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Introduction: Monitoring grazing intensity is crucial for maintaining ecological
balance and promoting the sustainable management of sandy grasslands.
Traditional ground surveys and single-source remote sensing often lack the
spatial resolution, spectral richness, and robustness required to accurately
characterize heterogeneous grazing impacts. Unmanned aerial vehicle (UAV)-
based multi-source remote sensing provides �ne-scale, repeatable observations
that can overcome the limitations of traditional �eld surveys.
Methods: Grazing experiments were conducted in the sandy grasslands of Inner
Mongolia, China, using UAVs to capture visible and multispectral imagery across
plots subjected to different grazing intensities. Spectral responses were analyzed
using mean–variance statistics and Tukey’s multiple comparison tests. A series of
novel spectral indices were constructed based on separability analysis and
integrated with traditional vegetation indices to address the limited sensitivity
of conventional indices and multi-index feature redundancy. An automatic
incremental feature selection (AIFS) algorithm was developed to adaptively
optimize the feature subset and enhance model robustness, with a support
vector machine classi�er, k-nearest neighbor, and random forest used for
grazing intensity recognition.
Results: Distinct spectral responses to grazing disturbance were observed: visible
bands increased with grazing intensity due to enhanced soil background effects,
while red-edge and near-infrared bands effectively captured reductions in
chlorophyll content and canopy structure under moderate to severe grazing.
Traditional vegetation indices were sensitive to extreme grazing, whereas the
proposed indices showed superior performance in distinguishing moderate
grazing levels. The AIFS-optimized feature subset reduced redundancy and
improved model accuracy, achieving the highest recognition performance
(OA=92.13%, Kappa=88.99%)—outperforming models using all features or
single-source data.
frontiersin.org01

https://www.frontiersin.org/articles/10.3389/fpls.2025.1730583/full
https://www.frontiersin.org/articles/10.3389/fpls.2025.1730583/full
https://www.frontiersin.org/articles/10.3389/fpls.2025.1730583/full
https://www.frontiersin.org/articles/10.3389/fpls.2025.1730583/full
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2025.1730583&domain=pdf&date_stamp=2025-12-11
mailto:duwen@syau.edu.cn
https://doi.org/10.3389/fpls.2025.1730583
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2025.1730583
https://www.frontiersin.org/journals/plant-science


Guan et al. 10.3389/fpls.2025.1730583

Frontiers in Plant Science
Discussion: Integrating UAV visible and multispectral imagery with intelligent feature
selection enhances the detection of grazing-induced vegetation responses. This
approach provides a robust framework for high-precision grassland monitoring and
sustainable ecological management in arid and semi-arid regions.
KEYWORDS

sandy grasslands, multi-source remote sensing, unmanned aerial vehicle, grazing
intensity, spectral indices, feature selection
1 Introduction
Grasslands are globally signi�cant ecosystems, providing
essential resources for livestock production and playing a vital
role in maintaining ecological balance, sequestering carbon, and
conserving water (Zhao et al., 2020). China has extensive grasslands,
with the sandy grasslands of Inner Mongolia serving as a typical
example, which function in both ecological protection and grazing
production. However, long-term overgrazing and other human
disturbances have caused severe degradation of sandy grasslands,
leading to vegetation loss, wind erosion, and biodiversity decline
(Lin et al., 2022; Jiang et al., 2024). Grazing intensity is a key
indicator of grassland exploitation and degradation, and its accurate
monitoring is vital for the ecological protection and sustainable use
of sandy grasslands. Therefore, there is an urgent need to develop
ef�cient and precise monitoring methods to support scienti�c
management and policy formulation (Reinermann et al., 2020; Ali
and Kaul, 2025).

Currently, monitoring grazing intensity on grasslands mainly
relies on traditional �eld surveys and sampling plots. These methods
remain direct and reliable, but are time-consuming, labor-intensive,
and limited in spatial coverage, making dynamic monitoring
challenging (Wang et al., 2022; Yu et al., 2025). Satellite remote
sensing has been widely used for large-scale grassland monitoring;
however, its spatial and temporal resolution often cannot meet the
requirements for small-scale, detailed detection of grazing intensity in
sandy grasslands (Ali et al., 2016; Wang et al., 2023). In contrast,
unmanned aerial vehicle (UAV) remote sensing offers advantages
such as �exibility, high resolution, and timely data acquisition, making
it particularly suitable for detailed studies of sandy grassland surface
characteristics and grazing disturbances (Lyu et al., 2022; Bazzo et al.,
2023; Lyu et al., 2024). UAV-based studies typically acquire visible,
multispectral, or hyperspectral imagery. Previous studies have
demonstrated that hyperspectral data can capture subtle spectral
variations, leading to improved accuracy in vegetation classi�cation,
degradation detection, and biomass estimation. However, its high
equipment costs and complex data processing limit its large-scale
application (Ferna�ndez-Habas et al., 2022; Wengert et al., 2022; Liu
et al., 2023; Zhu et al., 2023; Zhang et al., 2024a). Therefore, cost-
02
effective visible and multispectral data have become increasingly
crucial for monitoring sandy grasslands (Rossi et al., 2019).

In recent years, visible-light imagery has been utilized to estimate
grassland coverage and degradation levels due to its ease of
acquisition and simplicity of processing (Possoch et al., 2016;
Lussem et al., 2017, 2018; Zhang et al., 2022). Multispectral
imagery, due to its rich spectral information, has been widely
applied for estimating grass biomass and monitoring grazing
disturbances (Orlando et al., 2022; Schucknecht et al., 2022; Gao
et al., 2024; Zwick et al., 2024). However, monitoring based on a
single data source often suffers from limited robustness across
different grazing conditions, low generalizability, and inconsistent
performance in distinguishing moderate grazing levels—one of the
most critical yet dif�cult categories to detect. To address these
limitations, multi-source data fusion has gradually emerged as a
popular research focus (Barber et al., 2021; Liu et al., 2025). For
example, some researchers extract key indicators, such as vegetation
indices, and perform multi-indicator analyses to identify Zoysia
japonica, thereby evaluating its cold tolerance (Ku et al., 2023).
Other studies have developed multiple linear regression (MLR) and
generalized additive models (GAM) to estimate grassland
aboveground biomass (AGB) using texture features from UAV
RGB imagery and vegetation indices from multispectral imagery
(Pan et al., 2024). Researchers collected UAV RGB and multispectral
imagery, combined vegetation structure variables with spectral
features, and applied machine learning algorithms for image
segmentation and species classi�cation (Pranga et al., 2024).
However, despite progress in multi-source fusion, existing studies
still exhibit three major gaps: (1) fusion is often simple (e.g., direct
concatenation of indices or original bands) and lacks targeted design
based on spectral separability; (2) redundant or irrelevant features in
multi-source datasets reduce model stability and generalizability; (3)
limited attention has been given to constructing spectral indices
speci�cally sensitive to grazing-induced vegetation responses,
especially at moderate grazing intensities.

To address these challenges, this study focuses on detecting
grazing intensity in a typical sandy grassland. By integrating visible
and multispectral UAV data, the study examines the correlations
and separability of spectral features. We construct targeted spectral
indices (SIs) based on the physical mechanisms of vegetation
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response to grazing and fuse them with traditional vegetation
indices. Concurrently, an automatic incremental feature selection
(AIFS) method is applied to select multi-source features, reducing
redundancy and enhancing adaptability to heterogeneous grazing
conditions. Ultimately, by integrating and optimizing multiple-
source SIs, the study achieves ef�cient and precise detection of
grazing intensity in sandy grasslands, providing a novel approach
for ecological monitoring and grassland management.
2 Materials and methods

2.1 Overview of the experiment site

The study was conducted at Manghatu Village, Gerchaolu
Sumu, Zhalute Banner, Tongliao City, Inner Mongolia, China
(44°62�24�N, 120°45�14�E) at an altitude of 482 m. The region
features a temperate semi-arid continental climate with distinct
seasons: dry, windy springs; hot summers with scarce rainfall; cool
autumns with signi�cant diurnal temperature variations; and long,
cold winters. The climatic parameters described in this section were
obtained from the China Meteorological Data Service Center and
represent long-term averages based on a 30-year period (1995–
2024). The long-term mean temperature is 5.5 °C, and the annual
accumulated temperature ranges from 2400 to 2600 °C. Annual
sunshine averages approximately 3000 hours, with a frost-free
Frontiers in Plant Science 03
period of 115–130 days. Annual rainfall ranges from 300 to 400
mm, with the majority occurring between June and August,
accounting for ~70% of the total precipitation. Annual
evaporation exceeds 1800 mm, with an average relative humidity
of 49%. The grassland is classi�ed as a temperate mountain
grassland, characterized by sandy soil with a pH of 7.6. The
dominant species is Agropyron cristatum, with key associated
species including Lespedeza davurica, Cleistogenes squarrosa, and
Carex duriuscula.
2.2 Experimental design

This study investigated the effects of varying grazing intensities
on grassland ecosystems, commencing in June 2025. Grazing
occurred from 15 June to 15 September, during which the sheep
remained in their assigned subplots without interruption. The
experimental site covered a total area of 3 ha, divided into four
subplots of 0.75 ha each. A randomized block design was used to
establish four grazing stocking rate treatments. Each subplot was
grazed by 0, 3, 6, or 9 six-month-old rams, corresponding to 0, 4, 8,
or 12 sheep units per ha, respectively. These treatments
corresponded to no grazing (NG), light grazing (LG), moderate
grazing (MG), and severe grazing (SG) (Zhang et al., 2024b). The
overview of the experimental site and the distribution of the grazing
intensity treatments are shown in Figure 1.
FIGURE 1

Location of the experimental sites and distribution of areas under different grazing intensities. (a) China, (b) Inner Mongolia, and (c) the study site.
(e.g., NG, No Grazing; LG, Light Grazing; MG, Moderate Grazing; SG, Severe Grazing).
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2.3 Data acquisition

2.3.1 Ground investigation
Grassland technical personnel conducted ground surveys and

established sample plots within experimental areas subjected to
varying levels of grazing intensity. Sample plots were manually
established for four grazing intensity levels—no grazing, light
grazing, moderate grazing, and severe grazing—to identify
herbaceous species in�uenced by grazing. Precise identi�cation
and extraction of regions of interest are allowed in the UAV
imagery for subsequent analysis.

2.3.2 Image collection and region of interest
extraction

This study used a Mavic 3M UAV (SZ DJI Technology Co., Ltd.,
Shenzhen, China) to acquire imagery (Yu et al., 2023). The UAV is
equipped with a visible light camera and a four-channel multispectral
camera. The visible light camera features a 4/3-inch CMOS sensor
with 20 million effective pixels. The multispectral camera captures four
bands—green (560– 16nm), red (650–16nm), red edge (730– 16nm),
and near-infrared (860 – 26 nm)—with a resolution of 2592 × 1944
pixels per band. The UAV integrates a Global Navigation Satellite
System (GNSS) with a Real-Time Kinematic (RTK) module, enabling
centimeter-level positioning accuracy.

Imagery was acquired on 19 August 2025, between 11:00 and
12:00, at a �ight altitude of 30 m. Both forward and side overlaps
were set at 80% to ensure high-quality stitching and subsequent
processing. A total of 1,536 visible and 3,155 multispectral images
were acquired during the �ight. Images were stitched using DJTerra
software V3.0 (SZ DJI Technology Co., Ltd., Shenzhen, China),
producing visible light orthoimages at ~0.87 cm/pixel and
multispectral images at ~1.54 cm/pixel. RGB imagery
corresponding to different grazing intensity areas is shown in
Figure 2. After UAV image stitching, the red, green, and blue
channels from the visible imagery, along with the green, red, red-
edge, and near-infrared re�ectance from the multispectral imagery,
were extracted for the marked ground areas using ENVI 5.6
software (Harris Geospatial, Boulder, CO, USA)(Fenghua Yu
et al., 2024). To ensure representativeness, region of interest
Frontiers in Plant Science 04
(ROI) samples were selected using a strati�ed random sampling
strategy within each grazing treatment subplot. A total of 720
samples were extracted, with 180 samples assigned to each of the
four grazing intensity levels (NG, LG, MG, SG), ensuring balanced
class distribution and consistent spatial coverage across treatments.
2.4 Grazing intensity monitoring method
based on UAV multi-source remote
sensing

Figure 3 illustrates the framework for monitoring grazing intensity
using multi-source UAV imagery. The process mainly involves four
steps: (1) data acquisition and preprocessing, (2) construction and
fusion of multi-source SIs, (3) AIFS, and (4) classi�cation modeling
and accuracy evaluation. Data pre-processing includes normalization,
standardization, and outlier removal. Multi-source SIs are derived
from multiple features, integrating conventional and self-constructed
indices to capture complementary information across data sources. An
AIFS method, which combines feature importance assessment with
redundancy removal, is employed to select the optimal combination of
indices gradually. Finally, the performance of the optimized fused
features is evaluated using various classi�cation algorithms to achieve
high accuracy and robust monitoring.

2.4.1 Data preprocessing
To ensure balanced contributions from visible and

multispectral data in subsequent multi-source feature fusion, the
raw data were �rst preprocessed. The pixel values of the red
(R _ RGB), green (G _ RGB), and blue (B _ RGB) bands in the
visible imagery were normalized as follows (Cao et al., 2021):

R _ RGBnorm =
R _ RGB

R _ RGB + G _ RGB + B _ RGB

G _ RGBnorm =
G _ RGB

R _ RGB + G _ RGB + B _ RGB

B _ RGBnorm =
B _ RGB

R _ RGB + G _ RGB + B _ RGB
FIGURE 2

Visible-light UAV images illustrating different grazing intensities. (a) No grazing, (b) light grazing, (c) moderate grazing, and (d) severe grazing.
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The re�ectance values of the green (G _ MS), red (R _ MS), red
edge (RE _ MS) , and near-infrared (NIR _ MS) bands in
multispectral imagery did not require further normalization. This
preprocessing lays the foundation for subsequent construction and
fusion of multi-source SIs, preventing feature bias caused by
differences in numerical scales.

2.4.2 Multi-source SIs construction
SIs were calculated from combinations of different spectral

bands to enhance target features, improve stability, and mitigate
interference from factors such as illumination (Guan et al., 2022).
Common approaches for constructing SIs include ratio-based,
difference-based, and interaction-based combinations. In this
study, 14 self-constructed indices were developed by integrating
visible and multispectral band information, optimizing inter-band
complementarity, and enhancing feature recognition. Both
conventional and self-constructed SIs are summarized in Table 1
(Varela et al., 2021) (Zhang et al., 2021b) (Tilly et al., 2015) (Bendig
et al., 2015) (Liedtke et al., 2020) (Zhou et al., 2019) (Yue et al.,
2019) (Pamungkas, 2023) (Zhou et al., 2019) (Pamungkas, 2023).
Frontiers in Plant Science 05
2.4.3 Automatic incremental feature selection
To further enhance the discriminative power of the integrated

features, this study employed an AIFS method on the feature matrix
Xall, which combines visible indices, multispectral indices, and self-
constructed indices.

2.4.3.1 Feature importance ranking
Feature importance was evaluated using the Random Forest

(RF) algorithm (Belgiu and Dra�gut�, 2016). Let the feature fusion
matrix be denoted as Xall � Rn�m, where n is the number of
samples and m is the total number of features, and let the class
vector be Yall . The RF model builds multiple decision trees and
calculates the incremental prediction error on out-of-bag (OOB)
samples for each tree to obtain the importance score Ij for each
feature:

Ij =
1
T oT

t=1DErrOOB
t,j

Here, T is the total number of decision trees, and DErrOOB
t,j

represents the increase in OOB error caused by randomly
FIGURE 3

Schematic framework for monitoring grazing intensity using multi-source UAV imagery.
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permuting the values of feature j in the t-th tree. Features were then
ranked in descending order based on Ij, resulting in the sorted
feature matrix Xsorted .

2.4.3.2 Incremental feature selection for combinations
To minimize the impact of redundant features while

maintaining classi�cation discriminative power, an incremental
combination strategy was used to select features gradually. The
procedure is as follows:

1) Candidate features were sequentially added from the sorted
feature matrix.
Frontiers in Plant Science 06
2) The Pearson correlation coef�cient between the candidate
feature xj and the selected feature set S was calculated (Guan et al.,
2023):

rj,k =
cov(xj, xk)

sxj
sxk

, � � k � S

Suppose the absolute Pearson correlation � rj,k � between the
candidate feature xj and any feature xk in the selected set S exceeds
the threshold rthresh=0.8. In that case, the candidate feature is
considered highly correlated with existing features and is
excluded. Otherwise, it is added to the selected feature set.
TABLE 1 Spectral indices used in this study.

Type SI Formula Reference

Visible light SIs

ExG 2 · G _ RGB � R _ RGB � B _ RGB (Varela et al., 2021)

VARI
(G _ RGB � R _ RGB)=(G _ RGB + R _ RGB �

B _ RGB)
(Zhang et al.,

2021b)

ExGR
ExG � (1:4 · R _ RGB � G _ RGB) · ExG � � � (1:4 ·

R _ RGB � � � G _ RGB)
(Tilly et al., 2015)

RGBVI (G _ RGB2 � � R _ RGB · B _ RGB)=(G _ RGB2 +
� R _ RGB · B _ RGB � )

(Bendig et al.,
2015)

Multispectral SIs

NDVI (NIR _ MS � R _ MS)=(NIR _ MS + R _ MS)
(Liedtke et al.,

2020)

GNDVI (NIR _ MS � G _ MS)=(NIR _ MS + G _ MS) (Zhou et al., 2019)

SAVI
(1 + L)(NIR _ MS � R _ MS)=(NIR _ MS + R _ MS +

L)
(Yue et al., 2019)

MSAVI
(2 · NIR _ MS + 1 �

�����������������������������������������������������������������������������������������
(2 · NIR _ MS + 1)2 � 8 � (NIR _ MS � R _ MS)

p
)=

2

(Pamungkas, 2023)

NDRE (NIR _ MS � RE _ MS)=(NIR _ MS + RE _ MS) (Zhou et al., 2019)

EVI2
2:5 · (NIR _ MS � R _ MS)=(NIR _ MS + 2:4 ·

R _ MS + 1)
(Pamungkas, 2023)

Self-constructed
SIs

idx1 G _ RGB=(B _ RGB) This study

idx2 G _ RGB=(R _ RGB) This study

idx3 NIR _ MS=RE _ MS This study

idx4 NIR _ MS=R _ MS This study

idx5 (NIR _ MS � G _ MS)=(NIR _ MS + G _ MS) This study

idx6 (E _ MS � R _ MS)=(RE _ MS + R _ MS) This study

idx7 (B _ RGBnorm � RE _ MS)=(B _ RGBnorm + RE _ MS) This study

idx8 ( � G _ RGBnorm · NIR _ MS)=(R _ MS · RE _ MS) This study

idx9
(B _ RGBnorm · NIR _ MS)=(R _ RGBnorm ·

G _ RGBnorm)
This study

idx10 (R _ MS · RE _ MS)=(G _ MS · NIR _ MS) This study

idx11 R _ RGB=(R _ RGB + G _ RGB + B _ RGB) This study

idx12 G _ RGB=(R _ RGB + G _ RGB + B _ RGB) This study

idx13 B _ RGB=(R _ RGB + G _ RGB + B _ RGB) This study

idx14
(NIR _ MS � mean(RGBnorm))=(NIR _ MS +

mean(RGBnorm))
This study
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3) For each newly added feature, overall accuracy (OA) was
calculated using 5-fold cross-validation:

OA = 1 � CV�Loss = 1 �
1
K oK

i=1Li

Here, Li denotes the error rate for the i-th fold, with K = 5. Newly
added features were retained in the �nal subset only if they improved
the OA. This strategy ensured that the selected features minimized
redundancy while maximizing classi�cation performance.

2.4.3.3 Output the �nal feature subset
After iterative incremental selection, the optimal feature subset,

Xconstructed , is obtained. This subset serves as input for subsequent
grazing intensity classi�cation, enabling high-precision and robust
classi�cation performance.

Algorithm 1 summarizes the AIFS procedure. The algorithm
ranks features using RF importance, incrementally evaluates
candidate features based on Pearson correlation and cross-
validated accuracy, and retains only those that improve
classi�cation while minimizing redundancy.
Fron
Input: Xall � Feature fusion matrix (n samples ×

m features)

Yall � Class labels

rthresh � Pearson correlation threshold (default=0.8)

K � Number of folds for cross-validation (default=5)

Output:

Xconstructed � Optimized feature subset

Step 1. Feature Importance Ranking (Random Forest)

1: Train Random Forest (RF) model on (Xall, Yall)

2: For each feature j in Xall:

3: Compute importance Ij using OOB error increase:

4: Ij = 1
T oT

t=1DErrOOB
t,j

5: Rank features by descending importance to

obtain Xsorted

Step 2. Incremental Feature Selection

6: Initialize selected feature set S � �

7: For each candidate feature xj in Xsorted:

8: Compute Pearson correlation rj,k between xj and each xk

9: If � rj,k � > rthresh for any xk:

10: Continue//skip redundant feature

11: Else:

12: Temporarily add xj to S

13: Compute OAj using K-fold cross-validation:

14: OAj = 1 � 1
K oK

i=1Li

15: If OAj improves over previous OA:

16: Retain xj in S

17: Else:

18: Remove xj from S

Step 3. Output

19: Xconstructed � S

20: Return Xconstructed
Algorithm 1. Automatic incremental feature selection.
tiers in Plant Science 07
2.4.4 Classi�cation methods
This study used three widely applied classi�cation algorithms—

K-nearest neighbor (KNN) (Abdullah et al., 2001), support vector
machine (SVM) (Guan et al., 2025), and Random Forest (RF) (Guo
et al., 2024)—to classify grazing intensity based on the
fused features.

2.4.4.1 K-nearest neighbor
KNN is a non-parametric classi�cation method based on the

similarity of samples. For a sample x0, the algorithm calculates
distances to all training samples, selects the K nearest neighbors,
and assigns x0 to the majority class of these neighbors. The
procedure is expressed as:

ŷ = arg max
c

o
i�NK (x0)

wi · I(yi = c)

Here, NK(x0) denotes the set of K nearest neighbors of x0, wi =
1=d(x0, xi) represents the distance weight, and I( · ) is the
indicator function.

2.4.4.2 Support vector machine
SVM is a maximum-margin method for binary or multi-class

classi�cation, separating samples by �nding the optimal hyperplane
that maximizes the margin between classes. In this study, a radial
basis function (RBF) kernel was used for non-linear mapping.
Kernel scale and box constraint parameters were optimized via
grid search. The SVM classi�er is expressed as:

f (x) = sign(oN
i=1aiyiK(xi, x) + b)

Here, K(xi, x) denotes the RBF kernel; ai is the Lagrange
multiplier; and b is the bias term.

2.4.4.3 Random forest
Random Forest (RF) is an ensemble learning method that

classi�es data by constructing multiple decision trees. Each tree is
trained using bootstrap sampling, which randomly selects a subset
of features at each node, thereby reducing over�tting and improving
stability. Final classi�cation is determined by majority voting:

by0 = mode h1(x0), h2(x0), …, hT (x0)f g

Here, ht is the prediction of the t-th decision tree, and T is the
total number of trees.

2.4.4.4 Classi�cation test and parameter setting
To ensure balanced training and test sets, the dataset was

divided using the Sample set Partitioning based on joint X–Y
distances (SPXY) method, with 70% allocated to training and
30% to testing (Wu et al., 1996). Grid search optimization was
performed for all classi�ers. For KNN, the number of neighbors K
was set to [3, 5, 7, 9] with distance metrics including Euclidean,
Manhattan, and cosine. For SVM, the RBF kernel scale was set to
[0.1, 0.5, 1, 2], and the box constraint parameter C was set to [0.1, 1,
frontiersin.org
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10]. For RF, the number of trees was set to [100, 200, 300], with
minimum leaf nodes [1, 5, 10].

2.4.5 Evaluation indicators
2.4.5.1 Separability evaluation

To assess the discriminative capability of spectral features under
different grazing intensities, a qualitative analysis was �rst
performed by comparing means and variances. Quantitative
assessment was conducted using one-way analysis of variance
(ANOVA) followed by Tukey’s multiple comparison test (Stoline,
1981). To quantify the classi�cation ability of SIs, the M statistic was
introduced, de�ned as: M = x1�x2j j

s2
1+s2

2
Here, x1 and x2 denote the sample

means of the two categories, and s2
1 and s2

2 represent the
corresponding within-class variances. A higher M value indicates
a greater difference in feature distribution between the two
categories, re�ecting stronger separability (Smith et al., 2007).

2.4.5.2 Evaluation of classi�cation accuracy
After �tting the classi�er to the training set, its performance was

evaluated on the test set using overall accuracy (OA) and the Kappa
coef�cient (k ) (Guan et al., 2022). Overall OA was calculated as:

OA = ok
i=1cii

n

Here, k represents the total number of categories, and ok
i=1cii

represents the number of correctly classi�ed samples.
The Kappa coef�cient (k ) measures the agreement between the

observed classi�cation accuracy and that expected by random
chance, calculated as:

k =
po � pe

1 � pe
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Here,

po = OA �, � pe = ok
i=1(ok

j=1cij)(ok
j=1cji)

n2

Here, po denotes the observed classi�cation accuracy, and pe

represents the expected accuracy under random classi�cation.
3 Results

3.1 Detection of grazing intensity by
spectral features

The spectral mean and variance curves under different grazing
intensities are presented in Figure 4. The grey values of the three
visible-light features generally increased with grazing intensity, but
decreased under severe grazing. In the multispectral bands, green
and red re�ectance increased with grazing intensity, whereas the
red-edge and near-infrared bands showed decreasing trends.
However, under severe grazing, both the red-edge and near-
infrared bands exhibited an increasing trend.

ANOVA results for visible and multispectral features revealed
signi�cant differences (p < 0.05) across grazing intensities, indicating
that grazing intensity has a substantial impact on spectral responses.
Tukey’s post-hoc test (Figure 5) revealed that the red (R _ RGB) and
blue (B _ RGB) components signi�cantly distinguished between low,
medium, and severe grazing intensities, with the most substantial
differences observed under extreme grazing conditions. The green
(G _ RGB) component demonstrated a limited ability to separate low
and medium grazing intensities, but retained signi�cant
differentiation under severe grazing conditions. For multispectral
bands, the green (G _ MS) and red (R _ MS) bands showed
FIGURE 4

Mean and variance curves under different grazing intensities. (a) Visible-light features, and (b) multispectral features. (e.g., NG, No Grazing; LG, Light
Grazing; MG, Moderate Grazing; SG, Severe Grazing).
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