
Academic Editor: Emiliano Carmona

Received: 6 February 2025

Revised: 18 February 2025

Accepted: 21 February 2025

Published: 23 February 2025

Citation: Zhao, Y.; Lei, S. Research on

the Inversion Method of Dust Retention

in Grassland Plant Canopies Based on

UAV-Borne Hyperspectral Data. Land

2025, 14, 458. https://doi.org/

10.3390/land14030458

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Research on the Inversion Method of Dust Retention in
Grassland Plant Canopies Based on UAV-Borne
Hyperspectral Data
Yibo Zhao and Shaogang Lei *

Engineering Research Center of Ministry of Education for Mine Ecological Restoration, China University of
Mining and Technology, Xuzhou 221116, China
* Correspondence: ts19160044a31@cumt.edu.cn

Abstract: Monitoring the dust retention content in grassland plants around open-pit coal
mines is of significant importance for environmental pollution monitoring and the devel-
opment of dust control strategies. This paper focuses on the HulunBuir grassland in the
Inner Mongolia Autonomous Region, China. UAV-borne hyperspectral data and measured
dust retention content in plant canopies are used as data sources. The spectral response
characteristics of canopy dust retention are analyzed, and four types of optimized spectral
indices are constructed, including the difference index (DI), ratio index (RI), normalized
difference index (NDI), and inverse difference index (IDI). The spectral index with the high-
est absolute value of the correlation coefficient with the canopy dust retention is selected as
the feature variable for each spectral index. In addition, machine learning methods such as
the partial least squares regression (PLSR), support vector machine (SVM), and random
forest (RF) methods are used to develop models for the inversion of canopy dust retention.
The results show that as the dust retention content increases, the canopy reflectance in
the visible wavelength initially increases and then decreases, while the reflectance in the
near-infrared wavelength gradually decreases. The spectral reflectance values at different
dust retention levels exhibit significant differences in the 400–420 nm, 579–698 nm, and
714–1000 nm ranges. The four types of spectral indices constructed exhibit high correlations
with the canopy dust retention content, and the spectral index with the highest absolute
value of the correlation coefficient is composed of near-infrared bands. The dust retention
inversion model established using the RF method is more accurate than those established
using the PLSR and SVM methods and yields a higher prediction accuracy. The high
canopy dust retention areas are mainly distributed within 900 m of the mining area, and
the dust retention gradually decreases with distance. In addition, with increasing dust
retention, the fractional vegetation cover (FVC) decreases. The results of this study provide
a theoretical basis and technical support for monitoring dust retention in grassland plant
canopies and for dust control measures.

Keywords: plant canopy dust retention; UAV-borne hyperspectral; spectral indices;
inversion model

1. Introduction
Grasslands are the largest terrestrial ecosystems in China [1,2], provide habitats for a

wide range of wildlife, and play a crucial role in water conservation, soil protection, and
carbon storage. However, with the accelerating pace of industrialization in China, partic-
ularly the extraction and utilization of coal resources, grasslands have gradually become
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one of the country’s key coal energy bases [3,4]. While coal mining serves as an important
pillar for economic development by ensuring energy supply and industrial growth, it also
causes negative environmental impacts. Mining activities, especially blasting, loading, and
transporting, generate substantial amounts of unorganized dust. As the wind disperses
this dust, it pollutes the air, soil, and water sources. Additionally, coal combustion and
the weathering of soils and rocks release fine particles, further exacerbating dust pollution.
These fine particles not only degrade the air quality but also inhibit plant photosynthesis,
alter the physicochemical properties of the soil, and even pose serious health risks to the
respiratory systems of local residents [5–7]. Therefore, effectively monitoring and con-
trolling dust pollution around open-pit coal mines has become a pressing environmental
issue. In this context, the dust retention of grassland plants becomes particularly impor-
tant. Through the structural and physical characteristics of their leaf surfaces, plants can
effectively absorb and retain dust from the air, serving as a natural air purification system.
The amount of dust retention achieved by plants not only reflects the level of airborne
dust pollution in grassland areas but also serves as an important indicator for measuring
environmental quality. By monitoring the dust retention content of grassland plants, we
can obtain direct information about atmospheric pollution, thereby providing a scientific
basis for developing effective dust prevention and control measures.

Currently, research on the use of spectral technology to monitor plant dust retention
has focused on two main directions. On one hand, studies have explored the influence
of dust retention on spectral reflectance, as well as the relationship between dust reten-
tion content and leaf spectral characteristics [8–11]. On the other hand, scholars have
constructed quantitative inversion models for dust retention content [12–17]. For instance,
Saaroni et al. [18] studied the changes in the spectral characteristics of dust accumulated
on tree leaves and paper bags near power plants in Tel Aviv power station before and after
the replacement of mineral fuels, confirming that reflectance spectra are an effective tool
for monitoring coal smoke pollution. Xiao et al. [19] compared the dust retention contents
of different plants in Wuhan against atmospheric particulate pollution and constructed
a quantitative remote sensing model for leaf dust retention based on hyperspectral data.
Su et al. [20] measured the reflectance of leaves with different dust retention amounts using
the ASD FildSpec Handheld spectrometer and studied the influences of dust retention
on leaf spectral features, as well as their influence on the model’s prediction accuracy
and stability. Kayet et al. [21] used the normalized difference vegetation index (NDVI) to
estimate the dust retention content of plant leaves in an open-pit mining area in India, and
their results showed that the accuracy achieved using Hyperion data was better than that
achieved using Landsat data. Li et al. [22] analyzed the correlations between dust retention
on poplar leaves in Beijing and the hyperspectral reflectance, spectral indices, and three
boundary parameters and established a model for leaf dust retention estimation based
on spectral parameters. Zhu et al. [23] explored the response mechanisms and trade-off
strategies of leaf surface spectra and leaf functional traits of Euonymus japonicas under the
influence of different dust concentrations and established a dust retention prediction model.
Wang et al. [16] analyzed the influence of different dust retention on spectral reflectance
and explored the spectral bands that are highly sensitive to dust retention of leaves. The
regression model of vegetation index ratio and dust retention in the satellite band was
established. Luo et al. [24] analyzed the influence of dust retention on plant spectral charac-
teristics at the leaf scale based on the leaf spectral reflectance curve and partial least squares
regression model. Peng et al. [25] studied the effect of foliar dustfall content (FDC) on the
hyperspectral characteristics of pear leaves, analyzed the correlation between FDC and
reflectance, and established a quantitative inversion model for FDC. Wang et al. [26] ana-
lyzed the relationship between the spectral reflectance ratio (Dust/Clean) and the weight
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of dust-fall, using satellite band reflectance and normalized difference vegetation index
(NDVI) to build the dustfall weight regression model.

Although previous methods of dust retention inversion using the ASD spectrometer
and satellite hyperspectral image have achieved satisfactory results, the ASD spectrometer
can only obtain point-source data, limiting its application in large-scale dust monitoring.
Satellite image has a long revisit cycle and lower resolution, which is prone to mixed pixel
effects, thereby limiting the accuracy and timeliness of plant dust retention monitoring. In
contrast, UAV-borne hyperspectral data, which have a high spatial resolution and short
revisit cycle, provide a new solution, allowing for efficient and precise monitoring of
plant dust retention in small and medium-sized areas. While the potential of UAV-borne
hyperspectral data for plant dust retention monitoring is gradually being recognized,
research on using a combination of spectral indices to monitor dust retention on grassland
plants remains relatively scarce.

In this study, we focused on the HulunBuir grassland in the Inner Mongolia Au-
tonomous Region, China. Using UAV-borne hyperspectral data and measured canopy
dust retention data to analyze the spectral response characteristics of grassland plant dust
retention. By constructing four optimized spectral indices, the best spectral index was
selected and combined with partial least squares regression (PLSR), support vector machine
(SVM), and random forest (RF) algorithms to build a canopy dust retention inversion model.
Based on the best model, a spatial distribution map of canopy dust retention was drawn,
and the distribution characteristics were analyzed. The results of this study provide an
important reference for the development of dust control methods in grassland areas and
offer a new technical method for large-scale environmental monitoring and management.

2. Materials and Methods
2.1. Study Area

The study area is located in the HulunBuir grassland in the Inner Mongolia Au-
tonomous Region, China (49◦24′22′′–49◦25′37′′ N, 119◦38′27′′–119◦40′32′′ E), southeast of
the Dongming Mine in HulunBuir (Figure 1). The region has a continental subarctic climate
with distinct seasons. The climate is dry, with sparse precipitation, abundant sunshine,
and large diurnal temperature variations. The area is often affected by Siberian cold air
masses, resulting in long, cold winters. The lowest recorded temperature is −42.6 ◦C, and
the highest is 38.8 ◦C, with an annual average temperature of −0.6 ◦C. The average annual
precipitation is 372 mm, and the average annual evaporation is 1247 mm. The predominant
wind direction is northwest, the instantaneous maximum wind speed is 20 m/s, and the
annual average wind speed is greater than 3 m/s.
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2.2. Dust Retention Content Measurement

In our experiment, a total of 70 vegetation samples were collected. For each sampling
point, three healthy, disease-free, and pest-free leaves were selected from the top of the
plant. The coordinates of each sampling point were recorded using the real-time kinematic
(RTK) technology. The leaves from the same species at each sampling point were sealed in
a centrifuge tube. In the laboratory, the following processes were performed on each set of
leaves: weighing, dust removal, and leaf area measurement. The mass of the leaves in the
centrifuge tube was weighed using an electronic analytic balance (1/10,000 g scale) and
recorded as W1. After the initial weighing, the dust was carefully removed from the front
surface of the leaves using a soft brush, and a second weight was obtained (W2). The leaf
area (cm2) was measured using a leaf area meter (CID Bio-Science, New York, NY, USA)
and was recorded as S. The dust retention content (DRC) of the leaves was calculated using
Equation (1), and the average dust retention content of all of the leaves at a sampling point
was taken as the canopy dust retention content.

DRC
(

g/cm2
)
= (W1 − W2)÷ S × 10,000 (1)

2.3. UAV-Borne Hyperspectral Data Acquisition and Preprocessing

In this study, hyperspectral data were collected using a Wind4 (DJI Technology, Shen-
zhen, China) equipped with a SPECIM FX10 (SPECIM Spectral Imaging Ltd., Oulu, Finland).
The SPECIM FX10 has a spectral range of 400–1000 nm, a spectral resolution of 5.5 nm, and
a field of view (FOV) of 38◦. The drone was flown at an altitude of 117 m above the ground,
and the sensor’s binning mode was set to 4 × 2, providing a spatial resolution of 0.16 m
and a spectral sampling of 3.4 nm.

The hyperspectral raw data reflects the attributes of each pixel through the digital
number (DN value) and does not contain spatial coordinate information. It is necessary to
use the calibration file and dark current data for radiometric calibration, that is, to convert
the DN value into the radiance. The specific process is shown in Equation (2) [27].

L =
Gain ∗ [DNo − Mean(DNd)− DNs]

Time
(2)

where L is the radiance, measured in mW/(cm 2 ∗ str ∗ µm
)

, Gain is the radiometric correc-
tion coefficient, DNo is the DN value of the original data, DNd is the DN value of the dark
current, DNs is the DN value of the scattered light, and Time is the integration time.

The position and attitude data recorded by the inertial navigation system (INS) and
the digital surface model (DSM) were used for geolocating hyperspectral data based on the
collinearity equation, as shown in Equation (3).

XP = XS + (ZP − ZS)
a1x+a2y−a3 f
c1x+c2y−c3 f

YP = YS + (ZP − ZS)
b1x+b2y−b3 f
c1x+c2y−c3 f

}
(3)

where (x, y, − f ) are the image space coordinates, (XP, YP, ZP) are the object space coor-
dinates of the corresponding ground point, (XS, YS, ZS) are the object space coordinates
of the sensor center and ai, bi, ci (i = 1, 2, 3) are the rotation matrix elements, that is, the
exterior orientation angle elements.

Radiometric calibration and geolocating were performed using the CaliGeoPro 2.2.4
software. Then, the reflectance data were derived using the average spectral data for a



Land 2025, 14, 458 5 of 16

whiteboard that was synchronously captured during the hyperspectral data acquisition.
The specific process is shown in Equation (4).

R =
L

Lw
(4)

where R is the reflectance, L is the radiance of the hyperspectral data, and Lw is the mean
radiance of the whiteboard.

Subsequently, a georeferenced mosaicking method was employed to stitch the individ-
ual flight strips together, generating an orthophoto covering the entire study area. Finally,
a median filter was applied to smooth and denoise the image. The processed hyperspectral
data are shown in Figure 2. Georeferenced mosaicking and median filter were performed
using the ENVI 5.3 software. Extract the spectral curve of the corresponding pixel from the
hyperspectral data based on the coordinates measured in the field.
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2.4. Optimized Spectral Indices

To improve the inversion accuracy of the canopy dust retention content, in this study,
we developed four spectral indices: difference index (DI) [28,29], ratio index (RI) [30,31],
normalized difference index (NDI) [32,33], and inverse difference index (IDI) [34,35]. Differ-
ent objects have unique reflectance characteristics for different wavelengths. DI enhances
the contrast between the spectral features of different objects by calculating the reflectance
difference between two bands. RI measures the relative relationship of reflectance between
two bands. When the reflectance difference is small, but the ratio between them varies
significantly, RI can effectively highlight the spectral features of the ground objects. Further-
more, ratio-based calculations help mitigate the influence of lighting changes on different
bands. NDI calculates the reflectance difference between two bands and normalizes it to
reveal the relative performance of object features, thereby enhancing the contrast of object
features between specific bands. Normalization restricts the results of NDI to between
−1 and +1, reducing the interference of changes in lighting, atmospheric conditions, and
background noise on reflectance. IDI calculates the difference in the inverse reflectance
between two bands and applies inverse weighting to the changes in reflectance, altering
the distribution of the original reflectance. In this way, bands with lower reflectance have
a greater influence on index calculation, while bands with higher reflectance have a rela-
tively smaller influence. These spectral indices were calculated by combining the specific
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relationships between any two bands within the 400–1000 nm wavelength range, which
can effectively select key variables related to canopy dust retention. By constructing these
spectral indices, not only can the dimensionality of the data be significantly reduced and
the model’s structure simplified, but the multicollinearity issues caused by the involvement
of multiple bands in the modeling process can also be alleviated, thereby enhancing the
stability and predictive capability of the model. The four spectral indices were tested across
all the band combinations with MATLAB R2018b. The formulas for calculating the various
spectral indices are as follows:

DI = Rλi − Rλj (5)

RI =
Rλi

Rλj

(6)

NDI =
Rλi − Rλj

Rλi + Rλj

(7)

IDI =
1

Rλi

− 1
Rλj

(8)

where Rλi and Rλj represent the spectral values at wavelengths λi and λj, respectively.

2.5. Model Construction and Evaluation

In this study, we constructed inversion models using three methods: PLSR, SVM,
and RF. PLSR is a modeling method that combines the advantages of multivariate linear
regression (MLR) and principal component analysis (PCA). Compared to traditional MLR
methods, PLSR can handle highly autocorrelated data and cases where the number of
variables greatly exceeds the number of samples. This method minimizes the sum of the
squared errors to find the optimal function match for a dataset, particularly addressing
issues of multicollinearity [28,36]. The SVM applies a nonlinear transformation to map
vectors into a high-dimensional feature space where parameter optimization is carried out
using cross-validation and grid search methods on the training set. In the feature space,
the SVM seeks the optimal hyperplane that minimizes the distance between all of the
data points and this plane, ultimately performing regression prediction on the dependent
variable [37,38]. The RF algorithm is a machine learning algorithm that combines multiple
decision tree models to perform regression prediction on the dependent variable. It uses
the bootstrap resampling method to generate multiple samples from the original training
set, constructs decision trees for each new training set and combines the predictions from
all of the decision trees. The final prediction is determined by the highest frequency value
or the average of all of the prediction results [39,40]. The three modeling methods are
implemented using MATLAB R2018b.

The coefficient of determination (R2), the root mean square error (RMSE), and the
residual predictive deviation (RPD) were selected as the evaluation indices. These three
indices were calculated as follows:

R2 = 1 − ∑m
i=1(yi − ŷi)

2

∑m
i=1(yi − y)2 (9)

RMSE =

√
∑m

i=1(yi − ŷi)
2

m
(10)

RPD =
SD

RMSEp
(11)
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where yi represents the measured value of dust retention content, ŷi represents the predicted
value of dust retention content, y represents the average value of the measured dust
retention content, m is the number of the samples, and SD is the standard deviation of the
measured values in the validation set.

A higher R2 value and a smaller RMSE value indicate better model fitting, with less
discrepancy between predicted and measured values. When RPD < 1.4, the inversion
model cannot predict the sample; when 1.4 ≤ RPD < 2.0, the model can only provide rough
predictions; when RPD ≥ 2.0, the model has excellent prediction ability [37].

3. Results
3.1. Descriptive Analysis of Canopy Dust Retention Content

This study used the Kennard-Stone [41] method to divide all samples into calibration
set and validation set in a 2:1 ratio, with the calibration set containing 47 samples and the
validation set containing 23 samples. The statistical characteristics of the overall samples
and the divided samples are shown in Table 1. The canopy dust retention content for
all of the samples ranges from 1.486 to 54.688 g/m2, with a mean value of 16.969 g/m2,
and the coefficient of variation (CV) reaches 53.014%, indicating moderate variation. The
calibration and validation sets, after the division, are very similar for all of the indicators.
This similarity suggests that the data division in this study is reasonable and scientific,
providing a reliable foundation for the subsequent model construction.

Table 1. Descriptive statistical characteristics of collected samples.

Sample
Type

Min
(g/m2)

Max
(g/m2)

Mean
(g/m2)

S.D
(g/m2)

CV
(%)

Calibration 1.486 54.688 17.396 9.522 54.737
Validation 2.336 51.552 16.542 8.586 51.904

Total 1.486 54.688 16.969 8.996 53.014

3.2. Spectral Response Characteristics of Canopy Dust Retention

All of the samples were divided into seven levels based on the dust retention from
low to high, and the average reflectance of each level was calculated (Figure 3). As can be
seen from Figure 3, the spectral curves for the different dust retention levels have similar
shapes, and all exhibit typical vegetation spectral characteristics. In the visible wavelength
of 400–700 nm, as the dust retention increases, the spectral reflectance initially increases
and then decreases. Specifically, when the dust retention increases from the first level
(1–12 g/m2) to the second level (12–17 g/m2), the spectral reflectance increases. However,
as the dust retention continues to increase, the reflectance gradually decreases. In the
near-infrared wavelength of 700–1000 nm, the spectral reflectance decreases as the dust
retention increases.

To further explore the differences in the spectral reflectance at different dust retention
levels, a one-way analysis of variance (ANOVA) [42,43] was used to test the spectral
data at the different dust retention levels (Figure 4). The analysis results indicate that
there are significant differences in the spectral reflectance at different dust retention levels
in the mbox400–420 nm}, 579–698 nm, and 714–1000 nm, while there are no significant
differences within the other ranges. Notably, the F-statistic value in the near-infrared
range (714–1000 nm) is the highest, and the significance level is low, indicating that the
near-infrared band has a higher sensitivity and better discriminative ability for monitoring
plant canopy dust retention.
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3.3. Construction of Optimized Spectral Index

Figure 5 displays the correlation matrix between the four spectral indices and canopy
dust retention. The correlation coefficients in the matrix are color-coded, transitioning from
cool tones (blue) to warm tones (red). Red represents a significant positive correlation,
blue represents a significant negative correlation, and yellow and green indicate that
the correlation coefficient is close to 0, meaning there is no significant correlation. The
correlation matrices of the four spectral indices are divided by the diagonal, with the
correlation coefficients in the upper and lower parts exhibiting opposite relationships.
Specifically, the correlation matrices of the DI, RI, and NDI exhibit similar distribution
patterns. That is, significant positive correlations occur in the four intervals of (400–703 nm,



Land 2025, 14, 458 9 of 16

709–1000 nm), (400–515 nm, 526–563 nm), (526–563 nm, 568–698 nm), and (901–929 nm,
969–1000 nm); while significant negative correlations occur in the ranges of (526–563 nm,
400–515 nm), (568–698 nm, 526–563 nm), (709–1000 nm, 400–703 nm), and (969–1000 nm,
901–929 nm). In contrast, the distribution pattern of the correlation matrix of the IDI is
opposite compared to those of the other three indices. This is because the IDI is derived by
calculating the reciprocal of the spectral data, and thus, its correlation trends are inversely
related to those of the DI, RI, and NDI. Further analysis reveals that when using the
same wavelength bands for the calculation, the absolute correlation coefficient of the IDI
is smaller than those of the DI, RI, and NDI. This finding indicates that the DI, RI, and
NDI are more effective in extracting spectral information related to plant canopy dust
retention, thereby enhancing their correlation and characterization capabilities for canopy
dust retention inversion.
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The maximum absolute values of the correlation coefficients between each spectral
index and the canopy dust retention, along with the corresponding band combinations, are
shown in Table 2. The results indicate that except that the maximum absolute correlation
coefficient (R) between the IDI and the canopy dust retention is less than 0.6, the maximum
absolute correlation coefficients of the other three spectral indices with the canopy dust re-
tention are all greater than 0.6. This suggests that the spectral indices derived from different
band combinations can significantly improve the correlation with canopy dust retention.
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Moreover, the band combinations corresponding to the maximum correlation coefficients
are all located in the near-infrared range, which is consistent with the analysis presented
in Section 3.2 and further validates the importance of the near-infrared wavelength in
monitoring canopy dust retention.

Table 2. The maximum absolute correlation coefficient and optimal band combination between
spectral indices and canopy dust retention content.

DI RI NDI IDI

R
band combination

R
band combination

R
band combination

R
band combination

0.609
(747 nm, 774 nm)

0.608
(720 nm, 924 nm)

0.604
(720 nm, 924 nm)

0.546
(758 nm, 752 nm)

3.4. Construction of the Canopy Dust Retention Inversion Model

Among the DI, RI, NDI, and IDI, the spectral index with the highest absolute cor-
relation coefficients with the canopy dust retention content was selected as the feature
variable. The accuracy evaluation results of the dust retention inversion models constructed
using the PLSR, SVM, and RF methods are presented in Table 3. Based on the stability
and accuracy of the models, it is evident that the dust retention estimation results are
significantly influenced by the modeling method. The R2 values of the RF model for the
calibration and validation sets are 0.899 and 0.756, respectively, with RMSE values of 2.949
and 4.837, demonstrating a superior fitting performance. The performance of the SVM
model is slightly worse, and the PLSR model performs the worst. Furthermore, the RF
model achieves an RPD of 2.023, indicating a strong predictive ability. The RPD of the SVM
model is 1.405, which does not meet the requirement for precise prediction and indicates
that it can only provide a rough estimate of the canopy dust retention content. The RPD of
the PLSR model is only 1.323, indicating that it is not capable of predicting the canopy dust
retention content. Overall, the RF model demonstrates the smallest deviation between the
predicted and measured values, yielding the best predictive ability.

Table 3. Model evaluation indices of the dust retention inversion models.

Models
Calibration Validation

R2
c RMSEC (g/m2) R2

p RMSEP (g/m2) RPD

PLSR 0.425 7.066 0.429 7.394 1.323
SVM 0.513 6.503 0.493 6.964 1.405
RF 0.899 2.949 0.756 4.837 2.023

4. Discussion
4.1. Rationality Analysis of Spectral Indices

This study explores the feasibility of using four spectral indices, DI, RI, NDI, and
IDI, to invert canopy dust retention. By constructing spectral indices, the influence of
background noise on the original reflectance was effectively reduced while highlighting
spectral features. Considering the interactions between bands minimizes the influence of
irrelevant wavelengths, enhances the correlation between the dependent and independent
variables, and compensates for the shortcomings of using the full band to construct in-
version models, thereby significantly improving the inversion accuracy [30]. The spectral
indices selected to construct the canopy dust retention content inversion model in this
experiment consist of six bands: 720 nm, 747 nm, 752 nm, 758 nm, 774 nm, and 924 nm.
This can be explained by the influence of dust retention on the physiological characteristics
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of plant leaves. Dust accumulation on plant leaf surfaces can cause phenomena such as
stomatal blockage [44], reduced stomatal conductance [45], and decreased photosynthetic
activity of mesophyll cells [46], inhibiting photosynthesis and transpiration rates [47], lead-
ing to a reduction in chlorophyll, carotenoids, and the water content [6,48,49]. Studies
have shown that bands around 720 nm, 747 nm, 752 nm, and 758 nm are sensitive to
chlorophyll [50–53]. The 720 nm band is also considered to be a characteristic band for
carotenoid inversion [50], while bands around 774 nm and 924 nm are associated with the
leaf water content [54–56]. Therefore, the sensitive bands for canopy dust retention selected
in this study are closely related to the responses of the plant’s physicochemical parameters
to dust, and these band selections can effectively reflect the influence of dust retention on
the plant’s physiological state.

4.2. Spatial Distribution Characteristics of Canopy Dust Retention

The hyperspectral image was classified into two categories, plant and bare soil, using
a supervised classification method. The RF model was applied to the plant area, and the
spatial distribution map of canopy dust retention produced by the ArcGIS 10.5 software
is shown in Figure 6. Each pixel represents the canopy dust retention content, and it is
color-coded, with red indicating high dust retention content and green indicating low
dust retention content. As can be seen from Figure 6, the dust retention range obtained
from the hyperspectral image inversion is 4.365–50.762 g/m2, and the high-value areas
are primarily concentrated within 900 m of the mining area. As the distance from the
mining area increases, the canopy dust retention gradually decreases. In addition, the
inversion results tend to be overestimated in the low dust retention range and slightly
underestimated in the high dust retention range. This phenomenon is reflected in the fact
that the minimum inversion value is higher than the measured minimum value, and the
maximum value is lower than the measured maximum value, indicating that there is some
error in the model’s prediction of extreme values.
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To further understand the influence of dust retention on the fractional vegetation
cover (FVC), Figure 7 shows the average FVC values for the different dust retention levels.
As can be seen from Figure 7, as dust retention increases, the average vegetation cover
tends to decrease gradually; this is consistent with the conclusion found by Li et al. in
their study of the East Junggar basin in Xinjiang, China [45]. This phenomenon can be
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explained by the influence of dust retention on the plant’s physiological functions. Zia-
Khan et al. [57] found that dust retention would increase leaf surface temperature and
decrease stomatal conductance, which would affect photosynthesis. The research results
of Chaston et al. [58] and Popek et al. [59] indicate that factors such as shading of plant
leaves, blockage of stomata, and high leaf temperature caused by dust retention can affect
plant photosynthesis. Dust retention not only affects the photosynthesis of plants but also
inhibits their respiration and transpiration [60,61]. Hou et al. [62] found that dust retention
would reduce the net photosynthetic efficiency, stomatal conductance, and transpiration
rate of leaves, ultimately leading to a decrease in biomass. Zhang et al. [63] found that dust
retention can reduce the photosynthetic rate, stomatal conductance, and transpiration rate
of plant leaves while leading to an increase in intercellular carbon dioxide concentration
and leaf temperature. Prolonged stomatal blockage not only reduces the plant’s ability
to absorb water and nutrients but also potentially limits plant growth, accelerating the
aging of plants [60]. Furthermore, harmful substances (such as heavy metals) in the dust
may be absorbed by plants through their leaves, affecting their growth, development, and
resistance capabilities [64]. These not only slow down plant growth but also weaken the
plant’s ability to adapt to environmental changes, leading to decreases in vegetation cover
and ecological recovery. Therefore, there is a negative correlation between dust retention
and vegetation cover, indicating that dust retention has a significant inhibitory effect on
plant growth.
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4.3. Limitation and Future Work

Although this study achieved satisfactory inversion results, the limitation of sample
size may affect the stability and generalizability of the model due to the use of only
70 samples for model construction and validation. In addition, the plant species selected in
this study are limited, and it is necessary to collect more dust retention samples of plant
species in the future to build a more robust inversion model.
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This study analyzed the influence of dust retention on FVC, but it is still unclear
which types of plants have stronger dust retention abilities. In the future, we will further
investigate how to improve FVC by selecting suitable plant species, aiming to reduce dust
concentration in the air and improve air quality through the dust retention effect of plant
leaves and branches.

5. Conclusions
In this study, we analyzed the spectral response characteristics of the plant canopy

dust retention, constructed sensitive spectral indices and quantitative inversion models
for the canopy dust retention, and examined the spatial distribution characteristics of the
canopy dust retention. The main conclusions of this study are summarized below.

(1) As the canopy dust retention increases, the spectral reflectance in the 400–700 nm
wavelength initially increases and then decreases, while the spectral reflectance in the
700–1000 nm wavelength gradually decreases. One-way ANOVA indicates that there
are significant differences in the spectral reflectance at different dust retention levels
in the 400–420 nm, 579–698 nm, and 714–1000 nm ranges.

(2) The four spectral indices (DI, RI, NDI, and IDI) constructed in this study exhibit high
correlations with the canopy dust retention content, and the spectral index has the
largest absolute correlation coefficient formed by near-infrared band combinations.

(3) Using the spectral index (i.e., DI, RI, NDI, and IDI) with the largest absolute correlation
coefficient with the canopy dust retention as a feature variable, the dust retention
inversion model constructed using the RF method yielded an R2 value of 0.899 and
RMSE of 2.949 for the calibration set, an R2 value of 0.756, and RMSE of 4.837 for
the validation set, and an RPD of 2.023, demonstrating that it has a strong predictive
ability. Its accuracy is superior to those of the PLSR and SVM models.

(4) The dust retention content range obtained via inversion using UAV-borne hyper-
spectral data is 4.365–50.762 g/m2, and the high dust retention areas are primarily
distributed within 900 m of the mining area. As the distance from the mining area
increases, the canopy dust retention gradually decreases. The increase in the dust
retention content is accompanied by a decrease in the vegetation cover, indicating that
dust retention has a negative influence on plant growth.
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60. Paoli, L.; Guttová, A.; Grassi, A.; Lackovičová, A.; Senko, D.; Sorbo, S.; Basile, A.; Loppi, S. Ecophysiological and ultrastructural
effects of dust pollution in lichens exposed around a cement plant (SW Slovakia). Environ. Sci. Pollut. Res. 2015, 22, 15891–15902.
[CrossRef] [PubMed]

61. Mo, Z.; Zhang, J.; Wang, J.; Liu, W.; Wang, J. Effect of Dustfall on Photosynthetic Characteristics and Chlorophyll Content of
Pyrus bretschneideri cv.Fragrant Pear Leaf in Tarim Basin. Hubei Agric. Sci. 2013, 52, 3845–3848.

62. Hou, J.; Wang, Z.; Wu, D. Effect of coal dust deposition on the root system and leaf growth of Agropyron cristatum as an
important plant in Inner Mongolia grassland. Heilongjiang Anim. Sci. Vet. Med. 2017, 1, 144–147.

63. Zhang, Y.; Sun, X.; Bo, M.; Chang, S.; Han, Y.; Li, X.; Lu, J. Effect of Mining Dust on Photosynthetic and Physiological Characteristics
of Picea schrenkiana Needles. J. West. China For. Sci. 2016, 45, 1–7.

64. Pan, R. Migration of heavy metals in dust from smelters in the environment and its countermeasures. Chin. J. Ecol. 1990, 4, 31–36.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/w7010116
https://doi.org/10.1080/15226514.2012.694498
https://www.ncbi.nlm.nih.gov/pubmed/23488010
https://doi.org/10.1007/s11356-015-4807-x
https://www.ncbi.nlm.nih.gov/pubmed/26044142

	Introduction 
	Materials and Methods 
	Study Area 
	Dust Retention Content Measurement 
	UAV-Borne Hyperspectral Data Acquisition and Preprocessing 
	Optimized Spectral Indices 
	Model Construction and Evaluation 

	Results 
	Descriptive Analysis of Canopy Dust Retention Content 
	Spectral Response Characteristics of Canopy Dust Retention 
	Construction of Optimized Spectral Index 
	Construction of the Canopy Dust Retention Inversion Model 

	Discussion 
	Rationality Analysis of Spectral Indices 
	Spatial Distribution Characteristics of Canopy Dust Retention 
	Limitation and Future Work 

	Conclusions 
	References

