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Abstract 

In this paper, the combined terahertz time-domain spectroscopy (THz-TDS) and chemometrics method is proposed 
to identify four different parts of Panax notoginseng rapidly and nondestructively. The research objects of the tap‑
root, scissor, rib, and hairy root of P. notoginseng are taken. The refractive index, absorption coefficient, time-domain, 
and frequency-domain spectra of the samples are analyzed. It is found that the terahertz spectra of different parts 
of P. notoginseng are significantly different, so the absorption coefficient of samples is selected to establish models. 
Firstly, the baseline correction, multiple scattering correction, and normalization algorithms are used to preprocess 
the absorption coefficient in 0.5–2.0 THz to remove noise. Then, the Kennard–Stone (KS) algorithm is used to divide 
the model set and the prediction set at the ratio of 3:1, and the successive projection algorithm (SPA) is used to 
select the characteristic frequency points of the samples. Finally, the chosen characteristic variables are input into the 
support vector machine (SVM) and linear discriminant analysis (LDA) algorithm to establish the qualitative analysis 
models, respectively. In the SPA-SVM models, the performance of the SPA-SVM model under the linear kernel func‑
tion by baseline is best, the accuracy of the training set of it is 99.50%, and the accuracy of the test set of it is 99.25%. 
In the SPA-LDA models, the performance of the SPA-LDA model by baseline is best, and the accuracy of the training 
set of it is 100%, and the accuracy of the test set of it is 100%. And the value of cumulative variance contribution is 
proposed to assess whether the variable is good or bad to model. The results show that the combined THz-TDS and 
chemometrics method can be used to realize rapid, accurate, and nondestructive identification of different parts of P. 
notoginseng.
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Introduction
Panax notoginseng is an essential herbal medicine in 
China, and it has an excellent effect on the treatment 
of cardiovascular disease. The main practical compo-
nent of P. notoginseng is saponin. In contrast, the dif-
ferent parts of P. notoginseng have various contents of 
saponins. The rib and hairy root of P. notoginseng have a 
lower range of saponins than others. The saponins in the 
scissors of P. notoginseng  are not absorbed by the body 

of people easily (Yun et  al. 2019). Although the differ-
ent parts of P. notoginseng are different in morphologi-
cal, it is a great challenge to identify the powder form of 
the different parts of P. notoginseng, which are similar 
in color and smell. Some undesirable businessmen use 
the scissor, ribs, and hairy root powders as taproot pow-
der to sell to get higher interest. Those affect the benign 
development of the P. notoginseng industry seriously and 
impact the curative effects of the patients with the dis-
ease of cardiovascular. Therefore, it has great practical 
significance to identify the powder form of the different 
parts of P. notoginseng.

In recent years, many scholars have studied the qual-
ity of P. notoginseng. Li and Chen (2019) used the liquid 
chromatography-tandem mass spectrometry to identify 

Open Access

Journal of Analytical Science
and Technology

*Correspondence:  libingioe@126.com

National and Local Joint Engineering Research Center of Fruit Intelligent 
Photoelectric Detection Technology and Equipment,  Institute 
of Optical‑Electro‑Mechatronics Technology and Application, East China Jiao 
Tong University, Nanchang 330013, China

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40543-022-00328-3&domain=pdf


Page 2 of 10Bin et al. Journal of Analytical Science and Technology           (2022) 13:18 

the pesticide residues in P. notoginseng. Yun et al. (2018) 
detected the content of polysaccharides in P. notogin-
seng using near-infrared spectroscopy. Shen et al. (2019) 
used laser-induced breakdown spectroscopy (LIBS) to 
see the contents of six metal nutrients in P. notoginseng 
samples from eight production areas. Meng et al. (2018) 
took pictures of P. notoginseng and its counterfeits under 
an electronic mirror to identify their micro-traits. Huang 
et al. (2014) explored the identification of traditional Chi-
nese medicine molecules by the molecular identification 
method. Hong and Wang (2018) evaluated the medica-
tion and efficacy of P. notoginseng by analyzing its char-
acteristics, physicochemical, and microscopic features. 
However, the operation of liquid chromatography-tan-
dem mass spectrometry is complicated, and it is impos-
sible to realize rapid and nondestructive detection; the 
anti-interference ability and sensitivity of near-infrared 
spectroscopy are insufficient; and the sample surface is 
ablated during the detection process of LIBS, reducing 
the intensity and stability of the spectral lines (Zheng 
et  al. 2015). A microscope is used to directly observe 
the surface characteristics of the sample in the detection 
process of microscopic identification, it is expensive and 
slow, and it also cannot meet the requirements of rapid 
detection (Zhao et al. 2017).

THz is a tiny band of the electromagnetic spectrum 
between the microwave and infrared region (Yan et  al. 
2018). Many low-energy physical phenomena (e.g., vibra-
tional modes, phonons, rotational and vibrational energy 
levels) and biomolecular activities (e.g., nucleic acids, 
amino acids, carbohydrates, peptides, and proteins) can 
be observed in the terahertz frequency range; in recent 
decades, the THz-TDS technology has been widely used 
in the field of food safety detection (Yun et al. 2020), such 
as adulteration detection (Bin et al. 2021), Chinese herbal 
medicine identification (Long et  al. 2020), the detec-
tion of fat in food (Ge et  al. 2014; Bin et  al. 2021), and 
the detection of food additives (Baek et al. 2014). At the 
same time, the energy of terahertz wave photons is so 
small that terahertz waves do not have enough energy to 
break molecular bonds, the operation is simple and it is 
enough to obtain a wide range of information about the 
sample, and the terahertz spectrum also has a high sig-
nal-to-noise ratio and high penetration power. Based on 
the above advantages, THz-TDS is used to detect adul-
teration of Panax ginseng powder for research purposes 
in this paper.

Currently, the existing detection technology cannot 
realize rapid, nondestructive, and accurately identifying 
the different parts of P. notoginseng powder adulteration, 
so the combined THz-TDS and chemometrics method is 
proposed to identify the four parts of P. notoginseng pow-
der adulteration, and the optimal model of qualitative 

identification of different parts of P. notoginseng is 
established.

Materials and methods
Sample preparation
The materials used in the experiment are purchased from 
wen-shan Kang-wan-Jia agricultural development lim-
ited company. The samples contain taproot, scissor, rib, 
and hairy root of P. notoginseng. The grinder smashes 
the experimental samples, and they are filtered by a 
200-mesh sieve and are dried by the dryer, and the pow-
der samples are pressed for 1 min under the pressure of 
10 MPa to make the samples in a diameter of 13 mm. The 
thickness of the sample is measured before spectral col-
lection, and the thickness of the samples is from 0.8 mm 
to1.1  mm. Each sample is measured four times at four 
different locations. The samples’ spectral data are col-
lected by the THz-TDS instrument of TAS7400TS which 
is developed by Edwin Company of Japan. The quantity 
information of experimental samples is shown in Table 1.

Spectral pretreatment
There are three primary sources of noise in the THz spec-
trum (Peng et al. 2018): (1) When the particle size of the 
sample material is equivalent to the wavelength of THz, 
the scattering effect of the particle results in the visible loss 
of the amplitude of the THz, producing in a banked base-
line; the baseline breaks the linear relationship between the 
mixture and its components, which increases the estab-
lished difficulty of the model; (2) the purity of the sample 
also introduces noise, the purity of the sample is lower, and 
the accuracy of the model is lower; and (3) the system and 
environmental noise of the THz spectral system appear 
in the sample collection process randomly, and the exist-
ence of these noises also increases the difficulty of spectral 
analysis. Therefore, spectral pretreatment algorithms are 
needed to be used to eliminate the noise to improve the 
accuracy of the model. In this paper, baseline correction, 
multiplicative scatter correction (MSC), and normalization 
are used to preprocess the spectral data, respectively. Base-
line correction algorithm can eliminate spectral baseline 

Table 1  Number of samples prepared from different parts of 
Panax notoginseng

Sample name Number of 
experimental 
samples

Acquisition 
times

Number 
of spectra

Taproot 30 4 120

Scissor 35 4 140

Rib 35 4 140

Hairy root 33 4 132
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deviation (Zhou et al. 2016), and MSC algorithm can elimi-
nate the scattering effect caused by the uneven distribution 
of solid particles (Zhang et  al. 2019). Normalization can 
calibrate spectral changes caused by minor optical path dif-
ferences. All data processing in this paper are performed 
in The Unscrambler X (CAMO Software Inc., USA) and 
MATLAB 2019a (The MathWorks Inc., Natick, USA).

Modeling method
The successive projections algorithm (SPA) is a forward 
variable selection method, and it is used to reduce the col-
linearity of different variables (Liu et al. 2020). In the SPA 
process, the maximum number of selected variables is first 
set, and an initial vector (M is the original variable) is cho-
sen in the m-dimensional space. Then, a high projection 
vector is selected as the new starting vector in the orthogo-
nal subspace. The support vector machine (SVM) algo-
rithm, whose main idea is to find the optimal separating 
hyperplane, is a supervised learning model, and the nonlin-
ear mapping function is used to map the training data set 
to get a high-dimensional space, and the distance between 
samples of different classes is most significant (Shi et  al. 
2020). The SVM has a good generalization ability in the 
classification of samples of other styles (Cao et  al. 2020). 
In the process of establishing the SVM model, the values 
of penalty factor c and kernel parameter g are the key (Cao 
et al. 2018); the values of optimal c and g parameters are 
obtained through grid search in this paper.

The linear discriminant analysis (LDA) algorithm is a 
supervised classification method. The basic idea of LDA 
classification is to extract the best recognizable low-dimen-
sional features from the high-dimensional parts, and these 
selected features are used to classify samples, so similar 
samples can be gathered together as much as possible; 
when the LDA is optimized, the variance of inter-class is 
most extensive, and the conflict of intra-class is most minor 
(Liu et al. 2015, 2018). The distribution covariance matrix 
of inter-class and intra-class is defined as:

where xij is the spectral vector of the j sample in the i 
class sample, k is the total of class samples, xi is the aver-
age spectrum of the i class sample, Ni is the total of varia-
ble in the i class sample, and x is the average spectrum of 
all the samples. The purpose of LDA is to find a transfor-
mation matrix to get the maximum inter-class variance 

(1)SB=

k∑

i=1

Ni(xi−x)(xi−x)T

(2)SW=

k∑

i=1

Ni∑

j=1

Ni(xij−xi)(xij−xi)
T

and the minimum intra-class variance. The formula of 
the transformation matrix is as follows:

where SA is the nonsingular matrix, J  is the transforma-
tion matrix, and w is the characteristic matrix of S−1

A Sb.

Principal component analysis
Principal component analysis (PCA) is a multivariate sta-
tistical method that transforms the original high-dimen-
sional data into linearly uncorrelated low-dimensional 
feature variables through an orthogonal transformation 
(Abdi and Williams 2010), and the transformed variables 
are called principal components (PCs). PCA is a linear 
algorithm, and thus, it cannot be used to explain complex 
polynomial relationships between features. In general, 
the original data can be replaced by the first n PCs when 
the cumulative variance contribution of the current n 
PCs is sufficiently large (typically 85%), and the process of 
principal component analysis is as follows (Li et al. 2020):

Standardize the original spectral data Ai and calculat-
ing the covariance matrix S for n samples by formula (4) 
and formula (5):

Calculate the eigenvalues of the covariance matrix S , 
and correlation coefficient matrix R by formula (6) and 
formula (7):

where rii = 1 , rij = rji , rij is the correlation coefficient 
between the sample i and the variable j , m is the num-
ber of eigenvalues, and k is the k-th standardized spectral 
data. The eigenvalues are presented accurately and in the 
correct sequence, �1 ≥ �2 ≥ �3 ≥ �m ≥ 0.

Based on the cumulative variance contribution, choose 
the suitable number of principal components and build 
the model.

In this study, four different parts of Panax ginseng 
roots, including main root, cuttings, tendons, and hairy 
roots, are investigated using THz time-domain spectros-
copy in the following steps:

(3)J (w) =
wTSBw

wTSAw

(4)A∗

i =
Ai −mean(Ai)

std(Ai)
(i = 1, 2, 3, · · · , n)

(5)S =
A∗TA∗

n− 1

(6)
rij =

n∑
k=1

A∗

kiA
∗

kj

n− 1
, (i, j = 1, 2, 3, · · · ,m)

(7)R = (rij)m×n



Page 4 of 10Bin et al. Journal of Analytical Science and Technology           (2022) 13:18 

(1)	 The MSC, baseline correction, and normalization 
are used to preprocess the absorption coefficient 
spectra;

(2)	 The SPA is used to select feature variables from 
absorption coefficient spectra;

(3)	 The PCA is applied for characteristic analysis of 
spectral variables;

(4)	 Based on the selected bands, the SVM and LDA 
models are established;

(5)	 The results of the two models are compared and 
analyzed, and the best model is selected.

Results and discussion
Spectral analysis
The THz-TDS system used in this experiment is devel-
oped by Advantest, Japan. The spectral measurements are 
performed in the transmission mode of the time domain, 
with a spectral acquisition range of 0.5–7 THz, the reso-
lution of it is 7.6 GHz, the center wavelength of the laser 
is 1560  nm, and the power of the laser is 400  μW. Due 
to the strong influence of moisture on terahertz spec-
tra, the spectra are acquired in a closed chamber with a 

continuous pumping of dry air to keep the air humidity 
below 10% and the temperature is kept around 25 °C. All 
THz-related data required for this experiment are col-
lected by this system.

Figure  1 shows the average spectra of P. notoginseng 
powder samples from four different parts. Figure  1a 
shows the average time-domain spectra of four samples, 
the time-domain spectra in the range of 16-20  ps are 
selected, and those higher than 20 ps or lower than 16 ps 
are regarded as invalid bands with no practical informa-
tion; for the four samples, the time and amplitude of the 
peak of the hair root and scissor of P. notoginseng are 
similar; and the peak amplitude of the rib and taproot 
of P. notoginseng is lower than that of the hair root and 
scissor. Figure  1b shows the average absorption coeffi-
cient spectrum of the four samples. The absorption coef-
ficient spectrums of 0.5–2.0  THz are taken for analysis, 
and there is no prominent absorption peak, which is 
similar to the results obtained by Xiao-Li et al. (Xiao-Li 
and Jiu-Sheng 2011). With the increase in frequency, the 
absorption coefficients between samples increase, and 
each of the absorption coefficients of four samples is dif-
ferent. Taking the absorption coefficient at 1.9 THz as an 
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Fig. 1  THz spectra of four different parts, a is time-domain spectroscopy; b is absorption coefficient spectrum in 0.5–2 THz; c is refractive Index in 
0.2–1.5 THz; and d is frequency domain in 0.5–2 THz
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example, it is found that the absorption coefficients of the 
main root, shear, hairy root, and tendon increase gradu-
ally and there are obvious differences, so we think that 
the absorption coefficient chosen for further analysis may 
obtain satisfactory results.

Figure 1c shows the average refractive index spectrum 
of the four samples in 0.5–1.5  THz. With the increase 
in frequency, the refractive index between samples 
decreases, and each of the absorption coefficients of 
the four samples is different. At the same frequency, the 
refractive index of the hair root is highest, and that of the 
taproot is lowest. Figure 1d shows the frequency-domain 
spectra of four samples. Compared with the background 
spectrum, the spectral energy decreases significantly after 
the THz range passing through the samples. The attenua-
tion of the spectral power of four samples becomes more 
evident with the increase in frequency. In this paper, the 
THz absorption coefficient spectrum is used to establish 
the model.

Further analysis of the above figures, for the time-
domain signals, the spectra of the main root, and tendon 
signals are significantly different from the hairy root and 
shear signals, so we can identify the main root and ten-
don samples. However, their spectral variation patterns 
are similar for the hairy root and shear samples, which 
can easily lead to misclassification. For the frequency-
domain signal, the four types of sample power spectra 
have a similar evolutionary pattern and we can classify 
them by the differences in spectral lines. However, the 
scissor samples are blended with the hairy root samples 
at 0.5–0.75  THz, and then with the main root samples 
at 1.4–1.7  THz, which is highly susceptible to misclas-
sification. In the case of refractive index, the magnitude 
is influenced by the homogeneity of the pressed sheet 
samples, but in practice, it is difficult to achieve absolute 
homogeneity within the pressed sheet samples, which 
introduces a slight bias.

All samples have their own intrinsic frequency. When 
the terahertz waves through a sample, the sample absorbs 
more radiation of the intrinsic frequency and resonates at 
this frequency, and the external energy is converted into 
energy within the molecule through resonance, in which 
case the amount of transmission is relatively small. Con-
versely, if a substance absorbs less radiation at an intrin-
sic frequency, the amount transmitted is greater. As the 
thickness of the pressed sample changes, the amount of 
transmission also changes, but the nature of the sam-
ple, which resonates at the intrinsic frequency (the point 
where absorption shows its strongest peak), does not 
change, as this is the nature of matter. As in Fig. 1b, we 
have added a reference line at 1.9 THz, and it is found 
that the absorption coefficient is 94.990, 93.814, 91.947, 
and 86.748 for hairy root, scissor, rib, and taproot, 

respectively. Therefore, by using the frequency of the 
terahertz wave corresponding to the absorption peak, we 
can identify the types of sample, so this paper uses the 
THz absorption coefficient to build the model.

Feature information extraction
There are 200 frequency points in 0.5–2.0 THz. However, 
some frequency points do not correlate with the quality 
of the samples, and the irrelevant information reduces 
the model efficiency (Hu et  al. 2017). In this paper, the 
SPA is used to select spectral characteristic variables to 
simplify the model. In the variable selection program, 
the number interval of variable selection is set from 10 to 
50. As shown in Fig. 2, the frequency points are selected 
by SPA. As shown in Fig.  2a, a total of 19 characteris-
tic frequency points are selected in the spectra without 
pretreatment. As shown in Fig. 2b, a total of 20 charac-
teristic frequency points are selected in the spectra by 
baseline correction. As shown in Fig. 2c, a total of 21 spe-
cific frequency points are selected in the spectra by MSC. 
As shown in Fig. 2d, a total of 20 wavelength points are 
selected in the spectra by normalization.

Characteristic analysis of spectral variables
The contribution rate of each component can be obtained 
by PCA, and the cumulative contribution rate of each 
component is shown in Fig.  3. It is found that for the 
validation set, the cumulative contribution rate of PC3 is 
97.9465%, the three components can reflect the charac-
teristics of the sample good, and the contribution rate of 
PC4 has less change compared to PC3, while the cumula-
tive contribution rate of PC5 is 98.4056%, so the PC3 and 
PC5 are used for further analysis.

The value of cumulative variance contribution of the 
absorption coefficient of each variable spectrum is pro-
posed to assess whether the variable is good or bad to 
model. The value of cumulative variance contribution is 
more considerable, and the variable is more suitable to 
model. The principal component analysis (PCA) is used 
to calculate the value of incremental variance contribu-
tion of the absorption coefficient of each variable spec-
trum. Firstly, PCA is used for each principal component 
variable, and then, the values of cumulative variance 
contribution of three main components and five princi-
pal components are calculated, respectively. As shown 
in Fig. 4, the values of incremental variance contribution 
are more significant in the low-frequency band and the 
high-frequency band than others. The changing trend of 
the value of cumulative variance contribution with vari-
able is similar between three principal components and 
five principal components, the result of three principal 
components shows that the value of incremental vari-
ance contribution is meager in the interval of 160–190 
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Fig. 2  The characteristic variable selection results of SPA, a is the variable selection without pretreatment; b is the variable selection with baseline 
correction; c is the variable selection with MSC; and d is the variable selection with normalization
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variables, and the influence of five main features shows 
that in the variable interval of 110–160, the value of 
cumulative variance contribution is also merger. Next, 
the variables were selected by SPA which is input into 
SVM and LDA to establish models to verify whether the 
value of cumulative variance contribution of the absorp-
tion coefficient can be used to assess the model.

Qualitative analysis
In this paper, the SVM and LDA algorithm is used to 
establish the qualitative analysis models. Firstly, the mod-
eling set and test set are divided at the ratio of 3:1. Then, 
the characteristic wavelength points of the THz absorp-
tion coefficient spectrum of 0.5–2.0 THz are used to 
establish the models. The model is validated by cross-val-
idation, and some test samples are set aside for external 
validation of the model.

SVM classification model
The SVM algorithm is used to establish the qualitative 
analysis models. Firstly, the modeling set and test set 
are divided at the ratio of 3:1. Then, the characteristic 
wavelength points of the THz absorption coefficient 
spectrum of 0.5–2.0 THz selected by SPA are input to 
SVM to establish the models of cluster analysis. The 
grid search method is used to find the optimal parame-
ters, which are the penalty factor c and kernel function 
g. The model is validated by cross-validation, and some 
test samples are set aside for external validation of the 
model. In this paper, the pretreatment methods, which 
are MSC, baseline correction, and normalization, are 
input into the SVM algorithm. The two kernel func-
tions in SVM are used to build the model. The results 
of the models under different pretreatment meth-
ods and different kernel functions are compared. The 
results are shown in Table  2. In the LIN-SVM model, 

the model by baseline correction has the highest preci-
sion. In contrast, the model accuracy only improves a 
little compared with the LIN-SVM model without pre-
treatment, and the accuracy of LIN-SVM models with 
normalization and MSC pretreatment is lower than the 
LIN-SVM model without pretreatment. The correct 
rate of the model test set by baseline is 99.25%, the c is 
3.162, the training accuracy of the model is 99.50%, the 
verification accuracy is 97.26%, and the correct rate is 
99.25%. In the RBF-SVM models, the RBF-SVM model 
by MSC has the highest precision, the c is 21.544, g is 
0.0681, the training accuracy of the RBF-SVM model by 
MSC is 99.75%, the accuracy of the verification set is 
85.32%, and there are four classifications errors in 134 
test samples, so the classification accuracy is 97.01%. 
Although the accuracy of the test set of the RBF-SVM 
model by baseline is 100%, the accuracy of the verifi-
cation set is too low. Both two kernel functions can 
get good modeling results, but the performance of the 
LIN-SVM model is more stable and robust than the 
RBF-SVM model. At the same time, it is found that the 
effect of normalization pretreatment is unsatisfactory. 
Table 2 shows that the normalization pretreatment may 
cause severe loss of characteristic spectral information, 
so it is not suitable for the pretreatment of this batch 
absorption coefficient spectrum.

Figure 5 shows the optimal test set results of the SVM 
model test set under two kinds of kernel functions. Fig-
ure 5a shows the result of the optimal LIN-SVM model, 
it can be seen that one rib sample is wrongly divided 
into a hairy root sample, and the classification accuracy 
of it is 99.25%. Figure 5b shows the result of the opti-
mal RBF-SVM model, it can be seen that four samples 
in the test set are misclassified, and the classification 
accuracy is 97.01%.

Table 2  The SVM model of results after band selection of absorption coefficient spectrum

Kernel function 
type

Pretreatment type Parameter Training accuracy 
/ %

Verification 
accuracy / %

Number of test 
sets

Prediction 
accuracy / %

LIN No c = 0.46415 98.76 95.27 134 98.50

Baseline correction c = 3.1622 99.50 97.26 134 99.25

MSC c = 0.4641 92.04 84.83 134 97.01

Normalization c = 3.1622 44.30 44.03 134 25

RBF No c = 3.1622
g = 0.01

100 60 134 92.53

Baseline correction c = 21.5443
g = 0.01

100 68.65 134 100

MSC c = 21.5443
g = 0.0681

99.75 85.32 134 97.01

Normalization c = 21.5443
g = 146.7799

44.03 44.28 134 25
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LDA classification model
The variables are selected, and LDA is used to establish 
classification models. After the models are established, 
the reserved test set samples are imported into the LDA 
classification models to evaluate them. Figure 6 shows the 
plane classification diagrams drawn by the first two dis-
criminant functions (DF1, DF2) of modeling set samples. 

It is found that the distribution of modeling set samples 
of different classes all has obvious classification bounda-
ries. As shown in Fig. 6, the distribution of the boundary 
of the model by baseline correction is more evident than 
others, and the accuracy of the modeling set is 99.25% 
without pretreatment; the accuracy of the modeling set is 
99% by baseline correction, the accuracy of the modeling 
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Fig. 5  Test results of SVM, a is the result in LIN-SVM with baseline correction, and b is the result in RBF-SVM with MSC
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Fig. 6  Plane classification diagram of LDA model for modeling set samples, a is the model without pretreatment, b is the model with baseline 
correction, c is the model with MSC, and d is the model with normalization
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set is 91.79% by MSC, and the accuracy of the modeling 
set is 82.84% by normalization.

To evaluate models, some of the samples are set aside. 
They are used for external model validation, 134 sam-
ples are used as a testing model for the experiment, and 
the test results are shown in Table 3; in the case of with-
out pretreatment, the accuracy model of the test set is 
99.25%; the accuracy of the test set by baseline correction 
is 100%; the accuracy of the test set by MSC is 25%; and 
the accuracy of the test set by normalization is 97.01%, 
but the accuracy of the modeling set is far lower than that 
of the test set, the phenomenon of overfitting is easy to 
exist.

As shown in Fig. 7, a sample is misclassified in the LDA 
model without pretreatment, the rest of the samples are 
classified correctly, and the classification accuracy of it is 
99.25%; no sample is misclassified in the LDA model by 
baseline, and the classification accuracy of it is 100%.

Among the four pretreatment methods, the variables 
selected by SPA without pretreatment and the variables 
chosen by SPA with baseline correction are more consist-
ent with the results in Fig.  4, Tables  2 and 3 show that 
the classification accuracies of baseline correction and 

no pretreatment are better than others, and this is that 
because MSC and normalization can choose some nega-
tive frequency points. Those results show that the value 
of cumulative variance contribution can be used to assess 
whether the variable is good or bad to model.

Model evaluation
In this paper, the qualitative discrimination models for 
different parts of samples are established. The accuracy 
of the test set is used to evaluate the models. The opti-
mal results of SVM and LDA are shown in Tables 2 and 
3. It is found that both SVM and LDA models can achieve 
suitable identification, which shows that the THz-TDS 
technology is feasible to identify the different parts of P. 
notoginseng. The accuracy of the LIN-SVM model test set 
is 99.25%, and the accuracy of the LDA model test set is 
100%, so the performance of the LDA model is slightly 
better than the SVM model.

Conclusion
The rapid identification of different parts of P. notogin-
seng is studied by THz spectroscopy. The THz trans-
mission system is used to obtain the THz spectrum of 
the samples. The absorption coefficient spectrum of dif-
ferent P. notoginseng in 0.5–2.0 THz is used to establish 
classification models. Firstly, MSC, baseline correction, 
and normalization are used to pretreat the absorption 
coefficient spectrum, and then, SPA is used to select the 
characteristic variables from the absorption coefficient 
spectrum. The value of cumulative variance contribu-
tion is proposed to assess whether the variable is good 
or bad to model. Then, the selected bands are input into 
SVM and LDA to establish models, and the optimal 
parameters c and g of SVM are selected by grid search. 
In the SVM model, the model performance of LIN-SVM 

Table 3  The LDA model of results after band selection of 
absorption coefficient spectrum

Model type Pretreatment 
type

Modeling 
accuracy 
/ %

Number 
of test 
sets

Prediction 
accuracy / %

LDA No 99.25 134 99.25

Baseline correc‑
tion

99 134 100

MSC 91.79 134 25

Normalization 82.84 134 97.01
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Fig. 7  Test results of the LDA model, a is the LDA model without pretreatment; b is the LDA model with baseline correction
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with baseline correction is best, and the accuracy of it is 
99.25%. In the LDA model, the result with baseline cor-
rection is best, the accuracy of the training set is 100%, 
and the accuracy of the test set is 100%; this shows that 
the four different parts of the samples can be separated 
by LDA well. Therefore, the combined THz-TDS and 
chemometrics method can be used to identify different 
parts of P. notoginseng rapidly, accurately, and nonde-
structively. This study provides a reference for the appli-
cation of THz-TDS in the rapid detection of food.
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