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Kaolin, as a versatile non-metallic mineral resource, is widely used in ceramics, casting, construction, and other fields.
To rapidly and accurately identify and classify three polymorphs of kaolin, while addressing the challenge of aligning
resource characteristics with application requirements, a novel method for kaolin identification and classification has been
proposed. This method employs terahertz time-domain spectroscopy (THz-TDS) in conjunction with cluster analysis (CA)
and principal component analysis (PCA). It facilitates the extraction of spectral data, the calculation of Euclidean distances,
and effective dimensionality reduction of the dataset. Terahertz spectroscopy, a non-destructive analytical technique, was
employed to obtain terahertz spectra from three kaolin specimens using a transmissive terahertz spectrometer. The refractive
index, dielectric constant, and absorption coefficient of the samples within the frequency range of 0.5 THz to 2.75 THz were
calculated from the THz-TDS data, utilizing established equations, including the fast Fourier transform. Using all available
refractive index and absorption coefficient data within this frequency band as input variables, CA and PCA were conducted
separately to determine the Euclidean distance and the first principal component (PC1) for the corresponding samples.
The findings reveal significant variations in the refractive index and absorption coefficient among the analyzed samples.
PCA identified three primary components for both the refractive index and absorption coefficient, which accounted for
cumulative contribution rates of 99.99% and 97.26%, respectively. CA categorized the samples into three distinct groups
based on Euclidean distance metrics, with the CA clusters closely aligning with the PCA results. The sandy kaolin (SZGLT-
GX325) exhibited the highest PC1 score and the greatest Euclidean distance from the second group, measuring 156.16.
Utilizing the CA-PCA model, the three types of kaolin were accurately identified and classified based on inter-sample
variations, achieving a classification accuracy of 99.99%. This study underscores the utility of THz-TDS combined with
chemometric techniques, providing a robust framework for the rapid, precise, and non-destructive analysis of kaolin, thereby
demonstrating significant potential for practical applications.

Keywords: terahertz time domain spectroscopy technology, identification of three types of kaolin, principal
component analysis, cluster analysis
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1. Introduction
China was the earliest country in the world to discover

and utilize kaolin, and has proven reserves of 3.496 billion
tons. Kaolin, also known as china clay, is an important non-
renewable non-metallic mineral resource. The chemical for-
mula of kaolin is Al2O3·2SiO2·2H2O. It is mainly composed
of kaolinite clay minerals, quartz, and feldspar, and includes
three types: soft, sandy, and hard. Soft kaolin reserves are ap-
proximately 209.76 million tons, mainly distributed in Jiangxi
and Hunan provinces. Sandy kaolin reserves are approxi-
mately 2.0976 billion tons, primarily distributed in Guang-
dong and Fujian provinces. Hard kaolin reserves are approx-
imately 174.8 million tons, mainly distributed in Inner Mon-
golia Autonomous Region and Anhui province of China. With
the expansion of its applications, different types of kaolin have
been shown to have their own characteristics and methods of
development and utilization. Therefore, the accurate identifi-

cation and classification of kaolin can avoid resource misallo-
cation and waste, greatly improving the utilization efficiency
of kaolin resources, ensuring national resource security and
efficient utilization, and promoting the sustainable and high-
quality development of China’s economy.

Terahertz time-domain spectroscopy (THz-TDS) is a non-
destructive spectroscopic technique[1–4] with significant po-
tential across various fields, including medicine, manufac-
turing, and communications. Terahertz radiation is charac-
terized by electromagnetic waves that span frequencies from
0.1 THz to 10 THz, corresponding to wavelengths of 0.03 mm
to 3 mm, and occupies the spectral region between the mi-
crowave and infrared bands.[5–7] The terahertz spectra of vari-
ous substances possess distinct fingerprint characteristics. An-
alyzing these spectra can yield valuable information regarding
the absorption coefficient, refractive index, and other proper-
ties of these substances. Additionally, different types of kaolin
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demonstrate varying responses within the terahertz frequency
range. This study examines terahertz data from three types of
kaolin using two multivariate statistical analysis techniques:
cluster analysis (CA)[8,9] and principal component analysis
(PCA).[10–13] The analysis includes a quantitative assessment
of the Euclidean distance[14,15] diagram and the first princi-
pal component[16–19] score data to determine similarities and
differences among the kaolin samples, facilitating their classi-
fication.

2. Experimental details
2.1. Terahertz time domain spectroscopy system

The THz-TDS[20] system is a crucial experimental ap-
paratus employed to investigate the interaction of terahertz

band electromagnetic radiation with matter. This system uti-
lizes ultrashort laser pulses[21] to both excite and detect the
time-domain waveform of terahertz waves, thus enabling the
acquisition of the sample’s frequency-domain spectral char-
acteristics. Based on the experimental setup, these config-
urations are typically classified into several types, including
transmissive, reflective, differential, and ellipsometric.[22,23]

Among these, transmissive and reflective configurations repre-
sent the two fundamental architectures for THz-TDS and are
the most widely applied. This study employs the Advantest
TAS7400SU, a high-performance transmissive[24,25] terahertz
spectroscopy system. Its spectral range is 0.5–7.0 THz, with a
frequency resolution of 7.6 GHz. This article uses its transmis-
sion module. The device’s architecture is illustrated in Fig. 1.
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modulator
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Fig. 1. Structural diagram of the THz-TDS system.

2.2. Materials

The three types of kaolin used in sample prepara-
tion for the experiment were sourced from Guangxi (soft
kaolin, RZGLT-GX325; sandy kaolin, SZGLT-GX325) and
Inner Mongolia Autonomous Region of China (hard kaolin,
YZGLT-NM325). Their chemical compositions and physical
properties are presented in Table 1. To enhance the accuracy
and reproducibility of detection, and to mitigate tablet frac-
ture caused by insufficient sample thickness during tableting,
high-density polyethylene powder[26] with minimal terahertz
wave absorption is incorporated before compressing the kaolin
sample powder into tablets using a tablet press. High-density
polyethylene is commonly used as a diluent in terahertz spec-
troscopy measurements. It exhibits no characteristic absorp-
tion and causes no chemical or physical interference. It pos-
sesses a certain degree of light transmittance in the terahertz
frequency band and does not affect the subsequent data inter-
pretation during feature extraction and CA. This facilitates the
accurate detection of sample information carried by terahertz
waves. We combine kaolin powder and polyethylene in a 1:5
ratio. Subsequently, we place the mixture into a tablet mold

and compress it at a pressure of 20 MPa for a duration of 3 min
to produce a sample with a thickness of 1.2 mm. This method
effectively mitigates issues related to tablet brittleness, crack-
ing, and agglomeration. The experiment should be conducted
at 25 ◦C. The optical path section must be purged with dry gas
to reduce the relative humidity to below 5% RH and ensure en-
vironmental desiccation. The entire process requires the sam-
ples to be air-dried, pulverized, ground, and sieved using a
200-mesh screen, and must be consistent with the reference
samples. Simultaneously, three independent samples were se-
lected for each material, resulting in a total of nine samples.
Multiple measurements were taken for each sample, and their
averages constituted independent data points for subsequent
CA. The nine experimental samples are designated as follows:
RZGLT A1, RZGLT A2, RZGLT A3, SZGLT B1, SZGLT B2,
SZGLT B3, YZGLT C1, YZGLT C2, and YZGLT C3.

Table 1. Basic chemical composition of three kaolin types and their respec-
tive parameter contents.

Sample name SiO2 (%) Al2O3 (%) Fe2O3 (%) CaO (%) K2O (%)
RZGLT-GX325 52.15 32.88 0.33 0.18 2.65
SZGLT-GX325 57.78 37.41 0.37 0.08 0.57
YZGLT-NM325 50.75 33.78 0.32 0.19 2.55
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2.3. Terahertz optical parameter extraction and algorith-
mic principles

Due to the differential absorption of terahertz waves by
various materials, when terahertz electromagnetic waves are
incident upon samples within the terahertz frequency range,
the constituent molecules, atoms, or crystal lattices absorb the
energy of the terahertz electromagnetic waves. The transmit-
ted terahertz waves convey information about the sample, gen-
erating a terahertz spectrum. This spectrum is subsequently
transformed into the sample’s frequency-domain signal via a
fast Fourier transform. Finally, the refractive index, absorp-
tion coefficient, and extinction coefficient of the kaolin sam-
ple are computed using the equations.[27–30] The calculation
equations are presented below:[31,32]

n(ω) = 1+
∆ϕ(ω)c

ωd
, (1)

α (ω) =
4πk(ω)v(ω)

c
, (2)

k (ω)) =
c

ωd
ln

(
4n(ω)

ρ(ω) [n2 (ω)+1]2

)
, (3)

where ∆ϕ(ω) denotes the phase difference between the sam-
ple signal and the reference signal; d represents the sample
thickness (in meters); c is the speed of light (in meters per sec-
ond); ω is the angular frequency (in radians per second); and
ρ(ω) is the amplitude ratio of the sample signal to the refer-
ence signal; where v(ω) = ω/2π is the frequency.

Following acquisition of the requisite terahertz data,
encompassing absorption coefficients and refractive indices,
PCA and CA were employed to conduct an objective,
multivariate[35,36] data analysis via dimensionality[33,34] re-
duction, with the aim of investigating the similarities and
distinctions among the three kaolin samples. PCA is a sta-
tistical dimensionality reduction technique that uses linear
transformation to convert multiple original variables into a
smaller set of mutually independent principal components.
This process transforms the data from the original space to
the principal component space. The resulting principal com-
ponents preserve as much of the original data variance as pos-
sible. Calculation of the data also yields the eigenvalues and
eigenvectors.[37] The weights of the principal components are
determined by the magnitude of the eigenvalues, with the first
principal component capturing the largest proportion of the
sample variance. Plotting the scores of the first principal com-
ponent in a histogram allows for clear observation of the simi-
larities and differences between samples, thus enabling classi-
fication. CA is an unsupervised algorithm that classifies sam-
ples within a dataset into distinct clusters[38] without any prior
categorization of the dataset. Samples within the same clus-
ter exhibit high similarity, whereas those in different clusters
demonstrate significant differences. This facilitates automated

grouping and clustering. In sample analysis, the Euclidean dis-
tance between different feature samples is computed. For the
three kaolin samples, those with varying distances are grouped
into separate clusters. For the three samples measured three
times, the three samples with the closest distances are grouped
into one cluster, and this process is iterated with the remaining
samples. This process is repeated until all samples are grouped
into a single cluster. Both CA and PCA rely on the examina-
tion of the sample data’s inherent characteristics. Through the
construction of simplified models, these methods can stream-
line data processing and reduce complexity, thereby enhancing
analytical efficiency.

3. Results and discussion
3.1. Qualitative analysis of terahertz time-domain spec-

troscopy

Measurements were conducted on the experimental sam-
ples in accordance with the experimental protocol. Each sam-
ple was measured in triplicate, yielding three data sets. To
minimize experimental error, the average of these three sets
was selected as the reference analysis data for THz-TDS[39] of
several kaolin samples. This terahertz time-domain spectrom-
eter has a measurement range of 0–8 THz. For this experiment,
the frequency band selected was 0.5–2.75 THz, yielding the
waveforms shown in Fig. 2(a). Significant differences in tera-
hertz spectra were observed between different kaolin samples,
as were variations in peak values. Of these, SZGLT-GX325
exhibited its main peak at the earliest time, 17.398 ps, with an
amplitude of 0.216 V. YZGLT-NM325 had the highest main
peak, appearing at 17.544 ps with an amplitude of 0. For dif-
ferent sample types, the refractive indices also varied, resulting
in different terahertz wave speeds as they penetrated the sam-
ple. This led to differences in the timing of the main peak’s
appearance. Fig. 2(b) illustrates the power variation trend with
frequency for the three samples. Within the 0.5–2.75 THz fre-
quency range, the energy consumed by terahertz pulses pass-
ing through the three kaolin samples decreases in the order:
YZGLT-NM325 > SZGLT-GX325 > RZGLT-GX325. Analy-
sis of Figs. 2(a) and 2(b) reveals significant differences in spec-
tral information and delays between the three kaolin samples.
Due to the varying energy consumption of the terahertz pulses
in the three samples, the amplitude attenuation and waveform
characteristics also differ. Therefore, terahertz time-domain
spectroscopy can be used to identify and classify the three
kaolin samples.

The refractive index and absorption coefficient of the
kaolin sample can be determined by substituting the time-
domain spectral data obtained according to the experimental
principle into Eqs. (1) and (2). As illustrated in Fig. 3(c),
the refractive spectrum of the sample reveals notable varia-
tions among the three kaolin samples within the 0.5–2.75 THz
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frequency range. YZGLT-NM325 exhibits the highest re-
fractive index, followed by RZGLT-GX325 and then SZGLT-
GX325 in descending order. Based on the chemical compo-
sition percentages of the various kaolin samples in Table 1,
SZGLT-GX325 is shown to have the highest SiO2 content
at 57.78%, followed by RZGLT-GX325 and YZGLT-NM325
with SiO2 contents of 52.15% and 50.75%, respectively;
YZGLT-NM325 has the lowest SiO2 content. As illustrated
in Fig. 3(c), a negative correlation exists between the SiO2

content and the refractive indices of several kaolin samples.
The sample with the highest SiO2 content (SZGLT-GX325)
exhibits the lowest refractive index, whereas the sample with
the lowest SiO2 content (YZGLT-NM325) displays the high-
est. Although the refractive index difference between SZGLT-
GX325 and RZGLT-GX325 is considerable, the Fe2O3 content
difference is minimal, at only 0.04%.

Furthermore, the Al2O3 and K2O content differences be-
tween the two samples are significant. In conclusion, the re-
fractive index of kaolin samples is primarily governed by their
overall compositional makeup, with SiO2 being a key determi-
nant.

Figure 3(b) presents the absorption coefficient waveforms
for the three samples. Employing the refractive index analy-
sis method within the 0.5–2.75 THz frequency range reveals
that the absorption coefficient increases with increasing fre-
quency. SZGLT-GX325 demonstrates the highest absorption
coefficient, followed by RZGLT-GX325; YZGLT-NM325 ex-
hibits the lowest. Within the 0.5–2.25 THz frequency range,
the three samples display similar waveforms with only mi-
nor variations. However, within the 2.25–2.75 THz frequency
range, significant differences emerge in the absorption coef-
ficient waveforms for the three samples, allowing for their
identification based on the magnitude of these differences. By

comparing the chemical composition and parameter content of
the samples in Table 1 with the absorption coefficient wave-
forms of the three samples, we determined which chemical
components in kaolin affect the absorption coefficient. Specif-
ically, the order of Fe2O3 content in the samples is completely
consistent with the order of absorption coefficients. Compar-
ing these three kaolin samples, as the Fe2O3 content increases,
the absorption coefficient also increases. This indicates that
the terahertz absorption coefficient of kaolin is influenced by
the Fe2O3 content in the sample.
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Fig. 2. (a) Time-domain spectra and (b) power spectra of the three samples.
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Fig. 3. (a) The dielectric constants, (b) absorption coefficients, (c) refractive indices of the three samples.

The dielectric constant, as a physical quantity describ-

ing the response characteristics of materials and samples in

an electric field, is typically represented by a complex number

closely related to frequency. Its real and imaginary parts re-

spectively describe the material’s ability to polarize in an elec-

tric field and the energy loss associated with it. The dielectric

constant of a sample can be calculated using the sample’s ex-

tinction coefficient and refractive index with the equation

ε = ε1 + iε2, ε1 = n2− k2, ε2 = 2nk, (4)

where k is the extinction coefficient, ε1 is the real part of the
dielectric constant, and ε2 is the imaginary part of the dielec-
tric constant.

The dielectric constant waveforms of the three kaolin
samples obtained from Eq. (4) are shown in Fig. 3(a). As
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is evident from Fig. 3(a), the dielectric constants and refrac-
tive indices of the three samples demonstrate a similar trend
of change with frequency. The dielectric constant of YZGLT-
NM325 is higher than that of the other two samples, thus rank-
ing first. Conversely, the dielectric constant of SZGLT-GX325
is lower than that of RZGLT-GX325, thus placing it at the bot-
tom. As the terahertz frequency band is approached, a close re-
lationship becomes evident between the refractive indices and
dielectric constants of the three samples. It is evident that al-
terations in the refractive index also have a significant impact
on the dielectric constant. Consequently, factors influencing
the magnitude of the refractive index also influence the mag-
nitude of the dielectric constant, indicating that the SiO2 con-
tent is also one of the factors affecting the magnitude of the
dielectric constant.

3.2. Classification identification

In order to undertake a qualitative analysis of the sim-
ilarities and differences among the nine sets of data for the
three kaolin samples, two methods were used: PCA and CA.
These methods were employed to analyze and classify the
three kaolin samples separately. Clustering analysis, as an un-
supervised learning method, aims to quantitatively uncover the
inherent structure within data, enabling the automated group-
ing of physical entities and abstract objects. During the clus-
tering process, precise classification criteria need not be pre-
defined; the algorithm can directly begin with sample data.
It calculates the Euclidean distance between samples within
each category and designates the two groups with the closest
Euclidean distances as a new category. The Euclidean dis-
tance between this new category and the remaining samples
is then computed, and the two closest categories are merged
into a new cluster. In conclusion, merging all samples from
the measurement data resulted in the establishment of a sin-
gle category. The CA method generated a cluster dendrogram,
visually illustrating the similarities and differences among the
nine data sets. The calculation of the Euclidean distance is
given by

d2 = (Xm−Xn)(Xm−Xn)
′, (5)

where Xm and Xn represent the spectral data feature vectors of
the m-th and n-th kaolin samples, respectively.

As demonstrated in Fig. 4(a), the application of CA to the
refractive index data of samples within the 0.5–2.75 THz fre-
quency range results in the generation of a cluster tree diagram
based on the refractive index spectrum. As demonstrated in
the accompanying Fig. 4(b), corresponding to the nine sample
test data, cluster them into various sample types based on the
dissimilarity of Euclidean distance. When the inter-class Eu-
clidean distances range from 0.68 to 1.59, the kaolin samples
are clustered into two categories. Within the initial category,
soft kaolin (RZGLT) and hard kaolin (YZGLT) are grouped

into a subcategory, while sandy kaolin (SZGLT) is grouped
into a separate category. When the clustering distance falls be-
tween 0.39 and 0.68, it is possible to completely cluster kaolin
samples into three categories. The three categories are: Cate-
gory 1, which corresponds to hard kaolin; Category 2, which
corresponds to soft kaolin; and Category 3, which corresponds
to sandy kaolin. It is within this range that optimal classifi-
cation results can be attained. The three clusters of samples
correspond to the SiO2 content of each sample type, thereby
confirming that SiO2 content is also one of the factors influ-
encing the refractive index of the samples.
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Fig. 4. (a) Dendrogram of refractive index values for different sample types.
(b) Histogram of PC1 scores corresponding to different sample types.

The application of PCA to the analysis of refractive index
data from samples within the 0.5–2.75 THz frequency range
results in the identification of the eigenvalues of the sample
data, in addition to the contribution rates and cumulative con-
tribution rates of the principal components. The initial three
principal component data features of the THz refractive index
are preserved. As demonstrated in Table 2, the contribution
rates of the first three principal components to the original data
reach 99.99%, with the first principal component contributing
approximately 99.83%. In PCA, the reflection of sample in-
formation is closely related to the contribution rate; the higher
the contribution rate of a principal component, the more sam-
ple information it reflects. Consequently, the analysis results
of the first three principal components can fundamentally re-
veal the similarities and differences between different types
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of kaolin. The extent of similarity between samples is deter-
mined by the differential PC1 scores between said samples.
The smaller the difference in PC1 scores between samples,
the more similar they are; conversely, the larger the difference
in PC1 scores, the greater the differences between samples.
The PC1 score histograms for the refractive indices of vari-
ous sample groups are presented in Fig. 4(b). The PC1 scores
for the RZGLT-GX325 group range from −10 to 10, those for
the SZGLT-GX325 group range from 10 to 20, while the PC1
scores of the YZGLT-NM325 group range from −10 to −20.
A comparison of the dendrogram and PC1 histogram in Fig. 4
reveals that the score differences between the C1, C2, and C3
groups are minimal, resulting in the smallest Euclidean dis-
tances between these three groups in the dendrogram. Conse-
quently, these groups are clustered into a single category. In
a similar manner, the A1, A2, and A3 groups, as well as the
B1, B2, and B3 groups, are also clustered into their respec-
tive categories based on the score differences between groups.
This finding serves to substantiate the hypothesis that the PC1
scores are consistent with the sample similarity as indicated by
the dendrogram. Therefore, it can be concluded that, in view
of the findings relating to the Euclidean distances between dif-
ferent types of samples and the varying PC1 score differences
between samples, the identification and classification of kaolin
samples is indeed a possibility.

Table 2. Refractive index characteristic values for the three samples.

Factor K Contribution rate (%)
Cumulative

contribution rate (%)
1 392.32271 99.82766 99.82766
2 0.63034 0.16039 99.98805
3 0.03665 0.00932 99.99738
4 0.00534 0.00136 99.99874
5 0.00228 0.00089 99.99963

In order to minimize experimental errors, we use the
mean of the data from three independent samples of the corre-
sponding material as the input set.

CA and PCA were applied separately to analyze the data,
yielding a dendrogram of sample refractive indices as shown
in Fig. 5(a) and a PC1 score plot as shown in Fig. 5(b).
As demonstrated in Fig. 5(a), when the Euclidean distance
ranges from 0.68 to 1.59, samples are categorized into two
distinct groups: the first category comprises samples RZGLT-
GX325 and YZGLT-NM325, while sample SZGLT-GX325 is
distinctly separated and classified into the second category.
When the Euclidean distance is between 0 and 0.68, the kaolin
samples are also clustered into three categories, corresponding
to soft kaolin, hard kaolin, and sandy kaolin. Within this dis-
tance range, kaolin samples can also be identified and classi-
fied. Comparison of the PC1 score histograms of the samples’
refractive indices reveals that the PC1 score of RZGLT-GX325
ranges from 0 to 5, while that of SZGLT-GX325 ranges from
−10 to −20. Furthermore, the PC1 score of YZGLT-NM325

is between 10 and 20. The disparity in PC1 scores between
RZGLT-GX325 and YZGLT-NM325 is minimal, resulting in
their Euclidean distance in the dendrogram being minimal.
Consequently, they are grouped into a single category. This
finding also corroborates the conclusion that the sample simi-
larity exhibited in the dendrogram and the PC1 score chart is
consistent.
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Fig. 5. (a) Dendrogram of refractive indices and (b) histogram of PC1
scores for three different kaolinite samples.

In accordance with the aforementioned analytical
methodologies, the absorption data of the samples were sub-
jected to analysis using both CA and PCA. The absorption data
within the frequency range of 0.5–2.75 THz were utilized as
input variables for CA, resulting in a cluster tree diagram of
the absorption coefficient spectrum, as illustrated in Fig. 6(a).
As demonstrated in the accompanying Fig. 6(a), the nine sets
of measurement data are initially categorized into two primary
classifications. The B1, B2, and B3 groups from SZGLT-
GX325 constitute the primary category, with a Euclidean dis-
tance of 11.449. The remaining data samples comprise the sec-
ondary category, with a Euclidean distance of 52.782. Within
the second category, the A1, A2, and A3 groups form the
RZGLT-GX325 group with a Euclidean distance of 30.131.
When compared to the C1, C2, and C3 groups forming the
YZGLT-NM325 group with a Euclidean distance of 24.8494,
the latter is slightly larger. It is evident that, in accordance
with the disparities observed in the Euclidean distances, the
nine groups of samples can be precisely categorized into the
same category. This finding serves to illustrate the efficacy
of CA in the context of sample absorption coefficients, which
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has been demonstrated to facilitate the intuitive grouping of
test data samples, thereby achieving the classification of the
three kaolin types. Furthermore, a comparison of the Fe2O3

content among the kaolin samples indicates that the terahertz
absorption coefficients of kaolin are influenced by the Fe2O3

content of the samples.
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Fig. 6. (a) Dendrogram of absorption coefficient variations among dif-
ferent samples. (b) Histogram of PC1 scores among different samples.

Employing PCA to analyze the absorption coefficients
of samples within the 0.5–2.75 THz frequency range allows
for the determination of sample data eigenvalues, contribution
rates, and cumulative contribution rates of the principal com-
ponents, while preserving the data characteristics of the initial
three principal components of the terahertz absorption coeffi-
cients. As demonstrated in Table 3, the first principal compo-
nent’s contribution rate is 78.48%, and the cumulative contri-
bution rate of the first three principal components to the orig-
inal data reaches 97.27%, indicating that the analysis results
of these three principal components effectively represent the
sample information. By observing the score differentials in the
PC1 score histogram in Fig. 6(b), the measurements from the
nine samples were initially categorized into two main groups.

Among the SZGLT-GX325 samples, the PC1 score dif-
ferentials between the B1, B2, and B3 groups were the small-
est, corresponding to the smallest Euclidean distances in the
dendrogram. It can be observed that SZGLT-GX325 exhibits
uniqueness in both PCA and CA; YZGLT-NM325 has the
largest negative PC1 score, and the PC1 score differentials

within the RZGLT-GX325 group are similar to those within
the YZGLT-NM325 group, indicating a certain degree of sim-
ilarity between the two. Combining CA and PCA, the test data
from the nine groups of samples were intuitively clustered into
three groups: SZGLT-GX325, RZGLT-GX325, and YZGLT-
NM325, effectively reflecting the similarities and differences
among the three kaolin types.

Table 3. Absorption coefficient eigenvalues of three samples.

Factor K Contribution rate (%)
Cumulative

contribution rate (%)
1 308.44873 78.48568 78.48568
2 62.69165 15.95207 94.43776
3 11.11624 2.82856 97.26632
4 4.21679 1.07297 98.33929
5 3.39765 0.86454 99.20383
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Fig. 7. (a) Dendrogram of absorption coefficients and (b) histogram of
PC1 scores for three different kaolinite samples.

To mitigate experimental errors, similarly, the mean of
absorption data from three independent samples of each ma-
terial within the 0.5–2.75 THz frequency range is used as
the input set. CA and PCA were subsequently employed to
analyze the data. The resulting absorption coefficient den-
drogram for the samples is presented in Fig. 7(a), and the
PC1 score plot is shown in Fig. 7(b). The clustering dendro-
gram in Fig. 7(a) reveals that the kaolin samples are divided
into two categories: SZGLT-GX325 is classified as the first
category with a Euclidean distance of 155.8, while YZGLT-
NM325 and RZGLT-GX325 form the second category with a
Euclidean distance of 52.1. When the inter-category distance
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ranges from 0 to 52.1, the tested kaolin samples can be clus-
tered into three categories, corresponding to RZGLT-GX325,
YZGLT-NM325, and SZGLT-GX325, respectively. As illus-
trated in the PC1 score histogram in Fig. 7(b), the PC1 score of
RZGLT-GX325 ranges from 0 to 5, the PC1 score of SZGLT-
GX325 ranges from 15 to 20, and the PC1 score of YZGLT-
NM325 ranges from−15 to−20. The PC1 difference between
RZGLT-GX325 and SZGLT-GX325 is minimal, resulting in
their grouping into one category in the dendrogram. The range
of Euclidean distances between the analyzed samples effec-
tively reflects the differences and similarities among the three
kaolin samples, classifying them into three categories and thus
achieving the classification of kaolin.

Qualitative analysis of three independent samples (nine
samples in total) was conducted using terahertz technology
combined with CA and PCA. Because different types of kaolin
exhibit distinct responses in the terahertz frequency band, the
Euclidean distances and PC1 scores corresponding to each
group also vary. Furthermore, the refractive indices and ab-
sorption coefficient spectra of the kaolin samples demonstrate
significant differences. The results were visually presented
through dendrograms and PC1 score histograms, illustrating
the differences and similarities between categories. To mini-
mize experimental errors, the mean values of the characteris-
tic data for each sample category were used as the input set.
The results indicate that within the 0.5–2.75 THz frequency
band, the Euclidean distances and PC1 score histograms of
kaolin samples also exhibit significant differences. By us-
ing CA to identify differences hidden beneath commonalities,
the extracted data underwent objective multivariate analysis.
Through the combination of CA-PCA models, the relation-
ship between PC1 score differences and Euclidean distances
is visually demonstrated. By combining these two models,
the study achieved effective classification and identification
of different types of kaolin, significantly improving the accu-
racy of classification. In summary, based on the differences
in response of kaolin samples from different regions under
terahertz time-domain spectroscopy technology, the CA-PCA
model was applied for CA. The qualitative analysis results
are clearly shown in the dendrogram and PC1 score plot, and
a corresponding kaolin dataset was established, providing a
comprehensive reference basis for the identification of kaolin
from other regions.

4. Conclusion
Utilizing THz-TDS technology and machine learning

methodologies, a qualitative analysis was performed on three
kaolin varieties. Refractive indices and absorption coefficients
of the kaolin types demonstrated notable variations in their
spectral responses within the 0.5–2.75 THz frequency range.
Furthermore, whether the input set comprises the mean val-
ues derived from measurements of nine samples or the mean

values derived from measurements of three independent sam-
ples, CA and PCA were implemented to generate correspond-
ing dendrograms and PC1 score plots. These analyses effec-
tively elucidated the distinctions and similarities among soft,
hard, and sandy kaolin, offering a robust method for differen-
tiating between the kaolin types. The PCA results distinctly
demonstrate the disparities among the three kaolin samples,
whereas CA offers a more precise classification of the sam-
ples based on their Euclidean distance variations. By integrat-
ing CA and PCA for an objective analysis of the kaolin sam-
ples, the distinctions among the three specific categories —
soft kaolin, hard kaolin, and sandy kaolin — can be compre-
hensively represented, thereby furnishing valuable reference
for the enhancement of classification standards for the three
kaolin types. Furthermore, based on the SiO2 and Fe2O3 con-
tent in the samples, the corresponding trends in the refractive
index and absorption coefficient of the kaolin samples were
observed, thus confirming that the SiO2 content in the samples
is a factor influencing the refractive index of kaolin samples,
and the Fe2O3 content in the samples is a factor influencing the
absorption coefficient of kaolin samples. This study indicates
that terahertz time-domain spectroscopy can be employed for
qualitative and quantitative research on kaolin types. This re-
search presents an effective method for the rapid detection and
identification of kaolin using THz-TDS. Moreover, it provides
crucial reference criteria for establishing a database in the field
of kaolin identification.
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