ICIK

Digital Intelligence in Agriculture
http://dx.doi.org/10.62762/DIA.2026.518539

RESEARCH ARTICLE

Check for
updates

ATR-FTIR Spectral Characteristics and Their Application
to the Classification of Cultivated Karst Soils in Shilin

County

Xing Yang!, Bixia Jiang!, Yanjie He!, Rui Yue!, Ruiqian Bao!, Gaoqiang Lv(»**’, Fei Ma* and

Changwen Du*

! Kunming Branch, Yunnan Tobacco Company, Kunming 650000, China
2College of Agricultural Engineering, Jiangsu University, Zhenjiang 212013, China
3Key Laboratory of Crop Production and Smart Agriculture in Yunnan Province, Kunming 650000, China

4Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210000, China

Abstract

To enable rapid, non-destructive analysis and
functional classification of karst calcareous
soils in Shilin County, Kunming, this study
acquired mid-infrared attenuated total reflectance
Fourier-transform infrared (ATR-FTIR) spectra

in the 4000-900 cm~! range from 409 soil samples.

After standardized preprocessing, the samples
were preliminarily partitioned into four spectral
groups by K-means clustering, and a partial
least squares discriminant analysis (PLS-DA)
model was constructed.  Variable importance
in projection (VIP) scores were further used
to identify key spectral features distinguishing
the classes. The spectra were dominated by
peaks at 3620, 1650, and 1020cm~!, and no
obvious calcite absorption at ~1430cm~! was
observed, suggesting strong carbonate leaching
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(decalcification weathering). K-means clustering
divided the samples into four groups (G1-G4),
interpreted from their spectral features as organic
matter-mineral impoverished, mineral-dominated,
organic matter-mineral enriched, and organic
matter impoverished types, respectively, possibly
reflecting spectral differentiation along a rocky
desertification gradient. The PLS-DA model
achieved an overall accuracy of 93.9% wunder
nested cross-validation, with precision and
recall exceeding 92% for G1-G3. VIP analysis
identified the silicate skeleton region, the organic
matter/water region, and the hydroxyl region
as key bands, suggesting that gradients in clay
mineral, organic matter, and bound water contents
contribute most to spectral differentiation. These
findings indicate that ATR-FTIR spectroscopy has
potential for rapid, non-destructive classification of
karst calcareous soils and can provide a technical
pathway for soil survey and rocky desertification
monitoring.
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1 Introduction

Karst rocky desertification (KRD) is a major global
ecological and environmental problem [1]. The
karst region of southwest China is one of the
world’s three largest contiguous karst regions, where
rocky desertification poses a severe threat [2, 3].
Accordingly, rapid and accurate assessment of soil
type differentiation and quality in cultivated land
of this region is of great importance for rocky
desertification monitoring, soil resource management,
and ecological restoration decision-making. Karst
calcareous soil is a distinctive soil type of this
landform. Its mineral composition is dominated by
phyllosilicate clay minerals (e.g., kaolinite and illite)
and quartz, while organic matter content and its
occurrence state are jointly regulated by biological
accumulation and leaching, giving rise to high
spatial heterogeneity. Conventional soil classification
and property determination rely on field profile
surveys combined with laboratory physicochemical
analyses, such as organic carbon determination by
the potassium dichromate oxidation method and
mineral composition identification by X-ray diffraction
(XRD) [4]. Although these methods are accurate,
they are labor-intensive, time-consuming, and costly,
and cannot meet the demand for rapid screening
and dynamic monitoring of soil resources over large
areas. Therefore, the development of efficient,
non-destructive, and low-cost techniques for rapid soil
analysis has become a research focus in soil science
and ecology, with Fourier-transform infrared (FTIR)
spectroscopy emerging as a promising alternative for
rapid soil constituent characterization [5].

Mid-infrared (MIR) spectroscopy provides a powerful
molecular fingerprinting tool for rapid soil analysis.
The MIR spectrum of soil (4000400 cm™!) reflects the
combined molecular response of organic functional
groups and inorganic mineral constituents. Because
soil types differ in pedogenic conditions, they
exhibit systematic differentiation in the positions
and intensities of characteristic absorption peaks,
forming unique “spectral fingerprints” [6]. Over
the past two decades, the application of infrared
spectroscopy in soil analysis has expanded into several
important directions. For soil organic matter analysis,
FTIR spectroscopy can effectively characterize the
functional group composition and structural features
of organic fractions such as humus and fulvic acid.
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The broad hydroxyl absorption band near 3400 cm ™!,

the Amide I band at 1650cm™—*!, and the Amide II
band at 1550 cm ™! collectively reveal the humification
degree and molecular structural stability of soil
organic matter [7, 8]. For soil mineral analysis, MIR
spectroscopy is highly sensitive to phyllosilicate clay
minerals; kaolinite, illite, and montmorillonite display
characteristic absorption differences at 3620 cm™!
(structural hydroxyl), 1020cm~! (Si-O-Si skeleton),
and in the 800-1200cm™! range, and have been
successfully used for qualitative identification and
semi-quantitative estimation of soil clay minerals [9,
10]. For soil classification and type discrimination,
full-spectrum fingerprint MIR spectroscopy combined
with chemometric models can distinguish soil types,
with reported overall accuracies of about 62-89%
depending on the spectral range and classifier [11].

Because soil spectral data are characterized by
high dimensionality, strong collinearity, and high
background noise, accurate discrimination by
visual spectral interpretation alone is difficult. The
introduction of chemometric methods offers an
effective means for in-depth mining of spectral
fingerprint information: unsupervised clustering
algorithms (e.g., K-means) can reveal natural
differentiation patterns of soil samples based on
spectral similarity, whereas supervised discriminant
models (e.g., partial least squares discriminant
analysis, PLS-DA) discriminate soil types by
projecting the spectra onto latent variables that
maximize the covariance between the spectral matrix
and the class-membership matrix; their variable
importance in projection (VIP) analysis can further
identify the key spectral response regions driving
classification [12, 13]. For soil quality assessment and
degradation monitoring, the integrated strategy of
“fingerprint FTIR spectroscopy + chemometrics” has
been successfully applied to assess soil ecosystem
disturbance and recovery trajectories caused by forest
harvesting and land-use changes, by tracking spectral
dynamics of soil organic matter and reactive mineral
components [14]. These studies demonstrate that MIR
spectroscopy is not merely a tool for soil constituent
analysis but also a systematic diagnostic means that
can comprehensively reflect soil development status
and degradation degree.

Karst calcareous soils exhibit distinctive regional
spectral characteristics. Their mineral assemblage is
dominated by quartz and secondary clay minerals,
with kaolinite and illite as the principal clay
minerals, which produce characteristic spectral
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signals such as a sharp structural hydroxyl peak
of clay minerals at 3620cm~! and a strong silicate
skeleton absorption at 1020 cm~* [4, 15]. Meanwhile,
soils at different rocky desertification degrees differ
significantly in organic matter and mineral abundance,
providing a material basis for classification by MIR
spectroscopy [16]. However, existing soil spectral
classification studies have primarily drawn on
globally compiled spectral libraries and targeted
zonal soils in non-karst regions [17], with site-specific
ATR-FTIR discrimination efforts concentrated
in temperate and agricultural settings [18-20];
systematic spectral classification of calcareous soils
in the karst region of southwest China therefore
remains relatively scarce. Therefore, this study took
cultivated soils in the Shilin area of Yunnan Province
as the research object, employed attenuated total
reflectance Fourier-transform infrared (ATR-FTIR)
spectroscopy combined with chemometric methods
to systematically analyze soil spectral fingerprints,
and explored their application in soil classification.
The aim is to provide a technical pathway for rapid,
non-destructive detection of karst calcareous soils, as
well as a scientific basis for regional soil quality survey
and rocky desertification ecological monitoring.

2 Materials and methods
2.1 Study Area

The study area is located in Shilin Yi Autonomous
County, Kunming City, Yunnan Province
(24°30'N-25°03'N, 103°10'E-104°40'E), situated
in the core karst landform distribution zone of
the Yunnan-Guizhou Plateau, at an elevation of
1500-2100 m. The region has a subtropical monsoon
climate, with an annual mean temperature of 16.3°C
and annual mean precipitation of approximately
960 mm, with distinct dry and wet seasons. The
parent rocks are mainly Permian limestone and
dolomite, and the dominant soil type is calcareous
soil. The soil layer is shallow (mostly <50 cm), the
texture ranges from clay loam to clay, and organic
matter content varies widely in space. Cultivated
land in the study area consists mainly of sloping and
depression farmland. Affected by topographic relief,
rocky desertification gradients, and human cultivation
activities, soil physicochemical properties exhibit
pronounced spatial heterogeneity.

2.2 Soil Sampling and Preparation

A total of 409 cultivated soil samples were collected
from the tillage layer (0-20 cm) of 7 townships or

regions, including Banqiao (22 cases), Changhu (102
cases), Dake (37 cases), Guishan (87 cases), Lufu
(38 cases), Shilin (48 cases), and Xijiekou (75 cases)
in 2024. At each sampling site, approximately 1 kg
of soil was collected by the five-point composite
method, sealed in plastic bags, and transported to
the laboratory. After air-drying, plant residues,
gravel, and other impurities were removed; the
samples were ground and passed through a 0.25 mm
(60-mesh) sieve, thoroughly mixed, and stored in a
desiccator until use. This preparation protocol follows
established procedures for mid-infrared diffuse
reflectance spectroscopic analysis of agricultural
soils, which have demonstrated that fine grinding
and sieving to <0.25 mm are critical for obtaining
reproducible mid-infrared spectra [21].

2.3 ATR-FTIR Spectral Measurement

Mid-infrared spectra of soil samples were acquired
using a Fourier-transform infrared spectrometer
equipped with an attenuated total reflectance (ATR)
accessory. The instrument parameters were set as
follows: scanning range 4000-900 cm ™!, resolution
4cm~!, 64 scans, with automatic background
subtraction against air. During measurement, an
appropriate amount of sieved soil was placed directly
on the diamond ATR crystal surface and pressed into
intimate contact with the crystal using a pressure
device, and spectral data were recorded. Each
sample was measured in triplicate, and the average
spectrum was used for subsequent analysis [22, 23].
All spectral acquisitions were performed under
constant temperature (25°C) and humidity (relative
humidity <50%) conditions to minimize the influence
of environmental fluctuations on the spectral baseline.

2.4 Data Preprocessing

The raw spectra were first smoothed by the
Savitzky-Golay method (window width 15 points,
polynomial order 2) to remove high-frequency
noise, followed by standard normal variate (SNV)
transformation to eliminate scattering effects caused
by differences in particle size and optical path
length [24, 25]. To facilitate comparison of absorption
intensities among samples, the preprocessed
spectra were subjected to vector normalization. All
preprocessing steps and subsequent data analyses
were performed in MATLAB R2020b (MathWorks,
Natick, MA, USA).

181



Digital Intelligence in Agriculture

ICJK

2.5 Chemometric Analysis
2.5.1 K-means Clustering Analysis

Using the preprocessed full-spectrum data
(4000-900cm™!) as input variables, the K-means
algorithm was applied to perform unsupervised
clustering of the 409 soil samples. Prior to clustering,
principal component analysis (PCA) was applied
to the spectral data for dimensionality reduction.
Principal components with cumulative variance
contribution >95% were extracted as inputs for
clustering to mitigate collinearity interference [26].
The optimal number of clusters & was determined
by the Elbow Method combined with the Silhouette
Score, and the samples were ultimately partitioned
into four spectral groups (G1-G4). The mean
spectral curve of each group was calculated, and
the physicochemical composition characteristics of
each group were interpreted in conjunction with
the vibrational assignments of infrared functional
groups. One-way ANOVA confirmed that absorption
intensities at the key diagnostic bands (3620, 1650,
and 1020 cm ™) differed significantly among the four
clusters (P < 0.05, Tukey’s post hoc test).

2.5.2 Partial Least Squares Discriminant Analysis
(PLS-DA)

A supervised PLS-DA model was constructed
using K-means-derived soil class labels (G1, G2,
G3, G4) as response variables and preprocessed
full-spectrum absorbance data as predictor variables.
A nested cross-validation strategy was applied
to avoid data leakage in the selection of the
number of latent variables (LVs), following
variable optimization practices established for
MIR soil spectral modeling [27]. In the outer loop,
leave-one-out cross-validation (LOOCV) over the full
dataset (n = 409) served for final model evaluation.
For each outer iteration, one sample was left out
for prediction; the remaining samples formed an
inner training subset, where 10-fold cross-validation
(CV) was used to optimize the number of LVs by
minimizing cross-validated classification error. The
model trained on the inner subset predicted the
held-out sample. After completing all outer-loop
iterations, classification accuracy, precision, recall,
and the confusion matrix were aggregated from
predictions of all samples.
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2.5.3 Variable Importance in Projection (VIP) Analysis

Based on the optimal PLS-DA model, the VIP value of
each spectral band was calculated as

2
P SSY. (wia/||wall)
A
S, 88V,

VIP; = (@)

where p is the number of spectral variables
(wavenumbers), A is the number of latent variables,
SSY, is the sum of squares of the response explained
by the a-th latent variable, and wj, is the weight of
variable j in the a-th latent variable. Bands with
VIP > 1.0 were selected as key bands contributing
significantly to classification [28]. The soil constituent
information corresponding to high-VIP bands was
interpreted by reference to infrared functional group
vibrational assignments, to elucidate the core spectral
response regions driving soil type differentiation.

2.6 Statistical Analysis

Spectral differences among K-means clusters were
tested for significance by one-way analysis of variance
(ANOVA) followed by Tukey’s post hoc test (P <
0.05). The classification performance metrics of the
PLS-DA model were calculated as follows:

Zfil TP;
A === 2
ccuracy N (2)
TP;
PreCiSiOl’li = W’L}?l}i, (3)
TP;

I, = ———— 4
Recall; TP, + FN;’ (4)

where K = 4 is the number of classes, N = 409 is
the total number of samples, and TP;, FP;, and FN;
denote the numbers of true positive, false positive,
and false negative samples of class ¢ (one-versus-rest),
respectively [29, 30].

3 Results and Discussion

3.1 Spectral Characteristics of Cultivated Soils in
the Shilin Area

As shown in Figure 1, the attenuated total reflectance
Fourier-transform infrared (ATR-FTIR) spectra of
the 409 soils from the Shilin area cover the MIR
range of 4000-900 cm~!. All samples exhibited highly
consistent spectral peak shapes and characteristic peak
positions, with only continuous gradient variations
in absorption intensity, indicating that the functional
groups and mineral composition types of soils in
the study area were qualitatively similar, and that
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only the relative contents of constituents exhibited
spatial or profile differentiation. Overall, characteristic
absorptions were concentrated in three regions: (1) a
broad hydroxyl absorption band at 3700-3000 cm ™!,
in which a sharp peak at 3620cm™!, a main peak
at 3434cm—!, a shoulder at 3369 cm™!, and a weak
absorption at 3190 cm~! were distributed sequentially
from high to low wavenumber; (2) a medium-intensity
absorption peak at 1650 cm ™! and a weak absorption
peak at 1550cm™}; and (3) the strongest absorption
peak of the entire spectrum at 1020 cm !, representing
the core spectral response of the soil solid-phase
skeleton constituents.

The characteristic peaks were assigned to specific
substances based on classical vibrational mode
assignments in soil infrared spectroscopy and previous
studies: the sharp peak at 3620 cm ™! is attributed to the
stretching vibration of inner structural hydroxyl (O-H)
groups in phyllosilicate clay minerals such as kaolinite
and illite, and can serve as a qualitative indicator of
secondary clay minerals in soil [9, 10]; the continuous
broad absorption band formed by 3434, 3369, and
3190 cm ™! results from the superposition of multiple
hydrogen-containing group vibrations, corresponding
respectively to the asymmetric O-H stretching of
adsorbed water on soil particle surfaces, the stretching
of interlayer bound water in clay minerals and amino
(N-H) groups in organic matter, and the vibrations of
strongly hydrogen-bonded carboxylic hydroxyl groups
in humus and mineral hydration hydroxyl groups,
collectively reflecting the occurrence state of bound
water and oxygen-/nitrogen-containing organic matter
in soil [7, 8]; the peak at 1650cm™! arises from
the superposition of the H-O-H bending vibration
of adsorbed water and the Amide I band (C=0
stretching vibration) of soil organic matter, while the
peak at 1550 cm ! originates mainly from the Amide
IT (N-H) bending vibration [31, 32]; the strong peak at
1020 cm ™! is attributed to the asymmetric stretching
vibration of the Si-O-Si skeleton in silicate minerals,
indicating that clay minerals and quartz constitute the
main skeleton of the soil solid phase [33, 34].

It should be noted that the spectral scanning range of
this study was 9004000 cm~ !, which only covered
the v3 stretching band (~1430cm™!) of calcite.
The diagnostic 15 (~875cm™!) and vy (~713cm™1!)
bending vibration bands of calcite fell outside
the detection window. No obvious characteristic
absorption of calcite at 1430 cm ™! was observed in
all soil samples. Since the absence of a spectral
peak is only indirect evidence, which may be affected

by the instrument detection limit and spectral peak
overlap, this result cannot independently confirm
the complete disappearance of carbonate minerals.
Nevertheless, combining the dominant spectral
responses of the silicate skeleton (1020cm~!) and
clay-mineral structural hydroxyl groups (3620cm™1),
the spectral features suggested strong carbonate
leaching and high-degree decalcification weathering
of local calcareous soils, which matches the long-term
karst corrosion background in the Shilin area [1, 2].

Moreover, the sharp hydroxyl peak of clay minerals at
3620 cm ™! reflects that the soils are at an intermediate
weathering stage, with kaolinite and illite as the
probable dominant clay minerals (crystallinity was
not assessed), which is consistent with reports that
residual calcium and magnesium in calcareous soils
inhibit the desilication and allitization process [4,
15]. In addition, the broadening and multi-peak
superposition of the hydroxyl absorption band in the
3434-3190cm ™! range indirectly reflect the ternary
interaction among minerals, water, and organic matter
in soil, which may be related to the strong organic
matter retention capacity in the shallow karst soil
layer [16]. Overall, ATR-FTIR technology could
rapidly and non-destructively characterize the mineral
and organic matter composition of cultivated soils
in the Shilin area, providing an important basis for
subsequent soil classification analysis.

3.2 K-means Clustering of Soil Spectra and
Characterization of Clusters

To distinguish the differentiation patterns of soil
samples, K-means clustering was applied to the
ATR-FTIR full-spectrum data of the 409 cultivated
soils from the Shilin area, partitioning them into four
groups: G1 (97 samples), G2 (177 samples), G3 (87
samples), and G4 (48 samples). The scatter plot
in the factor space defined by the first two factor
variables (FV1, FV2) (Figure 2(a)) shows that the
four groups exhibited a differentiation pattern in
the factor space: G1 and G4 were both distributed
on the positive half-axis of FV1, occupying the
mid-to-high and low value ranges of FV2, respectively;
G2 was concentrated in the negative half-axis region
of FV1; G3 clustered in the mid-value range of
FV1 with the highest FV2 scores. The cluster
centers of the four groups were clearly separated in
space, although partial overlap between G1, G2, and
G4 was visible, indicating that K-means clustering
achieved a reasonable partition of soil spectra, with
pronounced within-group spectral similarity and
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Figure 1. ATR-FTIR spectra of 409 soil samples from the Shilin area in the 4000-900 cm~! range, with major absorption
peaks indicated by arrows.

3 - - - - - 0.6 . . . . - T
O 61 E—
(@) 0 G (b) G
L G3 1 057 3
2 2 G4 Z
cluster center ‘@
1 § 0.4t
R=
] L
=03
S £
[ @ 0 ¢ - ;-‘" 2 L
af Foo N Ne) -ﬁ '
e Ay
Topo S A %(‘ 0.1
22 JAVAY.AY
i i i i i u 1 1 - 1 - 1
-6 -4 -2 0 2 4 6 4000 3500 3000 2500 2000 1500 1000
FV1 Wavenumber (cm")

Figure 2. K-means clustering of 409 samples into four groups (a) and the mean spectrum of each cluster (G1-G4) (b).

between-group differences. The mean spectral curves distinct characteristics in material composition and
of the four groups (Figure 2(b)) show that all relative proportions.

groups had identical characteristic peak positions,

exhibiting the typical broad hydroxyl absorption band Further interpretation based on infrared functional
at 3700-3000cm™!, the water deformation peak at &roup vibrational assignments revealed clear
1650cm~!, and the strong silicate absorption peak differentiation in the physicochemical composition of
at 1020cm~'. However, the absorption intensities the four soil types: G3 exhibited the highest absorption
differed markedly among groups, and the intensity intensities at both the clay mineral structural hydroxyl
variation patterns across bands were not entirely peak (3620 cm™!) and the adsorbed water/organic

synchronized, reflecting that the four soil types possess matter hydroxyl peak (3434cm™') among the four
groups, suggesting the highest clay mineral content,
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bound water, and organic functional group abundance,
corresponding to clayey, organic-matter-rich soils;
G2 showed the highest Si-O-Si skeleton vibration
peak intensity at 1020cm ™! and the second-highest
hydroxyl region absorption, suggesting that silicate
clay minerals are the dominant constituent, with the
highest mineral skeleton proportion and intermediate
organic matter and water contents; G1 exhibited
overall low absorption across the full spectrum, with
weak absorptions in both the hydroxyl region and
the silicate characteristic peak, reflecting low overall
contents of both clay and organic matter; G4 showed
the lowest hydroxyl region absorption among the four
groups, but its 1020 cm~! absorption was higher than
that of G1, suggesting extremely scarce organic matter
and bound water while silicate minerals still maintain
a certain proportion, presenting a composition
characterized by high mineral proportion and organic
matter impoverishment. From the perspective of
information carried by the factor dimensions, the
FV1 axis mainly reflects the gradient variation in the
relative content of silicate minerals, while the FV2 axis
mainly corresponds to the integrated information of
soil hydroxyl groups, water, and organic functional
groups; together they constitute the core dimensions
of spectral variation in karst calcareous soils.

The karst region of Shilin, Yunnan, features
large topographic relief and a pronounced rocky
desertification gradient, and the four spectral groups
may correspond to different soil development stages
and ecological degradation degrees. G3 most likely
corresponds to calcareous soils in depressions
or forestland with good vegetation cover, where
biological accumulation is intense and both organic
matter and clay contents are high; G2 may correspond
to leached calcareous soils on footslopes, where clay
minerals have migrated and accumulated via surface
processes and the mineral component proportion is
prominent; G1 and G4 may correspond to shallow
soils under different degrees of rocky desertification,
with thin soil layers and severe organic matter
loss, among which G4 more closely resembles the
characteristics of initial soils in the early stage of
rocky desertification [35-37]. These attributions
were inferential and were not validated against
measured site attributes such as land use, slope
position, or rocky desertification grade. K-means
clustering combined with MIR ATR-FTIR spectroscopy
may therefore enable rapid soil type classification
and degradation degree identification in karst
areas, allowing attribute discrimination of large

batches of samples without cumbersome chemical
determinations, and providing an efficient, low-cost
technical pathway for large-scale rocky desertification
monitoring and soil quality survey [38]. Meanwhile,
the categorical differentiation characteristics of soil
spectra also suggest that in subsequent spectral
quantitative inversion of soil properties, introducing
classification variables for group-specific modeling can
effectively reduce the interference of between-group
compositional differences and further improve
prediction accuracy [39, 40].

3.3 Performance of the PLS-DA Classification
Model

To accurately discriminate soil spectral types, a PLS-DA
discriminant model was constructed based on the
MIR ATR-FTIR spectra using the four soil classes
(G1, G2, G3, G4) derived from K-means clustering
as labels; the results are shown in Figure 3. The model
achieved an overall classification accuracy of 93.9%,
with a misclassification rate of only 6.1%. Misclassified
samples were mainly concentrated in the G4 predicted
group: 10 of the 56 samples predicted as G4 (17.9%)
were misclassified, being actually G1 (1 sample) and
G2 (9 samples); the misclassification rates of the other
predicted classes were 3.2%, 3.6%, and 6.6% for G1, G2,
and G3, respectively, all below 7%.

Among all 409 samples, the numbers of correctly
classified samples in G1, G2, G3, and G4 were 90, 163,
85, and 46, respectively. The per-class precision values
were 96.8% (G1), 96.4% (G2), 93.4% (G3), and 82.1%
(G4); the per-class recall values were 92.8% (Gl1),
92.1% (G2), 97.7% (G3), and 95.8% (G4). Precision
reflects the reliability of model predictions. The
precision of both G1 and G2 exceeded 96%, indicating
that samples classified as G1 or G2 by the model
were rarely misclassified, and the infrared spectral
fingerprint features of these two soil types were highly
distinguishable. The precision of G3 decreased slightly
to 93.4%, with a small number of samples predicted as
G3 actually belonging to G1 or G2, suggesting slight
band information overlap between G3 and the G1/G2
classes. The precision of G4 was only 82.1%, the
lowest among the four groups; the vast majority of
misclassified samples (9 cases) were confused with G2,
and only 1 case came from G1. It is worth noting that
among the 48 samples in G4, only 2 were misclassified
as G2. G4 and G2 were the clusters with the lowest
(48) and highest (177) sample counts, respectively.
Because 9 G2 samples were assigned to the smaller G4
class, spectral overlap between G2 and G4 (Figure 2(a))
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Figure 3. Classification performance of the PLS-DA model
for the four soil classes. Matrix rows represent
model-predicted classes and columns represent true
observed classes from clustering; diagonal green cells
indicate correctly classified sample counts (with
percentages of all samples), off-diagonal red cells indicate
misclassified samples, the right-hand white cells indicate
the precision and misclassification rate of each predicted
class, the bottom white cells indicate the recall and miss
rate of each observed class, and the bottom-right blue cell
indicates the overall model accuracy and overall
misclassification rate.

is the more likely reason for the low precision of
G4, although the class-size imbalance may also have
contributed to blurred classification boundaries [30].

In addition, recall characterizes the model’s ability
to capture samples of a true class. G3 had the
highest recall (97.7%) among the four groups, with
almost all true G3 samples correctly identified,
probably attributable to its higher absorption intensity
in the hydroxyl functional group bands compared
with the other three groups, giving it outstanding
feature distinctiveness. The recall values of G,
G2, and G4 all exceeded 92%, indicating that the
model could stably capture the spectral features
of each of the four soil types, with very few true
samples being missed. Overall, the 93.9% overall
accuracy of the PLS-DA model demonstrated that
MIR ATR-FTIR spectroscopy combined with partial
least squares discriminant analysis could reproduce
the K-means-derived cluster types of karst calcareous
soils rapidly and non-destructively, which is suited
to the automated classification needs of large batches
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of soil samples [11, 12]. Future work could employ
second-derivative spectral preprocessing to amplify
subtle differences in hydroxyl bands, expand the G4
sample library, or construct a hierarchical two-stage
PLS-DA model to reduce the spectral information
overlap between G2 and G4 and improve overall model
performance. Additionally, integrating particle size
information alongside spectral data, as demonstrated
by mid-infrared ATR spectroscopy studies targeting
soil carbon and texture simultaneously, may further
enhance classification robustness [41].

It should be noted that this study has limitations
regarding the coverage of rocky desertification
gradients. Constrained by the accessibility
of field sampling, moderate and severe rocky
desertification plots within the study area are
mostly distributed in core protected areas and on
steep slopes, which renders systematic sampling
impracticable. Accordingly, this study only
incorporated samples from three rocky desertification
gradients: non-obvious, potential, and mild. This
also indicates that the ATR-FTIR-PLS-DA soil
classification model developed in this study is
currently only applicable to the discrimination of
karst calcareous soils within the aforementioned
gradient ranges, and direct extrapolation to soils
affected by moderate or severe rocky desertification
carries uncertainty. In subsequent work, we will
carry out targeted supplementary sampling in areas
with moderate and severe rocky desertification to
improve the coverage of sample gradients, so as to
further expand the application scope and enhance the
generalization performance of the model. Meanwhile,
the core discriminant wavenumber bands and the
methodological framework of spectral classification
revealed in this study can provide a fundamental
basis for future research on full-gradient spectral
classification of rocky desertification soils.

3.4 Variable Importance Analysis of the PLS-DA
Classification Model

To investigate the spectral features that play a key
role in classification, the VIP value of each spectral
band in the PLS-DA model was calculated, and the
contribution rate was analyzed using VIP > 1 as
the threshold; the results are shown in Figure 4.
VIP values exhibited significant regional aggregation
across the full spectrum, with high-contribution
bands concentrated in three independent regions: (1)
the high-wavenumber hydroxyl vibration region at
3800-3500 cm ™!, where multiple sharp peaks with
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VIP > 1 were distributed, with a maximum value
of approximately 1.4, (2) the organic functional
group and water deformation vibration region at
1800-1500cm™!, where VIP values were generally
elevated to form a continuous high-value band, with a
peak reaching approximately 1.8; and (3) the silicate
skeleton vibration region at 1200-1000 cm™*!, where
VIP values rose rapidly and formed the highest peak
in the full spectrum, at approximately 1.8 (comparable
to the peak in the 1800-1500cm™! region). VIP
values in the remaining bands were generally below
1, with values of only 0.2-0.5 in the 3000-2500 cm !
and 2200-1800 cm ™! ranges, contributing weakly to
classification.
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Figure 4. VIP value analysis results from the PLS-DA model.

Interpretation based on infrared functional group
vibrational assignments showed that the three
high-VIP regions correspond well to the core
characteristics of compositional differences among
the four soil types, consistent with the results from
the mean spectra and confusion matrix. The Si-O-Si
skeleton vibration region near 1000cm~! had the
highest VIP values in the full spectrum, indicating
that the relative content of silicate clay minerals
contributes the most to the model’s classification
decisions, corresponding to the overall gradient
variation in clay content among the four soil types.
The 1800-1500 cm ™! region had comparably high VIP
values, encompassing the H-O-H bending vibration of
water at 1650 cm ™1, the C=0 stretching vibration of
the organic matter Amide I band, and the Amide II
band and carboxylate vibration signals near 1500 cm~};
the continuous high VIP values in this region indicate
that gradient differences in soil water and organic
functional group composition constitute the core
discriminant basis for the model to distinguish soils at
different development degrees. The 3800-3500 cm~—*
region had the weakest VIP values among the
three, covering the inner structural hydroxyl groups
of clay minerals (near 3620 cm~1), soil adsorbed

water, and hydroxyl stretching vibrations of organic
matter; the fact that VIP values in this region
exceeded the threshold indicates that differences
in clay mineral abundance, bound water content,
and organic hydroxyl functional groups form an
important basis supporting soil class discrimination,
corresponding to the between-group differentiation
characteristics of high hydroxyl absorption in G3 and
low hydroxyl absorption in G4. These findings are
consistent with broader evidence that near-infrared
and mid-infrared spectroscopy can reliably track soil
organic matter quality and carbon pool dynamics
across landscape gradients [42, 43]. Thus, ATR-FTIR
analysis of cultivated soils in Shilin demonstrated
clear differentiation in clay-mineral abundance, soil
organic-matter content, and bound-water content
across samples. These differentiation characteristics
may provide a basis for subsequent soil management
and support the feasibility of ATR-FTIR spectroscopy
in soil classification applications.

4 Conclusions

In this study, 409 cultivated soil samples from
Shilin, Yunnan, were used to investigate soil
classification by ATR-FTIR spectroscopy combined
with chemometric methods. The soil spectra were
dominated by characteristic peaks at 3620cm™!
(clay mineral hydroxyl), 1650cm™! (Amide I
band and water bending), and 1020cm™! (silicate
skeleton), and no obvious calcite absorption at
~1430cm™! was observed, suggesting strong
decalcification weathering. = K-means clustering
partitioned the samples into four clusters (G1-G4),
interpreted as organic-matter—-mineral-impoverished,
mineral-dominated, organic-matter-mineral-enriched,
and organic-matter-impoverished types, respectively,
which may reflect spectral differentiation along the
rocky desertification gradient. The PLS-DA model
achieved an overall accuracy of 93.9%, with precision
and recall exceeding 92% for G1-G3; G4 showed
lower precision (82.1%), possibly due to spectral
overlap with G2 and its smaller sample size. VIP
analysis identified the silicate skeleton region, the
organic matter/water region, and the hydroxyl
region as key bands, suggesting that gradients in clay
mineral, organic matter, and bound water contents
contribute most to the differentiation. This study
provides technical support for soil survey and rocky
desertification monitoring in karst regions.
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