC (2) were calculated as follows:

x
CV=-
¥ (6)

DMC = = x 100% @)
n

In Eq. (1) CV is the coefficient of variation of each
indicator, x represents the standard deviation of the
indicator, and y represents the mean value of the indi-
cator; in Eq. (2) DMC is the dry matter content of the
samples in each month, m represents the dry weight,
and 7z represents the fresh weight.

Environment variable extraction

By importing the latitude and longitude of the sampling
points in Yuxi City, Yunnan Province, into ArcGIS 10.0
software, and utilizing the Toolbox toolkit value extrac-
tion to point function, the values of solar radiation
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(sard) and average precipitation (Pre) were extracted
and recorded from November to April of the following
year (Table 1). Correlation (Spearman) analyses were
conducted between the harvesting period of the sam-
ples (overwintering period, November—April of the fol-
lowing year) and the data (X1-X9) of different traits of
D. officinale, comparing the effects of heat factor and
moisture factor on its growth.

Construction of predictive model

Partial Least Squares Regression (PLSR) modeling can
correlate the changes in the spectral absorption intensity
of a sample with its quantitative data, which can effec-
tively quantify the quantitative data in the data, and a
linear mathematical relationship between X (spectra) and
Y (quantitative data) can be found by correlating the two
sets of observed data [24]. In this study, the model perfor-
mance of PLSR was evaluated by both linearity and accu-
racy; the calibration set samples were used to create and
evaluate the model, and the remaining samples were the
external validation set, where the model was considered
to have a high degree of linearity when R? was close to
one. In addition, the residual prediction deviation (RPD)
was used to further evaluate the model performance,
where RPD < 1.4 indicated that the subspectral data were
difficult to evaluate quantitatively, and 1.4<RPD<2.0
indicated that its spectral data could be evaluated quan-
titatively but the prediction accuracy needed to be
improved [25]. RPD >2.0 indicated that the model was
effective and had a high prediction accuracy, and could
be used for practical prediction. DMC is a direct factor
affecting the yield of D. officinale, in this study, Matlab
R2017a software was used to divide the dataset, and the
PLSR models of D. officinale stems and leaves were estab-
lished by The Unscrambler X 10.4 software, respectively,
and the optimal model was compared to select the opti-
mal model after predicting its DMC.
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Results

Information on ATR-FTIR spectra of D. officinale stems

and leaves

The ATR-FTIR spectra of 120 stem and 120 leaf samples
involved in the study were shown in Fig. 3. The spectral
intensities of November-March were generally stronger
than those of the other months, which might be caused
by the fact that they were in the harvest period and the
samples were relatively high in chemical content, with
the strongest absorbance in December. The overall vari-
ation in stem and leaf spectra was small, with differences
mainly in the range 3000-2750 cm™! and near the spec-
tral band 1595 cm ™.

Classification results of PLS-DA

In the PLS-DA model, it could be seen that not all model
results by preprocessing were improved, and all preproc-
essing methods make the model worse, except after SD,
which is better (Table 2). Among them, the leaf (SD-L)
was more accurate than the stem, with 100% and 97.22%
accuracy in the training and test sets, respectively, and
lower R? and Q2 0.7892 and 0.5611, respectively, and
the PLS-DA model of the D. officinale stem with SD pre-
processing (SD-S) was more robust compared to it, and
there was no risk of overfitting (Additional file 1: Fig.
S1). In addition, this preprocessing method was chosen
for further modeling and analysis because the training
and test sets of the PLS-DA model of SD-S were 97.62%
and 97.22%, respectively, which still had the risk of
misclassification.

Discriminant results of SVM

The results of the SVM establishment of D. officinale
stems by genetic algorithm (GA) were shown in Addi-
tional file 1: Fig. S2, based on the original data, the SVM
model was established with a ¢=98.902, g=9.5x107% a
training set accuracy of 57.14%, and a test set accuracy
of 86.11%, which took 50.85 min; after SD preprocessing,
the SVM model was established with a ¢ value of 0.846, a
g value of 10.0145, the training set accuracy was 80.95%,

Table 1 Environmental and trait data for Dendrobium during the appropriate harvesting period

Month Sard Pre X1 X2 X3 X4 X5 X6 X7 X8 X9
™ 12780 13 18.26 5.86 355 1.08 0.56 18.53 15.7 81.47 84.3
2M 15601 14 10.79 3.08 1.9 0.57 0.26 18.7 13.97 81.3 86.03
3M 17831 48 2349 411 341 0.83 0.46 20.53 14.04 7947 85.96
4 M 19063 448 21.82 293 266 0.64 0.39 2237 14.93 77.63 85.07
™ 12533 1 32.69 6.98 6.16 0.99 0.76 14.27 12.5 85.73 87.5
12M 11527 887 31.95 6.77 4.17 1.35 0.73 19.67 17.33 80.33 82.67

X1: Length of the stem (cm); X2: Fresh weight of stem (g); X3: Fresh weight of leaf (g); X4: Stem weights (g); X5: Leaf weights (g); X6: Dry matter content of stem (%);X7:
Dry matter content of Leaf (%); X8: Water content of stem (%); X9: Water content of leaf (%); Sard: Solar radiation (KJ m~2 day™"); Pre: Precipitation (mm)
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Fig. 3 ATR-FTIR spectroscopy of D. officinale A and B Raw spectrum; C and D Average spectrum

Table 2 Parameters of the PLS-DA model

2000

Wavenumber (cm™)

(D)

500

Style LVs R? Q? RMSEE RMSECV RMSEP Accuracy of training  Accuracy of

test (%) testing test
(%)

Raw-S 10 0.511 0313 0.203 0.229 0.198 86.9 77.78

SD-S 15 0.875 0.616 0.104 0.190 0.133 97.62 97.22

MSC-S 15 0.211 0.120 0.254 0.258 0.239 54.76 44.44

SNV-S 15 0.212 0.119 0.254 0.259 0.254 54.76 4167

SG-S 9 0415 0.236 0.243 0.241 0.231 7857 61.11

Raw-L 11 0536 0.307 0.121 0.213 0.178 86.9 77.78

SD-L 12 0.789 0.561 0.109 0.189 0.150 100 97.22

MSC-L 14 0.188 0.120 0.252 0.255 0.257 4167 50

SNV-L 14 0.188 0.120 0.252 0.225 0.257 4048 5278

SG-L 10 0449 0.228 0.186 0.226 0.211 84.52 72.22

Bolded values represent the models with the best results
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the test set accuracy was 88.89% took 117.26 min; due to
the low accuracy, ResNet model is further selected for
further analysis.

The 3DCOS Information of D. officinale

The 3DCOS plot has differences more obvious and
clearer peak characteristics, mainly including position
and intensity, while resolving spectral overlap and less
obvious peak differences. In the synchronous 3DCOS
of D. officinale, the absorbance of month 12 was signifi-
cantly stronger than the other months; the asynchronous
3DCOS featured more peak information; and the inte-
grated 3DCOS had the least spectral information (Fig. 4).

Deep learning model results (ResNet)

Based on the results of the above analysis, the ResNet
model was further built with the weight decay coefficient
y were 0.0001 and the learning rate was 0.01. The model
was constructed from synchronous, asynchronous and
integrated 3DCOS image datasets of stems to identify
D. officinale samples from different harvesting periods.
The best synchronous 3DCOS results could be seen in
Fig. 5A, with 100% accuracy in both training and test sets
when the number of iterations was 58, with a loss value
of 0.139, and 100% accuracy in external validation, with a
total time of 9.8 min.

Phenotypic data analysis

From the matrix of correlation coefficients and vari-
ance contribution of phenotypic traits, it could be seen
that the three principal factors contributed the most to
the explanatory variables with a cumulative contribu-
tion of 91.576%, which represented the information of
D. officinale traits X1-X9 in the 12 months (Additional
file 1: Table S2). In the rotated factor loading matrix, the
1st principal factor mainly contained the phenotypic trait
information of X1, X2, X3, X4 and X5; the 2nd principal
factor mainly contained the phenotypic trait information
of X6 and X8; and the 3rd principal factor mainly con-
tained the phenotypic trait information of X7 and X9
(Additional file 1: Table S3).The rankings of the compos-
ite factor scores in the 12 months of D. officinale were,
in descending order: 11>3>12>1>4>5>9>6>2>8>10
>7 (Table 3). It is worth noting that its harvesting period
was from November to April of the following year, and all
other months ranked within the top 5 except for the 9th
ranked in the 2nd month, indicating that the factor analy-
sis can be utilized to initially identify the suitable harvest-
ing period of D. officinale.
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Analysis of the coefficient of variation

Most of the CV of different months of D. officinale in
traits X1-X5 were greater than 20%, implying that the
data were unstable and varied greatly; in X6, the CV of
March, July, August October and November were greater
than 20%, indicating that the data of the samples in these
months were unstable and varied greatly, with the great-
est variability in July, with a CV value of 33%; in X7, only
the data of March were unstable, with a CV value of 22%;
and the information of X8 and X9 was the most stable,
with the CV of less than 20% (Additional file 1: Table S4).

Comparison of production in different months

Through the dry matter content can be used as an impor-
tant indicator to judge the level of yield of D. officinale
in different months, in general, its dry matter content
was higher in November—April than other periods, with
stems having the highest DMC in April and leaves having
the highest in December, indicating that D. officinale had
a higher yield in April and December (Fig. 6).

Model parameters for PLSR

Predictive analysis of the dry matter content in different
months of D. officinale can be used as a reliable method
for evaluating its suitable harvesting period. Figure 7A
represents the PLSR predictive model of dry matter con-
tent using raw data, with poor prediction of D. officinale
stems and better fitting of the PLSR model for leaves.
Considering the effects caused by different preprocessing
on the model, the spectral data of D. officinale stem and
leaf were further modeled after preprocessing (Fig. 7B,
C). The parameters after modeling were shown in Table 4,
the PLSR model built after preprocessing by MSC pre-
dicted the best dry matter content of Dendrobium stems
with Factor=7, Slope=0.95, RMSE =0.47, R*=0.99, and
RPD=8.79; and the PLSR model built after preprocess-
ing by SG predicted the best dry matter content of Den-
drobium leaves with Factor=9, Slope=0.94, RMSE=0.2,
R?>=0.99, RPD =9.55; it proves that the model established
by this method has a stable effect, high precision, small
error, and can predict the dry matter content of D. offici-
nale stem and leaf at the same time.

Effect of solar radiation (Sard) and precipitation (Pre)

on the traits of D. officinale during november-april
following year

Using Spearman’s correlation analysis to correlate the D.
officinale trait data from November to April with the cor-
responding solar radiation and precipitation, it was found
that X2 was significantly negatively correlated with Sard,
X6 was significantly positively correlated with Pre, and
X8 was significantly negatively correlated with Pre within
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the appropriate harvesting period (Additional file 1: Fig.
S3).

Discussion

Analysis of ATR-FTIR spectra of D. officinale

Dendrobium leaves were overall stronger than stems in
terms of absorbance intensity in the characteristic peak
1750-1500 cm™' range, which may be caused by the
higher polysaccharide content of leaves than stems. The
characteristic peak at 3417 cm™! was the O—H telescopic
vibrational absorption of polysaccharides; and the char-
acteristic peaks in the range of 3000-2750 cm™! were the
methyl C—-H anti-symmetric and symmetric telescopic
vibrational absorption and the methylene-cyclohexane
antisymmetric telescopic vibrational absorption. The
characteristic peaks in the range 30002750 cm™! are
methyl C—-H anti-symmetric and symmetric telescopic
vibrational absorption and methylene C-H anti-symmet-
ric telescopic vibrational absorptimethylene-cyclohex-
aneon [8]. 1702 cm™! is the carbonyl C=0 telescopic
vibrational absorption of saccharides [5]. 1595 cm™! is
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mainly due to the telescopic vibration of the carboxy-
late ions [26]. The 2 characteristic peaks with moderate
absorption intensities near 1440 and 1380 cm™ belong
to the C—H stretching vibration, in-plane bending vibra-
tion, and —CHj scissor bending vibration, respectively;
1322 cm™! The characteristic peaks near the vicinity
characterize the hydroxyl O—H bending vibration with
the amide III band absorption; 1270-1245 cm™! char-
acterize the amide III band characteristic absorption of
saccharides with the C—O-C stretching vibration [27].
1027 cm™! near the vicinity represents the characteris-
tic absorption peaks of the pyran ring, which come from
the asymmetric vibrational absorption of the C-O-C
glycosidic bond of the pyran ring and C—O—-H stretching
vibration, respectively. It is noteworthy that the absorb-
ance intensity of the characteristic peaks at 1702 cm™
and 1595 cm™! may be related to galacturonic acid [28].
The absorbance intensity of the characteristic peak at
1027 cm™! may be related to the high or low content of
galactomannan [29].
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Fig. 5 ResNet model based on 3DCOS. A synchronization; B synchronous; C synthesize
Table 3 Composite factor score
Month First principal factor Second principal Third principal factor Aggregate score NO
factor
1 0.372897 0241814 — 043721 0.134544 4
2 -0.91393 0418097 0.513253 —0.2099 9
3 0.01221 0.768536 0.610066 0.358308 2
4 — 043336 1.01551 0251237 0.113335 5
5 —0.1055 —0.30795 0.220011 —0.07556 6
6 —0.23098 - 035753 —0.00096 —0.20556 8
7 —0.88661 —0.05651 - 02763 —0.51833 12
8 0.038571 -0.76199 —0.33093 —0.26129 10
9 -0.01105 —0.35787 —-0.01912 —0.10258 7
10 -035179 — 040248 —0.23974 —0.33658 Il
1 1335152 — 046284 1.012049 0.789642 1
12 1.174386 0.263207 —1.30236 0.313964 3

Identification of different harvesting periods of D. officinale  results proved that the accuracy of the SVM model was
PLS-DA has certain statistical validation defects when low, and the SVM model based on the GA algorithm
dealing with multiple covariance and inhomogeneous took 50.85 min to model using the original data, and
distribution, this shortcoming can be compensated by 117.26 min after preprocessing, and the more samples,
utilizing SVM which has a unique advantage in solv-  the longer the time consumed. The ResNet model based
ing problems such as nonlinear and high-latitude data, on synchronous 3DCOS did not need to be preprocessed,
and the results of PLS-DA can be validated [30]. The and it took 9.8 min to build the model using the original
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data with 100% accuracy in both the training and test
sets, and 100% accuracy in external validation. ResNet
took less than 10% of the time of the SVM model, and
achieveds a good classification effect regardless of the
size of the samples and the number of categories [31].
ATR -FTIR combined with chemometrics for qualitative
analysis, because it is not possible to assess the quality
and yield of the high and low, when dealing with sam-
ples can be measured in its morphological characteristics
data, using factor analysis in statistics can be used to pro-
vide a comprehensive assessment of the different months
of harvesting D. officinale, to provide a reasonable time
of harvesting. In this study, 3DCOS images of Dendro-
bium stems were successfully used to construct a ResNet
model to recognize Dendrobiums with different harvest-
ing periods, which largely saves time and cost compared
to SVM models. Unfortunately, the number of external
validation samples used in this study to verify the stability
and generalization ability of the ResNet model is small,
and there is some chance in the recognition results, and
the model will be further validated by increasing the sam-
ple size in the future. However, the results of this study
can still provide a reference for the identification of Den-
drobium harvesting period, and also provide a theoretical
basis for the quality evaluation of medicinal plants.

Analysis of the best harvesting period of D. officinale

The results of the rotated factor loading matrix showed
that the first principal factor was mainly determined
by traits X1-X5, with an explanation rate of 44.83%,
which could explain half of the information of the sam-
ples; the second principal factor and the third principal
factor were determined by X6 and X8, and X7 and X9,

respectively, which could explain 23.63% and 23.12%
of the information of the samples, respectively. Most
of the coefficients of variation of the first principal fac-
tor traits X1-X5 were within 20-50%, which might be
caused by the small sample size and different selection
criteria when collecting D. officinale individuals. Differ-
ent people collect Dendrobium with different judgment
criteria, part of some people choose stem length or stem
thickness as a subjective factor, which can not represent
the content of its effective chemical composition and
dry matter, so it can not be used to evaluate the yield of
medicinal plants by sex trans X1-X5. DMC is a direct fac-
tor affecting the high or low yield, and the coefficients
of variation of X6 and X7 are relatively stable [16]. The
content of polysaccharides in D. officinale leaves is higher
than that of stems, and it has anti-tumor and antihyper-
tensive effects on the human body [32]. Therefore, it is
necessary to combine both stem and leaf components to
assess the yield. In Fig. 6, the DMC of D. officinale stems
and leaves was higher in November—April compared to
other months, and such a result is consistent with the
factor composite scores. The DMC of the stem reaches its
highest level in April and December, and the DMC of the
leaves in December is much higher than in other months,
indicating that November to April of the following year is
the suitable harvest period for D. officinale, and Decem-
ber is the optimal harvest period. Spearman’s correla-
tion analysis showed that during the suitable harvesting
period (November—April of the following year) of D.
officinale, an increase in Sard would lead to a decrease in
trait X2, and an increase in Pre would lead to an increase
in trait X6, i.e., the loss of stem water content, which
affects photosynthesis and the accumulation of DMC by
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Fig. 7 PLSR modeling of Dendrobium officinale after different pre-treatments. A Modeling with RAW; B PLSR modeling of Dendrobium officinale
stems; C PLSR modeling of Dendrobium officinale Leaf
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Table 4 PLSR model parameters

Parts Pretreatment methods Factors Slope RMSE R? RPD

Stem RAW 2 0.14 397 0.09 1.04
SD 9 0.79 1.19 092 347
MSC 7 0.95 0.47 0.99 8.79
SNV 7 0.94 0.52 0.98 7.94
SG 5 0.96 048 0.99 8.6

Leaf RAW 6 0.85 094 049 203
SD 9 047 142 047 1.35
MSC 14 0.85 046 0.94 415
SNV 14 0.85 049 0.94 39
SG 9 0.94 0.2 0.99 9.55

Bolded values represent the models with the best result

the plant through water supply, and the magnitude of its
accumulation can be directly reflected in trait X1 [33].
Therefore, the suitable harvesting period of D. officinale
needs a certain degree of light shading during the period
of high solar radiation (14:00-17:00), and at the same
time ensure sufficient water in the morning (7:00-10:00)
to ensure the normal photosynthesis and DMC accumu-
lation. In addition, different planting environments may
lead to different optimal harvesting periods of D. offici-
nale. Based on the importance of DMC on the appropri-
ate harvesting period of D. officinale, ATR-FTIR-based
DMC prediction analysis can reduce the time for sample
processing and its phenotypic data analysis, and the opti-
mal harvesting period of D. officinale can be evaluated
quickly and efficiently.

Conclusion

In this study, the 3DCOS combined with the ResNet
model was used for the first time to determine the har-
vest period of D. officinale. Morphological and environ-
mental factors were combined to evaluate the optimal
harvest period of D. officinale, and PLSR prediction was
used to analyze dry matter content. The results showed
that the ResNet model was effective, with 100% accuracy
in training, testing, and external validation. In addition,
the model construction time was 90% faster than tradi-
tional models, greatly saving time and cost. The suitable
harvesting period for D. officinale is from November
to April of the following year, with the best harvest-
ing period being the 12th month. During the harvesting
period, plants need to be covered with a certain degree
of light every day and maintained in sufficient water to
ensure their photosynthesis and dry matter content.
PLSR modeling of D. officinale stems and leaves based
on MSC and SG preprocessing, respectively, was the best
and can be used as an effective means to predict their dry
matter content. In this study, ATR-FTIR spectroscopy,

3-dimensional correlation analysis, image recognition,
and chemometrics analysis were used to construct a
comprehensive analysis method for Dendrobium har-
vesting period identification and yield prediction, which
has the advantages of fast, non-destructive and green.
It provides a scientific method for the identification of
suitable harvesting period and yield prediction of Den-
drobium, which can guide local growers to choose the
suitable harvesting time and reduce the economic losses
caused by human factors. Meanwhile, the method has
strong identification and generalization ability and can be
popularized and applied to the research of identification
and yield prediction of medicinal plants’ origin, parts and
suitable harvesting period.

Abbreviations

D. officinale  Dendrobium officinale

ATR-FTIR Attenuated total reflection Fourier-transform infrared
3DCOS Three-dimensional correlation spectroscopy
ResNet Residual networks

PLS-DA Partial least squares discriminant analysis
PLSR Partial least squares regression

SVM Support vector machine

SD Second derivative

MSC Multiplicative scatter correction

SNV Standard normal variate

SG Savitzky-Golay

DMC Dry matter content

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/513007-024-01172-9.

Additional file 1: Fig. S1. 200 permutation test for PLS-DA model

with SD preprocessing. Fig. $2. SVYM modeling based on GA algorithm.
Fig. S3. Influence of environmental variables on trait characteristics of
Dendrobium officinale at the appropriate harvesting period. Table S1.
Information on the biomass of samples from actual sampling sites in Yun-
nan Province. Table S2. Eigenvalues, contribution rates and cumulative
contribution rates of the main factors by factor analysis. Table S3. Factor
loading coefficients after rotation. Table S4. Coefficient of variation of
traits in different months of D. officinale.



https://doi.org/10.1186/s13007-024-01172-9
https://doi.org/10.1186/s13007-024-01172-9

Li et al. Plant Methods (2024) 20:43

Author contributions

Peiyuan Li: Writing-original draft, Writing-review and editing, Conceptualiza-
tion, and Formal analysis; Tao Shen: Conceptualization, Writing—review and
editing; Li Li: Investigation and Resources, Visualization, and Supervision; Yuan-
zhong Wang: Investigation, Resources, Funding acquisition, and Supervision.

Funding

This work was financially supported by the Special Program for the
Major Science and Technology Projects of Yunnan Province (Grant ID:
202202AE090001).

Data availability
Data will be made available on request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests

The authors declare that they have no known competing financial interests
or personal relationships that could have influenced the work reported in the
article.

Author details

!College of Biology and Environmental Sciences of Hunan Province, Jishou
University, Jishou 416000, China. 2Medicinal Plants Research Institute, Yunnan
Academy of Agricultural Sciences, Kunming 650200, China. *College of Chemn-
istry, Biological and Environment, Yuxi Normal University, Yuxi 653100, Yunnan,
China.

Received: 21 September 2023 Accepted: 9 March 2024
Published online: 16 March 2024

References

1. Dressler RL. Phylogeny and classification of the orchid family. Cambridge:
Cambridge University Press; 1993.

2. Bulpitt CJ. The uses and misuses of orchids in medicine. Qjm-Int J Med.
2005;98(9):625-31. https://doi.org/10.1093/gjmed/hci094.

3. Yuan YD, Yu MY, Zhang B, Liu X, Zhang JC. Comparative nutritional char-
acteristics of the three major Chinese Dendrobium species with different
growth years. PLoS ONE. 2019;14(9): e222666. https://doi.org/10.1371/
journal.pone.0222666.

4. YangK, Zhan LH, LuTT, Zhou C, Chen X, Dong YJ, Lv GY, Chen SH. Dendro-
bium officinale polysaccharides protected against ethanol-induced acute
liver injury in vivo and in vitro via the TLR4/NF-kB signaling pathway.
Cytokine. 2020;130: 155058. https://doi.org/10.1016/j.cyt0.2020.155058.

5. LiJW, LiuY, Zhang DQ, Yang YA, Zhang CY, Li L, Si MZ. Comparison and
analysis of IR spectra of four Dendrobium species. Spectrosc Spect Anal.
2022;42(10):2989-94. https://doi.org/10.3964/].issn.1000-0593(2022)
10-2989-06.

6. Wang YH. Traditional uses and pharmacologically active constitu-
ents of Dendrobium plants for dermatological disorders: a review.

Nat Prod Bioprospect. 2021;11(5):465-87. https://doi.org/10.1007/
513659-021-00305-0.

7. LiCY, Zhang GY,Hammer K, Yang CY, Long CL. A checklist of the culti-
vated plants of Yunnan (PR China). Genet Res Crop Evolut. 2011;58:153—
64. https://doi.org/10.1007/510722-010-9638-5.

8. Lil, ZhaoYL, Li ZM, Wang YZ. Multi-information based on ATR-FTIR and
FT-NIR for identification and evaluation for different parts and harvest
time of Dendrobium officinale with chemometrics. Microchem J. 2022;178:
107430. https://doi.org/10.1016/j.microc.2022.107430.

9. LuoCP HeT, Chun Z. Discrimination and chemical phylogenetic study of
seven species of Dendrobium using infrared spectroscopy combined with

20.

21.

22.

23.

24.

25.

26.

27.

Page 150f 16

cluster analysis. J Mol Struct. 2013;1037:40-8. https://doi.org/10.1016/].
molstruc.2012.10.048.

Cheng CU, Liu J, Wang H, Xiong W. Infrared spectroscopic studies of
Chinese medicines. Appl Spectrosc Rev. 2010;45(3):165-78. https://doi.
0rg/10.1080/05704920903574256.

. ZhuY, Xu CH, Huang J, Li GY, Liu XH, Sun SQ, Wang JH. Rapid discrimina-

tion of cultivated Codonopsis lanceolata in different ages by FT-IR and
2DCOS-IR. J Mol Struct. 2014;1069:272-9. https://doi.org/10.1016/j.molst
ruc.2014.01.069.

LiYP, Li FC, Yang XH, Guo L, Huang FR, Chen ZQ, Chen XD, Zheng SF.
Quantitative analysis of glycated albumin in serum based on ATR-

FTIR spectrum combined with SiPLS and SVM. Spectrochim Acta A.
2018;201:249-57. https://doi.org/10.1016/j.5aa.2018.05.022.

Yue JQ, Huang HY, Wang YZ. A practical method superior to traditional
spectral identification: two-dimensional correlation spectroscopy com-
bined with deep learning to identify Paris species. Microchem J. 2021;160:
105731. https://doi.org/10.1016/j.microc.2020.105731.

Trong VH, Gwang HY, Vu DT, Jin YK. Late fusion of multimodal deep
neural networks for weeds classification. Comput Electron Agr. 2020;175:
105506. https://doi.org/10.1016/j.compag.2020.105506.

Li ZM, Song JH, Ma YX, Yu 'Y, He XM, Guo YX, Dou JX, Dong H. Identifica-
tion of aged-rice adulteration based on near-infrared spectroscopy com-
bined with partial least squares regression and characteristic wavelength
variables. Food Chem X. 2023;17: 100539. https://doi.org/10.1016/j.fochx.
2022.100539.

Zhang Y, LiYY, Chen XM, Guo SX, Lee YI. Effect of different mycobionts
on symbiotic germination and seedling growth of Dendrobium officinale,
an important medicinal orchid. Bot Stud. 2020;61(1):2. https://doi.org/10.
1186/540529-019-0278-6.

ChenY, Xie M, Yan Y, Zhu S, Nie S, Li C, Wang Y, Gong X. Discrimination of
Ganoderma lucidum according to geographical origin with near infrared
diffuse reflectance spectroscopy and pattern recognition techniques.
Anal Chim Acta. 2008;618(2):121-30. https://doi.org/10.1016/j.aca.2008.
04.055.

Bi YM, Yuan K, Xiao WQ, Wu JZ, Shi CY, Xia J, Chu GH, Zhang GX, Zhou GJ.
A local pre-processing method for near-infrared spectra, combined with
spectral segmentation and standard normal variate transformation. Anal
Chim Acta. 2016;909:30-40. https://doi.org/10.1016/j.aca.2016.01.010.
Dong J, Li JQ, Liu HG, Zhong WY. A new effective method for identify-
ing boletes species based on FT-MIR and three dimensional correlation
spectroscopy projected image processing. Spectrochim Acta A. 2023;296:
122653. https://doi.org/10.1016/j.5aa.2023.122653.

Yang RJ, Liu CY, Yang YR, Wu HY, Jin H, Shan HY, Liu HX. Two-trace two-
dimensional (2T2D) correlation spectroscopy application in food safety:
a review. J Mol Struct. 2020;1214: 128219. https://doi.org/10.1016/j.molst
ruc.2020.128219.

Chen JB, Wang Y, Rong LX, Wang JJ. Integrative two-dimensional correla-
tion spectroscopy (i2DCOS) for the intuitive identification of adulterated
herbal materials. J Mol Struct. 2018;1163:327-35. https://doi.org/10.
1016/j.molstruc.2018.02.061.

Wang L, Liu HG, Li T, Li JQ, Wang YZ. Verified the rapid evaluation of the
edible safety of wild porcini mushrooms, using deep learning andPLS-DA.
J Sci Food Agric. 2022;102(4):1531-9. https://doi.org/10.1002/jsfa.11488.
Shafig M, Gu ZQ. Deep residual learning for image recognition: a survey.
Appl Sci. 2022;12(18):8972. https://doi.org/10.3390/app12188972.

Che Man YB, Syahariza ZA, Mirghani MES, Jinap S, Bakar J. Analysis of
potential lard adulteration in chocolate and chocolate products using
Fourier transform infrared spectroscopy. Food Chem. 2005;90(4):815-9.
https://doi.org/10.1016/jfoodchem.2004.05.029.

Yan ZY, Liu HG, Li JQ, Wang YZ. Qualitative and quantitative analysis of
Lanmaoa asiatica in different storage years based on FT-NIR combined
with chemometrics. Microchem J. 2023;189: 108580. https://doi.org/10.
1016/}.microc.2023.108580.

Mao YJ, Millett R, Lee CS, Yakubov G, Harding SE, Binner E. Investigat-

ing the influence of pectin content and structure on its functionality in
bio-flocculant extracted from okra. Carbohyd Polym. 2020;241: 116414.
https://doi.org/10.1016/j.carbpol.2020.116414.

Zhao GH, Kan JQ, Li ZX, Chen ZD. Structural features and immunological
activity of a polysaccharide from Dioscorea opposita thunb roots. Carbo-
hyd Polym. 2005;61(2):125-31. https://doi.org/10.1016/j.carbpol.2005.04.
020.


https://doi.org/10.1093/qjmed/hci094
https://doi.org/10.1371/journal.pone.0222666
https://doi.org/10.1371/journal.pone.0222666
https://doi.org/10.1016/j.cyto.2020.155058
https://doi.org/10.3964/j.issn.1000-0593(2022)10-2989-06
https://doi.org/10.3964/j.issn.1000-0593(2022)10-2989-06
https://doi.org/10.1007/s13659-021-00305-0
https://doi.org/10.1007/s13659-021-00305-0
https://doi.org/10.1007/510722-010-9638-5
https://doi.org/10.1016/j.microc.2022.107430
https://doi.org/10.1016/j.molstruc.2012.10.048
https://doi.org/10.1016/j.molstruc.2012.10.048
https://doi.org/10.1080/05704920903574256
https://doi.org/10.1080/05704920903574256
https://doi.org/10.1016/j.molstruc.2014.01.069
https://doi.org/10.1016/j.molstruc.2014.01.069
https://doi.org/10.1016/j.saa.2018.05.022
https://doi.org/10.1016/j.microc.2020.105731
https://doi.org/10.1016/j.compag.2020.105506
https://doi.org/10.1016/j.fochx.2022.100539
https://doi.org/10.1016/j.fochx.2022.100539
https://doi.org/10.1186/s40529-019-0278-6
https://doi.org/10.1186/s40529-019-0278-6
https://doi.org/10.1016/j.aca.2008.04.055
https://doi.org/10.1016/j.aca.2008.04.055
https://doi.org/10.1016/j.aca.2016.01.010
https://doi.org/10.1016/j.saa.2023.122653
https://doi.org/10.1016/j.molstruc.2020.128219
https://doi.org/10.1016/j.molstruc.2020.128219
https://doi.org/10.1016/j.molstruc.2018.02.061
https://doi.org/10.1016/j.molstruc.2018.02.061
https://doi.org/10.1002/jsfa.11488
https://doi.org/10.3390/app12188972
https://doi.org/10.1016/j.foodchem.2004.05.029
https://doi.org/10.1016/j.microc.2023.108580
https://doi.org/10.1016/j.microc.2023.108580
https://doi.org/10.1016/j.carbpol.2020.116414
https://doi.org/10.1016/j.carbpol.2005.04.020
https://doi.org/10.1016/j.carbpol.2005.04.020

Li et al. Plant Methods (2024) 20:43 Page 16 of 16

28. Lil, ZhaoYL, Li ZM, Wang YZ. A strategy of fast evaluation for the raw
material of Tiepi Fengdou using FT-NIR and ATR-FTIR spectroscopy cou-
pled with chemometrics tools. Vib Spectrosc. 2022;123: 103429. https://
doi.org/10.1016/j.vibspec.2022.103429.

29. Kacurdkova M, Capek P, Sasinkové V, Wellner N, Ebringerova A. FT-IR study
of plant cell wall model compounds: pectic polysaccharides and hemi-
celluloses. Carbohyd Polym. 2000;43(2):195-203. https://doi.org/10.1016/
S0144-8617(00)00151-X.

30. He G, Lin Q,Yang SB,Wang YZ. A rapid identification based on FT-NIR
spectroscopies and machine learning for drying temperatures of Amo-
mum tsao-ko. J Food Compos Anal. 2023;118: 105199. https://doi.org/10.
1016/jjfca.2023.105199.

31. Vapnik VN. An overview of statistical learning theory. IEEE Trans Neural
Netw. 1999;10(5):988-99. https://doi.org/10.1109/72.788640.

32. Wang YH. Traditional uses, chemical constituents, pharmacological activi-
ties, and toxicological effects of Dendrobium leaves: a review. J Ethnop-
harmacol. 2021;270: 113851. https://doi.org/10.1016/jjep.2021.113851.

33. Song XY, Zhou GS, He QJ. Critical leaf water content for maize photosyn-
thesis under drought stress and its response to rewatering. Sustainability.
2021;13(13):7218. https://doi.org/10.3390/su13137218.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1016/j.vibspec.2022.103429
https://doi.org/10.1016/j.vibspec.2022.103429
https://doi.org/10.1016/S0144-8617(00)00151-X
https://doi.org/10.1016/S0144-8617(00)00151-X
https://doi.org/10.1016/j.jfca.2023.105199
https://doi.org/10.1016/j.jfca.2023.105199
https://doi.org/10.1109/72.788640
https://doi.org/10.1016/j.jep.2021.113851
https://doi.org/10.3390/su13137218

	Optimization of the selection of suitable harvesting periods for medicinal plants: taking Dendrobium officinale as an example
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Methods
	Material collection and sample processing
	ATR-FTIR acquisition
	Data preprocessing
	3DCOS acquisition
	PLS-DA construction
	SVM model construction
	ResNet model construction
	Statistical analysis
	Environment variable extraction
	Construction of predictive model

	Results
	Information on ATR-FTIR spectra of D. officinale stems and leaves
	Classification results of PLS-DA
	Discriminant results of SVM
	The 3DCOS Information of D. officinale
	Deep learning model results (ResNet)
	Phenotypic data analysis
	Analysis of the coefficient of variation
	Comparison of production in different months
	Model parameters for PLSR
	Effect of solar radiation (Sard) and precipitation (Pre) on the traits of D. officinale during november–april following year

	Discussion
	Analysis of ATR-FTIR spectra of D. officinale
	Identification of different harvesting periods of D. officinale
	Analysis of the best harvesting period of D. officinale

	Conclusion
	References


