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Abstract: Remotely sensed images with low resolution can be effectively used for the large-area
monitoring of vegetation restoration, but are unsuitable for accurate small-area monitoring. This limits
researchers’ ability to study the composition of vegetation species and the biodiversity and ecosystem
functions after ecological restoration. Therefore, this study uses LiDAR and hyperspectral data,
develops a hierarchical classification method for classifying vegetation based on LiDAR technology,
decision tree and a random forest classifier, and applies it to the eastern waste dump of the Heidaigou
mining area in Inner Mongolia, China, which has been restored for around 15 years, to verify
the effectiveness of the method. The results were as follows. (1) The intensity, height, and echo
characteristics of LIDAR point cloud data and the spectral, vegetation indices, and texture features
of hyperspectral image data effectively reflected the differences in vegetation species composition.
(2) Vegetation indices had the highest contribution rate to the classification of vegetation species
composition types, followed by height, while spectral data alone had a lower contribution rate.
Therefore, it was necessary to screen the features of LIDAR and hyperspectral data before classifying
vegetation. (3) The hierarchical classification method effectively distinguished the differences between
trees (Populus spp., Pinus tabuliformis, Hippophae sp. (arbor), and Robinia pseudoacacia), shrubs (Amorpha
fruticosa, Caragana microphylla + Hippophae sp. (shrub)), and grass species, with classification accuracy
of 87.45% and a Kappa coefficient of 0.79, which was nearly 43% higher than an unsupervised
classification and 10.7-22.7% higher than other supervised classification methods. In conclusion, the
fusion of LiDAR and hyperspectral data can accurately and reliably estimate and classify vegetation
structural parameters, and reveal the type, quantity, and diversity of vegetation, thus providing a
sufficient basis for the assessment and improvement of vegetation after restoration.
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1. Introduction

Ecological restoration refers to the scientific and technological methods used to en-
hance the resilience of an ecosystem and, supplemented by artificial measures, to gradually
restore a damaged ecosystem or allow an ecosystem to develop more naturally [1]. Moni-
toring vegetation species composition is very important for assessing the effectiveness of
ecological restoration and biodiversity management after restoration. Ecological restoration
monitoring depends on obtaining timely and accurate statistics. However, vegetation
restoration is affected by factors including the soil matrix, plant growth environment, and
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spatial distribution, so it is difficult to monitor the ecological restoration of vegetation
species [2]. Determining the vegetation species composition after ecological restoration is
conducive to revealing the type, structure, and spatial distribution of vegetation species,
understanding the distribution of vegetation species and their self-sustaining ability, and
improving and optimizing their spatial structure [3].

However, difficulties arise in vegetation monitoring due to complex objects, diverse in-
dicators, and the need for covering large regions [4]. Traditional manual surveys use on-site
data collection for species identification, but this method is labor- and time-consuming [5],
while traditional remote sensing technology typically involves using multispectral images
acquired by spaceborne or airborne sensors to collect data and conduct research with fine-
scale land classification and land type classification [6-9]. Chen et al. classified objects after
multi-scale segmentation of QuickBird images, and analyzed the accuracy of the C5.0, C4.5,
and CART decision tree algorithms in forest object-oriented classification [10]. Zhang et al.
integrated Sentinel-1 SAR data and Sentinel-2 multispectral data as data sources, and accu-
rately classified crops in the city of Jining [11]. Based on random forest classifiers, Wang
et al. used Landsat multispectral data to identify and classify woodlands in the Mentougou
area of Beijing [12]. Li et al. used Ziyuan-3 multispectral satellite data to identify the Beibu
Gulf at the junction of Guangdong and Guangzhou, and the mangrove forests in the area
were studied [13]. Hill et al. used multi-temporal, multi-spectral data to classify six tree
species in British temperate deciduous forests [14]. Madonsela et al. used World View-2
multispectral data with multiple phenological periods to classify the savanna in South
Africa [15]. However, due to the low resolution of ordinary multispectral images and the
small number of image bands, the accuracy of the classification results is often limited [16].

Active remote sensing technology, such as LiDAR, and hyperspectral remote sensing
have been applied to ecological restoration monitoring. LiDAR, as a popular type of active
remote sensing technology, can achieve the accurate and efficient monitoring and simulation
of ecosystems on multiple time and spatial scales [17]. Hyperspectral remote sensing, as
a non-destructive, rapid, and real-time monitoring method, employs the high spectral
resolution of data, which can reflect the spectral and texture characteristics of different
types of vegetation and can be used for the accurate classification of vegetation species
composition on a fine scale [18]. Kim et al. used LiDAR data to identify eight broad-leaved
trees and seven coniferous trees in the Seattle Botanical Garden in the United States based
on the data of the growing season and the dormant season [19]. Ferreira et al. used tropical,
seasonal, semi-deciduous forests along the Atlantic coast of Brazil as an example. The
research object used airborne hyperspectral data to classify eight tree species in the forest,
with overall accuracy of approximately 85% [20]. Alonzo et al. used hyperspectral and
LiDAR data to analyze 29 common tree species in Santa Barbara, California, USA. Mapping
was carried out using spectrum and crown information, and the classification accuracy
at the individual level reached 83.4% [21]. Tao et al. classified five tree species in Gutian
Mountain National Nature Reserve based on LiDAR and hyperspectral data [22]. Zhao et al.
used hyperspectral and LiDAR data to identify subtropical forest tree species in Shennongjia
Nature Reserve using its rich spectral information and tree height information [23]. Yu et al.
classified northern forests in Southern Finland and found that the combination of airborne
multispectral, LIDAR data, and the random forest algorithm had good performance in
tree species classification [24]. However, LIDAR and hyperspectral data are rarely used to
study the structure and function, such as carbon sequestration and oxygen release, water
conservation, and soil and water conservation, of vegetation after ecological restoration in
mining areas.

Therefore, this study attempts to: (1) study the effectiveness of LIDAR point cloud
data and hyperspectral image data to reflect the differences among species composition
types, and reveal the correlation, information richness, and redundancy among the data
extracted from LiDAR and hyperspectral images from the perspective of vegetation; and
(2) assess the performance of the hierarchical classification method in classifying vegetation
species composition types on four layers—arbors, shrubs, grasses, and bare land.
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2. Materials and Methods
2.1. Study Area

The study area is located in the east waste dump of the Heidaigou open-pit mining area
in Zhungeer Banner, Ordos City, Inner Mongolia, in Northern China, at 39°43'11"-39°47'41"" N,
110°12'53'"-111°20'02"" E. The dump site is roughly fan-shaped, with a radius of approxi-
mately 1.4 km and a slope angle of approximately 30°~40°. The study area was restored
from 1993 to 2006; most of the trees and shrubs are less than 20 years old. The accumulated
cultivated land area is 235.6 ha, and the study area selected in this study is 20.49 ha, as
shown in Figure 1. There is no obvious topographical undulation in the area; the area
consists of a large platform.
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Figure 1. Location of study area: (a) location of the study area within the administrative areas
of China; (b) location of Ordos City and the study area within Inner Mongolia; (c) a transect (the
boundary of red line) of 20.49 ha in the Heidaigou open-pit mine was selected as the study area to
collect the LiDAR data, hyperspectral data, and field survey data in this area. The map image cited in
the research area is the WorldView-2 image of the Heidaigou area obtained in November 2018.

Before the restoration of vegetation in the study area, the native vegetation had been
completely destroyed. In the process of ecological restoration, trees such as Populus spp.,
Pinus tabuliformis, Amorpha fruticosa, and Robinia pseudoacacia were planted. The planted
shrubs in the study area include Amorpha fruticosa, Caragana microphylla, and Hippophae sp.
Single species were planted on specific plots. Since 2006, the area has been subjected to
no artificial management, and natural succession has begun. In the process of succession,
vegetation species are mixed and clustered on plots; some vegetation in the study area died,
and these areas degenerated into grassland or bare land.

2.2. Method
2.2.1. Data

The LiDAR data were acquired by a LiAir 220 UAV LiDAR system on 3 August 2020
using a DJI M600 PRO UAV platform (Dajiang Baiwang Technology Co., Ltd., Shenzhen,
Guangdong, China) with a HS40P laser sensor. There were two flight zones planned in the
flight area, with a total route of 2762 m, a flight altitude of 90 m, and a flight speed of 5m/s.
During LiDAR data acquisition, the horizontal field of view was 360°, the vertical field of
view was greater than 20°, and the average point cloud density was 142 /m?.

LiDAR data were pre-processed though track solution, strip splicing, strip redundancy
elimination, and point cloud merging [25]. The morphological point cloud filtering method
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was used to distinguish the ground information in the LiDAR data to obtain the digital
elevation model, the first echo characteristic data of the LIDAR was interpolated, and the
ordinary kriging interpolation method was selected to generate the surface model. The crop
height model (CHM) was expressed as the difference between the digital surface model
and the digital elevation model.

Hyperspectral data were acquired by a 5185 hyperspectral sensor (Cubert GmbH, Ulm,
Germany) mounted on multi-rotor platform. A total of ten routes were planned in this
hyperspectral data acquisition scheme, with an observation height of 100 m and a speed of
7.5 m/s. The sensor had a spectral range of 450-998 nm, a spectral resolution of 8 nm, a
spectral sampling interval of 4 nm, and a ground resolution that could reach 5 cm.

The pre-processing of collected hyperspectral data is necessary for improving the
quality of the hyperspectral images and the efficiency of image processing [26]. The
whiteboard data obtained during real-time data acquisition were used to calibrate the
sensor; then, atmospheric correction, geometric correction, splicing and cutting of the
flight belts, image fusion, and other processing steps were completed [27]. In this study
area, 1780 images were collected in a single band, while the mosaic of single-band images
was operated through the Agisoft photoscan platform (www.agisoft.com, accessed on
12 November 2020). During the data pre-processing, radiometric calibration, atmospheric
correction, geometric correction, and image band synthesis were all realized with the help
of the ENVI platform (Research Systems, Inc., Boulder, CO, USA).

LiDAR data were used to extract the intensity, height, and echo features of vegetation,
while the hyperspectral image data were used to extract the vegetation spectrum, vegetation
index, and texture features. Statistical analysis and correlation analysis by OriginLab
(www.originlab.com, accessed on 4 March 2021) and IBM SPSS Statistics (www.ibm.com,
accessed on 9 March 2021) were used to explore the relationships between vegetation
features. The resampling tool of the ENVI platform (Research Systems, Inc., Boulder, CO,
USA) was used to convert the resolution of the LiDAR data and hyperspectral data to
1 x 1m [28,29].

Field survey data were collected simultaneously with the collection of UAV LiDAR and
hyperspectral image data. Using random and typical sampling techniques, 10 m x 10 m
quadrats were used to sample the vegetation. A total of 52 quadrats were investigated,
including recording the vegetation type, canopy coverage, and dominant vegetation in
each quadrat, as well as the tree height, diameter at breast height of trees, and the leaf
area index of the dominant vegetation. A1 x 1 m small quadrat was designated at the
center of each large quadrat for the measurement of vegetation coverage and gap fraction
by the needling method. In addition, 140 sampling points were established mainly for
investigating the vegetation type, leaf area, and tree height index of these sampling points;
location information for these sampling points was recorded.

2.2.2. Overall Technical Process

Figure 2 shows the hierarchical classification flow chart of vegetation species compo-
sition. After performing feature analysis on LiDAR and hyperspectral images, using the
results of feature analysis as empirical knowledge, a hierarchical classification inversion
method was developed, combined with a decision tree and random forest algorithm, to
construct a vegetation species composition type inversion model. The vegetation index
was used to extract the bare land area in the first layer, the bare land area overlapping with
the herb area was removed from the height, and then the grassland area was extracted in
the second layer. The images of the study area were classified using the single tree crown
extraction results, and the trees of Populus spp., Pinus tabuliformis, Hippophae sp. (arbor), and
Robinia pseudoacacia were classified in the third layer. Finally, the shrub areas of Caragana
microphylla + Hippophae sp. (shrub) and Amorpha fruticosa were extracted from the fourth
layer based on the vegetation spectrum.
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Figure 2. Hierarchical classification flow chart of vegetation species composition.
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After obtaining reliable classification results of vegetation species composition, 15 X 15m
fishing nets were used to divide the study area; then, the number of vegetation species
compositions was counted, excluding bare land, using ArcGIS (Research Systems, Inc.,
RedLands, CA, USA) [30]; the number of vegetation species in each grid was obtained as
the number of vegetation species compositions.

2.2.3. Extraction of Feature Factors
1.  Height

An airborne LiDAR system can be used to obtain three-dimensional coordinate in-
formation of a target and extract the height feature of vegetation by processing the point
cloud, which is also one of the important parameters related to vegetation structure [31]. A
morphological point cloud filtering method was used to distinguish the ground information
within the LiDAR data. Based on this elevation model, the point cloud elevation value
was subtracted from the value in the corresponding digital elevation model, so that the
influence of topographical factors on the estimation of vegetation structure parameters was
reduced, allowing the height feature of LiDAR to be extracted.

In this study, the following eight height features were selected: height percentile of
95% (HP95), maximum height (MaxH), minimum height (MinH), mean height (MeaH),
median height (MedH), standard deviation of height (SDH), root mean square of height
(RMSH), and coefficient of variation (CVH).

2. Intensity

The LiDAR intensity quantitatively describes the backscattering of an object. Intensity
is a measurement index (collected for each point) that reflects the intensity of the LIDAR
pulse echo generated at a certain point. The intensity feature can be used to classify the
LiDAR points, and the different features can be distinguished by the intensity signal.
Studies have shown that the influence of leaves, branch directions, terrain changes, and
laser path length can cause differences in the intensity of LIDAR in forest areas [32].

The following seven features of LiDAR intensity were selected: intensity percentile of
99% (IP99), maximum intensity (MaxI), minimum intensity (Minl), mean intensity (Meal),
median intensity (Medl), standard deviation of intensity (SDI), and coefficient of variation
of intensity (CVI).

3. Echo

The echo feature of LIDAR point cloud data is an important feature that can be used
to express the structural parameters of vegetation. A laser pulse emitted may return to the
LiDAR sensor in the form of one or more echoes. The first laser pulse returned is the most
important echo, and it will be associated with the highest elements on the Earth’s surface
(such as treetops). When the first echo represents the ground, the LiDAR system will only
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detect one echo. Multiple echoes can detect the height of multiple objects within the laser
foot point where the laser pulse is emitted. The middle echo usually corresponds to the
vegetation structure, and the last echo is related to the exposed terrain model [33].

The laser sensor used for data acquisition in this study could receive two echoes. There
was often no obvious difference between the first echo number (Returnl) and the second
echo number (Return2). Therefore, we defined the ratio of the first echo to the second echo
as the third characteristic factor (Returnl1/2), and observed the difference between the ratio
of the two echoes in dense and sparse vegetation areas in the study area.

4. Spectrum

Different types of vegetation and non-vegetated areas have different absorption and
reflection spectral characteristics in different bands [34]. As shown in Figure 3, in the
visible band, chlorophyll is the most important factor that dominates the spectral response
of plants. In the near-infrared band of the spectrum, the spectral features of vegetation
are mainly controlled by the internal structure of plant leaves. Between the visible light
band and the near-infrared band, i.e., in the range of 700-998 nm, most of the energy is
reflected, a small part of the energy is absorbed, and the rest of the energy is completely
transmitted, forming a “red edge” phenomenon, which is the most obvious feature of the
plant curve [35].

According to the results of the field survey, the study area was divided into seven
vegetation species composition types and the bare land was used for comparison. The
region of interest (ROI) data of each object were collected, and the spectral sample data of
138 bands were outputted to form a spectral curve [36].
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Figure 3. Schematic diagram of plant spectral curve [37].

5. Vegetation index

Hyperspectral images are easily affected by the environment, atmosphere, and the
phenomenon of “different objects with the same spectrum” when researchers attempt to
identify different species composition types. The vegetation spectrum shows a complex
mixed reaction to vegetation, environmental effects, brightness, soil color, and humidity,
which are affected by the spatial-temporal changes in the atmospheric environment. The
vegetation index mainly reflects the difference between the reflection of vegetation in the
visible light and near-infrared band as well as the soil background [38]. Under certain
conditions, each vegetation index can be used to quantitatively explain the growth status
of vegetation, and can qualitatively and quantitatively detect and evaluate the vegetation
coverage and its growth [39]. Therefore, this study selected the following 33 vegetation
indices, listed in Table 1, to study.
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Table 1. Calculation formulae of vegetation indices.

Vegetation Index [40-64] Calculation Formula !
CIgreen [40] b782 /b550 -1
Clred_edge [40] b7s2/b706 — 1
DD [41] (byso — by2) / (byoo — beyo)
DV! [42] bgzs — bee2
EVI [43] [0.5 X (b834 — b662)] /(b834 +25x% b834 — 6.0 x b482 + 7.5)
GM [40] b7s0/ b0z
GNDVI [40] (bg3s — bsag) / (bg3a + bsae)
LCI [44] (bsso — by10) / (bgso + bes2)
MCARI [45] (b702 — be7o) — 0.2 X (by02 — bsso) (b702/ be7o)
mND7g5 [46] (b750 — b705) / (b7s0 + bros — 2 X bays)
mSRyps [41] (b750 — baas) / (byo5 — bass)
MSAVI[47] (2% bgzg+1— \/(2 X bgag +1)% — 8 x (bgaq — bes2)) /2
MTVI1 [48] 1.2 x [12 X (bgoz — b550) —25x% (b670 — b550)]
NDI [40] (bys50 — b705) / (b7s0 + b705)
NDVI [49] (bg3a — bes2) / (bs3s + bes2)
NPCI [50] (baso — beso) / (baso + beso)
PBI [51] bg10/ bse2
PRI [52] (bs70 — bso) / (bszo + bs3o)
PSND; [53] (bsoa — bes2) / (bsoz + bes2)
PSND,, [53] (bso2 — beza) / (bsoz + be3s)
PVR [54] (bsso — beso) / (bsso + beso)
RVI [55] bg3a/ beea
RVSI [56] (b714 — bysa) /2 — by3a
Rego [57] beso / b710
Rgop [58] bgop — bsso
SAVI [59] (bg3a — bes2) /[1.5 % (bgas + besz +0.5)]
SPI [60] (bso2 — baso) / (bso2 — bes2)
SRPI [50] baso/ beso
TVI [61] 0.5 x [120 x (bys0 — bssg) — 200 x (bgzo — bsso)]
VARI [62] (b730 — bee2) / (b730 + bes2)
VOG, [63] byap /b7
VOG; [63] (b742 — brag) / (b714 + b722)
WI [64] booz / bazo

1 byg, in the table indicates the spectral reflectance at 782 nm; other parameters are analogized. Note: chloro-
phyll index—green (Clgreen); chlorophyll index—red edge (Clieq_edge); double difference index (DD); difference
vegetation index (DVI); enhanced vegetation index (EVI); Gitelson and Merzlyak index (GM); green normalized
difference vegetation index (GNDVI); land cover index (LCI); modified chlorophyll absorption in reflectance index
(MCARI); modified normalized difference (mND7g5); modified simple ratio (mSRy¢s); modified soil-adjusted
vegetation index (MSAVI); modified triangular vegetation index (MTVI1); normalized vegetation index (NDI);
normalized difference vegetation index (NDVI); normalized pigment chlorophyll index (NPCI); plant biochemical
index (PBI); photochemical reflectance index (PRI); pigment specific normalized difference of chlorophyll a
(PSNDa); pigment specific normalized difference of chlorophyll b (PSNDb); perpendicular vegetation reflectance
(PVR); ratio vegetation index (RVI); red edge vegetation stress index (RVSI); the range of leaf reflectance at 680 nm
(R680); the range of leaf reflectance at 800 nm (R800); soil-adjusted vegetation index (SAVI); standardized precipi-
tation index (SPI); simple ratio pigment index (SRPI); triangle vegetation index (TVI); visual atmospheric resistant
index (VARI); Vogelmann red edge index 1 (VOGa); Vogelmann red edge index 2 (VOG2); water index (WI).

6. Texture

Texture is an important type of structural information related to the spatial distribution
of ground objects. By measuring the difference between pixels and their surrounding spatial
neighborhood, texture can be used as a sufficient auxiliary basis for solving the problem of
“different spectra of the same object” or “different objects with the same spectrum”, and
can make up for a deficiency of spectral features in hyperspectral remote sensing image
classification to a certain extent. Texture has three features: scale, region, and regularity.
In this study, eight quadratic statistics, listed in Table 2, were used as texture feature
parameters to extract the textural features of images.
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Table 2. Calculation formulae of texture indices.

Texture Index Calculation Formula
N—-1N-1
Mean [65] Y. X iP(ij)
i=0 j=0
Vari N-1N-1 9o
ariance Y Y (i—u)°P(,j)
i=0 j=0
N-1N-1
Entropy Y Y P(i,j)logP(i,j)
i=0 j=0
Homogeneity Nz_l Nz_l P2(i,§)
N 1i;0 11'=0
Contrast Yy v (i—j)zP(i,j)
i=0 j=0
. . . . N_l N_l
Dissimilarity Y iP(i, )i — |
i=0 j=0
Second Moment [66] N)j_l Nil P2(i,§)
i=0 j=0
. N-1N-1
Correlation { Y Y (ixj)P3G,j) - uxuy}/éxdy
i=0 j=0

Through combination with the spectral curve images of different vegetation species
composition types, it can be seen that the difference in reflectance in the visible light band
from different kinds of plants is small. We can consider that the three bands of green,
red, and near-infrared can form a pseudo-color image synthesis band that can be used to
analyze and extract texture features:

1
Blayersticking = *(BGreen + Bred + BNIR) 1

3

The first two bands of the transformed hyperspectral data are separated by a minimal
amount of noise; the pseudo-color bands composed of the green, red, and near-infrared
bands were named B1, B2, and B3 when used in the subsequent texture calculations.
The central wavelengths of the Bl and B2 bands were 784 nm and 806 nm, respectively.
Using a 3 x 3 pixel window, based on the first- and second-order probability statistics,
respectively, a gray level co-occurrence matrix of synthetic band images was calculated,
and the vegetation texture features were extracted. The naming rules of texture feature
factors were defined as: band—texture index—probability statistics order.

7.  Single tree segmentation

The watershed segmentation algorithm is a kind of image segmentation algorithm,
which is based on the mathematical morphology principle of topology theory. This method
is fast and accurate, so it is widely used in image segmentation [67]. Through a watershed
algorithm, a single tree can be segmented, and the position and crown width of a single
tree can be obtained. Each pixel in a canopy height model as assigned with an elevation
value, resulting in a continuous surface with scattered peaks and valleys. Therefore, the
peak point of a continuous surface was defined as the highest point of a single tree. In
addition, watershed segmentation can better identify edges, which is more suitable for the
high-resolution remote sensing images extracted in this study.

2.2.4. Decision Tree Classifier

A decision tree is a tree data structure based on root, intermediate, and leaf nodes [68].
According to the experimental samples, the decision tree classifier determined the appro-
priate discriminant function; next, the branches of the tree were constructed according to
the obtained functions, and then sub-branches were constructed according to the needs of
each branch to form the final decision tree for herb and bare land extraction [69]. Based on
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empirical knowledge, vegetation and non-vegetation are quite different in remote sensing
images, and have strong discrimination characteristics. The study area is a mine dump,
and the only bare land types are found in non-vegetation regions.

According to the extraction results of the vegetation index, the vegetation index
sensitive to herbs and bare land was selected, and the classification rules of vegetated
areas and bare land area were defined. According to the numerical distribution of different
vegetation species compositions in the vegetation index, the bare land area could be
extracted in the first layer. In addition, obvious differences in height features existed among
herbs, trees, and shrubs. Therefore, the classification rules of herbs were summarized by
analyzing the numerical distribution of height features between herbs and other vegetation
species’ compositions; however, overlapping layers may exist between bare land and herbs
in the height layer. Therefore, it is necessary to consider removing bare land and extracting
the herb layer in the second layer in the herb layer obtained by height features.

2.2.5. Random Forest Classifier

A random forest algorithm is an ensemble learning algorithm based on a classification
regression decision tree. By sampling from training samples using the RF Bootstrap Re-
sampling method, a certain number of samples are repeatedly extracted from the training
sample set N, and a new training set of n samples is generated; each sample generates
a classification tree, and the n classification trees form a random forest. When a certain
number of decision trees are produced, the test samples can be used to test the classification
effect of each number, so as to vote for the best classification result [70].

Before using the RF algorithm for classification, the factors of each feature were sorted
by random forest; the factors that were more important for the inversion of vegetation
species composition types in each feature were screened out [71]. After the classification
features were determined, n training sets were obtained by using the autonomous sampling
method. Each training set needed to be trained to generate a corresponding decision
tree model; next, parameters such as the number of base estimators (n_estimators), the
maximum depth (max_depth), the minimum sample size (min_samples_split), and the
maximum feature number (max_features) of the random forest were tested [72].

After extracting herbs and bare land, the random forest algorithm was used to invert
the tree and shrub species composition types. At first, the image of the study area was
classified using the results of canopy extraction and single wood segmentation, i.e., the
third layer extracted trees. Finally, the shrubs were classified on the fourth layer.

2.3. Accuracy Verification and Comparison
2.3.1. Accuracy Verification

In this study, two methods were used to evaluate the classification accuracy, namely
the overall classification accuracy method and the Kappa coefficient method. Overall
classification accuracy is defined as the percentage of the number of correctly classified
data points (1) and the number of all points in the inspection area (N) using Equation (2):

OCA = % x 100% @)

A Kappa coefficient (k) is used to test data consistency, which can indirectly reflect
classification accuracy, as shown in Equations (3) to (5).

_ Py—Pe
K= 1D, 3)
Py=) xi/N 4)
i=1
Po= Y xixj/N? (5)

i=1,j=1
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where P represents the observed consistency, P, represents the expected consistency, X;;
represents the diagonal element value of the confusion matrix, x; represents the sum of
observed values in row I, x; represents the sum of observed values in column j, r represents
the total number of rows/columns, and N represents the total number of samples. The
value range of k is [—1, 1], and the closer k is to 1, the higher the consistency of the data sets
and the better the classification.

In this study, 70% of the survey samples of vegetation species composition were
selected as training data, and 30% of the samples were used for verification. The hierarchical
classification algorithm of vegetation species composition was established by using a
decision tree classifier and random forest classifier.

2.3.2. Accuracy Comparison

With the help of the ENVI platform (Research Systems, Inc., Boulder, CO, USA), the
vegetation species composition types in the study area were classified by using the IsoData
method in an unsupervised classification, along with the maximum likelihood method,
a support vector machine, and a random forest method in supervised classification. The
IsoData algorithm first selected the initial class average, and, in the multidimensional data
space, divided the pixel classes according to the shortest distance from the center of the
training sample class. The maximum likelihood classification rule was used to construct a
discriminate classification function by taking the distribution of satellite remote sensing
multi-band data as having a multidimensional normal distribution. The support vector
machine method can automatically find those support vectors that can best distinguish
the classification, and thus construct a classifier, which can maximize the interval between
classes, thus having better generalization and higher classification accuracy.

3. Results
3.1. Feature Factor Library
3.1.1. Height

The HP95 reflects the distribution of the true height of vegetation, while the standard
deviation of height reflects the difference in height distribution of various vegetation species
compositions, and the difference in height distribution of trees is relatively large [31]. Maxi-
mum height and mean height feature factors show the same vegetation height arrangement
order as a 95% height percentile. Figure 4 shows that in the ordering of median height and
standard deviation of height, all vegetation species compositions show the same order. The
height variation coefficient can reflect the degree of dispersion in the height distribution of
different vegetation species compositions, with Populus spp. having the highest dispersion
degree, followed by Caragana microphylla + Hippophae sp. (shrub), while Robinia pseudoacacia
and Amorpha fruticosa have the most concentrated height distribution.

Table 3 shows the order of vegetation height in the study area was Hippophae sp. (arbor)
> Populus spp. > Robinia pseudoacacia > Pinus tabuliformis > Amorpha fruticosa > Caragana
microphylla + Hippophae sp. (shrub) > herbs.

Figure 4 and Table 3 show that the height percentile of 95% and maximum height
can better reflect the characteristics of height distribution of various vegetation species
compositions; the two factors have an obvious ability to discriminate trees and shrubs as
well as herbs and bare land.
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Figure 4. Height distribution (in meters) of eight types of vegetation species composition: (a) height
percentile of 95% (HP95); (b) maximum height (MaxH); (¢) minimum height (MinH); (d) mean height
(MeaH); (e) median height (MedH); (f) coefficient of variation (CVH); (g) root mean square of height
(RMSH); (h) standard deviation of height (SDH).

Table 3. The heights of trees, shrubs, herbs, and bare land with maximum, minimum, median, and
standard deviation values.

Vegetation Species

Composition Maximum Minimum Median Std Dev
Populus spp. 7.806 2918 5.292 1.280
Pinus tabuliformis 3.274 1.111 2.267 0.670
Hippophae sp. (arbor) 8.432 3.066 5.883 1.404
Robinia pseudoacacia 4.762 2.213 3.071 0.792
Amorpha fruticosa 2.180 1.431 1.781 0.243
%Z;goi% :Zg"("; Zyr llll’;“ 1.809 0.872 1425 0.255
herbs 0.586 0.062 0.221 0.128
bare land 0.390 0.056 0.123 0.078

3.1.2. Intensity

The intensity percentile of 99%, maximum intensity, mean intensity, median intensity,
and standard deviation of intensity of different vegetation species compositions are shown
in Figure 5.
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Figure 5. Intensity distribution of eight types of vegetation species composition: (a) intensity per-
centile of 95% (IP99); (b) maximum intensity (MaxI); (¢) minimum intensity (Minl); (d) mean intensity
(Meal); (e) median intensity (Medl); (f) coefficient of variation of intensity (CVI); (g) standard devia-
tion of intensity (SDI).

The LiDAR intensity values for Populus spp. were the lowest among the tree and shrub
species compositions, among which the intensities of herbs and bare land were lower than
those of Populus spp., while that of bare land was lower than that of herbs. In the study
area, Populus spp., herbs, and bare land species composition were sparsely vegetated areas,
and other vegetation canopies were relatively dense, which indicates that there is a certain
relationship between the intensity feature and whether the vegetation is dense [32]. The
variation coefficient of intensity of Populus spp. was only lower than that of Hippophae sp.
The minimum intensity characteristics showed that the order of intensity of the vegetation
species compositions was herbs > bare land > shrubs > trees.

3.1.3. Echo

As shown in Figure 6, in contrast to its intensity, Populus spp. showed an obvious
advantage in echo characteristics, which were the highest in both the first and second
echoes. However, the ratio of the two echoes showed that the first echo number of Populus
spp. was lower than the second echo number. According to the investigation, the obvious
differences between Populus spp. and other trees and shrubs in the study area were its
canopy structure and spatial planting density, which demonstrated that the spatial structure
of the vegetation canopy had an important influence on its echo characteristics [33].

The ratio of the two echoes between herbs and bare land was generally small, and the
distribution was concentrated in the areas with a value of 1, which indicated that the first
and last echo numbers in herbs and bare land areas were basically equal.
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Figure 6. Echo distribution of eight types of vegetation species composition: (a) the first echo; (b) the
second echo; (c¢) the ratio of the first echo to the second echo.

3.1.4. Spectrum

The spectral curves of plants extracted from hyperspectral images were consistent with
the measured spectral images in the field, as shown in Figure 7. Because of the different
amounts of chlorophyll content of different vegetation species, the reflectance of herbs was
higher, and the spectrum of bare land was obviously different from that of plants [34,35].
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Figure 7. Spectral curves of seven types of vegetation species composition and bare land.

The results showed that, in the range of 500-700 nm, the spectral reflectance between
the bare land and various vegetation species compositions had extreme variations. The
phenomenon of “different objects with the same spectrum” appeared in the spectral range
of 700-750 nm, so that it was not convenient to distinguish vegetation species composition.
In the range of 750-900 nm, each vegetation species composition showed a different level
of spectral reflectance. The spectral reflectance of the Amorpha fruticosa and Hippophae sp.
(arbor) was very similar, but they could be distinguished at 900-1000 nm. The spectral
curve of bare land and the reflectivity of Caragana microphylla + Hippophae sp. (shrub)
changed obviously near 950 nm. This may cause errors in species composition classification.
Therefore, the spectral range of 750-950 nm was selected to identify and separate different
vegetation species compositions. In this band, each vegetation species composition showed
different characteristics, and their reflectivity was quite different.

3.1.5. Vegetation Index

Figure 8 shows that the sensitivity of the vegetation index to soil was low. Specifically,
CHIgreen, CHIrecLedge/ DD, GM, mSR750, PBI, RVI, SPI, TVI, and others each formed a peak,
which was sensitive to vegetation and soil.
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Figure 8. Vegetation indices of eight types of vegetation species composition.

Among these indicies, CHlgreen, CHIred,edger GM, mSR750, PBI, and RVI were the most
sensitive to Robinia pseudoacacia, the SPI was the most sensitive to soil, and the TVI was more
sensitive to vegetation, with herbs being the most important, which can allow vegetation
to be distinguished from bare land [38,39]. Among the vegetation indices sensitive to
vegetation, the characteristic values of dense Robinia pseudoacacia and Amorpha fruticosa
were generally higher, while the characteristic values of herbs were lower.

3.1.6. Texture

Figure 9 shows the differences in the texture of the eight types of vegetation species
composition. Contrast represents the complexity of texture, while image heterogeneity
is described by dissimilarity [67]. The two bands were separated by a minimal amount
of noise, which can reflect the contrast and dissimilarity of vegetation. The vegetation
textures in the two bands obtained by the minimal noise separation show the same chang-
ing trend, among which the differences in three texture indices, namely second-order
contrast, dissimilarity, and mean, are relatively significant. Among these, the difference
in second-order contrast in the B2 band was the most obvious, while the differences in
second-order mean and second-order variance in the B2 band were more significant. The
significance of the second-order correlation and entropy texture index in the B1 and B2
bands followed closely.

120 Populus spp.
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96 Robinia pseudoacacia

e — Amorpha fruticosa

Caragana microphylla + Hippophae sp.((shrub)
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B1-Second Moment-2!
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Figure 9. Textures of eight types of vegetation species composition.
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Figure 9 shows that little difference existed between the second moment and the
first variance texture of vegetation species compositions. In the pseudo-color band, the
difference in texture parameters of vegetation species compositions was relatively small,
and the median of the second-order mean texture factor of herbaceous vegetation and bare
land was much higher than that of other vegetation species compositions. Meanwhile,
the first-order variance texture factor was far lower than that of other vegetation species
compositions. The second-order mean and second-order contrast texture of the three bands
of each vegetation species composition were higher, which indicates that the vegetation had
a higher degree of regularity, which is consistent with the characteristics of the reconstructed
vegetation in the mining area.

3.2. Decision Tree Classifier

Before the decision tree classifier was used for classification, the classifier parameters
were limited to improve the operational efficiency. The result of parameter adjustment is
shown in Figure 10.
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Figure 10. Parameter adjustments of the decision tree classification algorithm; the x-axis is the number
of input feature factors, and the y-axis is the classification efficiency of the classifier after inputting
feature factors.

According to the vegetation index results, the vegetation index that was more sensitive
to vegetation and soil was selected to define the classification rules of herbs and bare land,
as shown in Table 4.

Table 4. Extraction of vegetation indices of grassland and bare land by a decision tree classifier.

MSAVI TVI SPI GM RVI HP95 Accuracy
Bare land <0.71 <15 >1.25 <2.18 <3.59 <0.35 92,689
Herbs <0.85 e

As shown in Table 4, when TVI < 15 or SPI > 1.25, bare land could be well separated.
Then, based on the distribution of vegetation height characteristics, the HP95 < 0.85 was
selected to extract bare land and herbs, the decision rule of separating bare land and
herbaceous areas was established as shown in Figure 11. The difference between bare
land and other vegetation groups was defined by setting thresholds of triangle vegetation
index (TVI), standardized precipitation index (SPI), modified soil-adjusted vegetation



Remote Sens. 2022, 14,978

16 of 27

index (MSAVI), Gitelson and Merzlyak index (GM), and ratio vegetation index (RVI); the
difference between herbs and other groups was defined by the HP95 height characteristic
index, and a filtering window was established to extract bare land and herbaceous areas.

MSAVI=0.71

Yes No
(s
Yes No
[ bare land } [ SPI1<0.379 ]
Yes No
[ GM<2.18 [ bare land }
Yes 1}]0
ViS5
Yes No
[ bare land } [ HP<0.35 }
Yes No
P03
Yes l\jo

[ herl;s } [ other species composition ]

Figure 11. The decision tree classifier for classifying bare land, herbs, and other species compositions.

3.3. Random Forest Classifier

Figure 12 shows the ranking results of feature importance after each feature was input
into the random classifier alone. There were feature factors in each feature that contributed
little to the classification results. Therefore, the top 10 factors in the ranking of feature
importance were selected for final classification.
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Figure 12. Importance ranking of four feature factors: (a) height, intensity, and echo; (b) spectrum;
(c) vegetation index; (d) texture. The x-axis is the number of feature factors, and the y-axis is the
importance of the input feature factors.

The selected factors in each feature are shown in Table 5. Among the following three
features, intensity, height, and echo, the height features were the most important. Among
the spectral features of vegetation, the selected important feature factors were located in
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the 834-950 nm bands, which indicate that the near-infrared band plays an important role
in identifying the types of vegetation species compositions. Among vegetation indices, the
ratio vegetation index Rgpp and difference vegetation index Rgqp are of higher importance.
Among texture features, vegetation mean and correlation texture are more effective for the
inversion of vegetation species composition types.

Table 5. Importance ranking of the feature factors.

LiDAR Spectral Vegetation Index Texture Index
RF accuracy rank 0.70 0.45 0.60 0.70
1 MaxH 950 nm Rgoo B1-Correlation-2
2 MinH 918 nm Rgso B1-Mean-2
3 SDH 946 nm EVI B1-Mean-1
4 MedH 934 nm MSAVI B2-Correlation-2
5 HP95 914 nm VARIreCLdege B2-Mean-2
6 CVH 882 nm PVR B1-Variance-1
7 Minl 938 nm TVI B2-Mean-1
8 RMSH 834 nm CHlied_dege B3-Mean-1
9 Returnl/2 942 nm NDVI B3-Mean-2
10 Returnl 878 nm PSD, B2-Contrast-2

In addition, the performance of each individual feature in the random forest classifier
was tested by the verification set. The inversion accuracy of the intensity, height, and echo
features extracted from the point cloud data and texture features were higher at 0.7, while
the inversion accuracy of the vegetation spectral features alone was the lowest at only
0.45. Therefore, we considered the comprehensive application of each feature, carried out
the inversion of vegetation species composition types, and improved the accuracy of the
inversion results.

Figure 13 shows the order of importance for each feature factor of vegetation species
composition. The vegetation index feature was found to play an important role in the
inversion of vegetation species composition types in this study area, followed by the height,
texture, and spectral features.

Importance of random forest features

Vegetation index

0.06 1

0.05 {

0.041 Height
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0

o
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3
0.02

0.00 + I v
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Figure 13. The importance of features in the estimation of different vegetation species compositions.

o

o

The x-axis is the number of features, and the y-axis is the importance of the features.

Before the random forest classifier was used for classification, the classifier parameters
were limited to improve the operational efficiency as shown in Figure 14. Taking the tree
classifier as an example, the number of optimal base classifiers was 61, the maximum depth
of trees in random forest was seven, the maximum number of features was 16, and the
minimum sample size was two. Shrubs were used and the same command was performed.
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Figure 14. Parameter adjustments of the random forest classification algorithm; the x-axis is the
number of input feature factors, and the y-axis is the classification efficiency of the classifier after
inputting feature factors.

The results of random forest classifier construction are shown in Figure 15; the differ-
ence between trees and other vegetation species compositions was defined by the threshold
values of vegetation index, height, and spectral, and four kinds of tree groups were iden-
tified. Then, the difference between shrub areas and other groups was defined by the
spectral, and a filter window was established to extract shrubs.

MSAVI<0.687

Yes No
[ bare land } { MaxH<1.291 ]
Yes No
( 934nm<0.467 | [ 934nm<0.379 | N
Yes No Yes ©
[ Bl-Correlation2<0.36 | [ herbs | [ RVIs6.636 | SP1<0.97
Yes No Yes No Yes No

Caragana microphylla Hippophae sp. [ Minl<22.879 J [ B1-Contrast-2<67.272 ] [ MaxI<39.521 } Hippophae sp.
+ Hippophae sp.(shrub) (arbor) No Yes No Yes No (arbor)

Y v v A X
> Pinus Pinus Hippophae sp. Hippophaesp. a -
Populus spp. tabulaeformis tabulaeformis (arbor) (arbor) [ Amorpha fruticosa }

Figure 15. The random forest classifier for classifying trees and shrubs.

3.4. Classification Results

The reconstructed vegetation in the study area is all artificially planted. Figure 16
show that the reconstructed vegetation has a relatively obvious spatial structure. The vege-
tation of the open-pit mine dumps undergoes natural succession. Under different vegetation
species compositions, the vegetation clusters show unique structural succession characteristics.

Based on LiDAR and hyperspectral data, the height, intensity, echo, spectral, vegeta-
tion index, and texture features of vegetation were extracted, and the classification results
of the vegetation species compositions are shown in Figure 17.
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Figure 16. (a) Canopy heights of trees, shrubs, herbs, and bare land in study area; (b) cross-sectional
view of single tree segmentation result; (c) three-dimensional models of different vegetation species
compositions.
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Figure 17. Classification results: (a) the first layer of bare land; (b) the second layer of herbs; (c) the
third layer of trees—Populus spp., Pinus tabuliformis, Hippophae sp. (arbor), and Robinia pseudoacacia;
(d) the fourth layer of shrubs—Caragana microphylla + Hippophae sp. (shrub) and Amorpha fruticosa.

As shown in Figure 17, the northern part of the study area consists of a large area of
Populus spp., herbs, and bare land, among which there is a larger area of Hippophae sp.
(arbor). The vegetation species composition patterns in the central and northern re-
gions include mixed areas of Caragana microphylla + Hippophae sp. (shrub) and Populus
spp., as well as mixed areas of Hippophae sp. (arbor), Caragana microphylla + Hippophae
sp. (shrub), and herbaceous species compositions. In addition, there is a larger area
of Robinia pseudoacacia; in the middle of the study area, the vegetation species included
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Robinia pseudoacacia, Hippophae sp., Amorpha fruticosa, and Populus spp. This area mainly
consisted of Hippophae sp. (arbor), Amorpha fruticosa, Caragana microphylla + Hippophae sp.
(shrub), and herbaceous species composition patterns, as well as large areas of grassland
and bare land, with a small amount of mixed planting of Hippophae sp. (arbor). Amor-
pha fruticosa was planted in most areas in the central and southern parts of the study
area, Hippophae sp. (arbor) was mixed-planted around the Amorpha fruticosa clusters, and
Populus spp., Caragana microphylla + Hippophae sp. (shrub), and Pinus tabuliformis were
mixed-planted in some areas. The vast majority of the southern part of the study area
was grassland, with a small amount of Hippophae sp. (arbor) and Pinus tabuliformis mixed-
planted in it and with a few Populus spp. scattered sporadically.

3.5. Accuracy
3.5.1. Accuracy of Other Classification Methods

Identification and classification experiments for vegetation species compositions in
the region were carried out. Figure 18 shows the classification results of vegetation species
composition types obtained after using other classification methods; Table 6 provides the
accuracy evaluation results of each classification method.
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Figure 18. The results of vegetation species composition types using different classification methods:
(a) IsoData unsupervised classification; (b) maximum likelihood supervised classification; (c) support
vector machine classification; (d) direct random forest classification.

Table 6. Accuracy of the classification of vegetation species compositions.

Classification Method Overall User Accuracy Kappa Coefficient
IsoData 44.0382% 0.1475
maximum likelihood 64.7809% 0.5870
support vector machine 73.4364% 0.6858
direct random forest 76.6830% 0.7233
hierarchical classification 87.4488% 0.7874

The IsoData unsupervised classification method had the lowest classification accuracy
and could only identify part of the region with vegetation; however, most of the areas
could not be correctly identified. The similar spectral curves in the vegetation species
compositions seriously interfered with the classification results, making it impossible to
identify the types of fine-scale vegetation species compositions present in the study area. As
for the maximum likelihood method, Hippophae sp. and Robinia pseudoacacia were difficult
to distinguish; support vector machines would easy confuse poplars at the edges of roads,
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and the random forest rules could not completely extract trees, so there were many broken
patches in the tree areas, and the classification results were inaccurate. It can be seen that
the general supervised classification method, taking the maximum likelihood method as an
example, allowed the researchers to identify more types of vegetation species compositions
than the unsupervised classification method, but the identification results were incomplete
and inaccurate.

3.5.2. Accuracy of the Hierarchical Classification Method

In the process of extracting the number of vegetation species compositions, a hierarchi-
cal classification method was developed. The hierarchical classification method extracts the
tree region based on expert knowledge and single tree segmentation. In addition, the fine-
scale classification of vegetation species compositions was realized by combining a decision
tree and random forest algorithm. The hierarchical classification method was used based
on expert knowledge and tree regions extracted by single tree segmentation; the overall
classification accuracy was 87.45%, and the consistency of the data sets was the highest,
with a Kappa coefficient reaching 0.79. The overall user accuracy improved by nearly 43%
when compared with unsupervised classification methods, and the accuracy improved by
10.7-22.7% when compared with other supervised classification methods. This indicates
that the hierarchical classification method has certain advantages in vegetation species
composition identification.

4. Discussion
4.1. Performance of Different Classification Methods

When faced with different remote sensing data and different feature variables, IsoData,
support vector machine, the maximum likelihood method, and random forest classifiers
show differences in classification performance [73-76]. Gu et al. compared land use
information extraction models such as support vector machines, BP neural networks, and
random forests, and they found that the random forest classification method had the highest
accuracy [77]. Chen et al. studied the classification of land use in industrial and mining
reclamation areas and found that the execution time and accuracy were better than support
vector machine under the same characteristic variables [78]. Yang et al. used random forests
and support vector machines to map tree species in the Northern Alberta forest region, and
random forests outperformed support vector machine classifiers [79]. Zhao et al. used the
maximum likelihood method, support vector machine, and random forest to classify the
dominant tree species of shelterbelts [80]. Yang et al. built a random forest classification
model that integrated 24 variables, including spectral features, vegetation features, terrain
features, and texture features, and combined it with support vector machine, K-nearest
neighbor, and maximum likelihood classification methods [81]. Li et al. used Sentinel-1 and
Sentinel-2A satellite images and a digital elevation model as data sources to combine the
random forest and recursive feature elimination algorithm, and the classification accuracy
was better than the support vector machine algorithm and K-nearest neighbor algorithm
with the same features [82].

These studies show that there are great differences between the actual data of different
research objects and places, and that different numbers of classified species will also affect
the classification results. In our study, the IsoData unsupervised classification method could
only identify some areas with vegetation, the maximum likelihood method was unable
to distinguish between Hippophae sp. (shrub) and Robinia pseudoacacia, the support vector
machine confused Populus spp. at the edge of the road, and the random forest rule could
not fully extract the trees. Therefore, it is impossible to judge the quality of a classification
algorithm based on the classification accuracy alone. In addition, a specific algorithm
has the best expressive force when it utilizes the data that best conform to its operational
principle format [83-85]. With the increasing requirement of classification accuracy, the
multiple-classifier systems algorithm is developing gradually. Compared with a single
classification algorithm, multiple-classifier systems can integrate the advantages of multiple
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classification algorithms and select the appropriate combination of algorithms to improve
the accuracy of the classification results [86].

4.2. Spatial Analysis of Vegetation Species Composition Types

Vegetation species composition number is defined as the number of different vegeta-
tion species, including trees, shrubs, and herbs, in a certain grid with a resolution of 15 m.
This parameter can reflect the spatial distribution of vegetation species abundance.

As shown in Figure 19, in the study area, the vegetation species composition in
the following three areas had more vegetation species: (1) the intersection of Caragana
microphylla + Hippophae sp. (shrub) and Populus spp.; (2) the mixed area of Robinia pseu-
doacacia, Hippophae sp. (arbor), and Caragana microphylla + Hippophae sp. (shrub) in the
middle and northern parts of the study area, and (3) the junction of Amorpha fruticosa
and Pinus tabuliformis in the middle and southern parts of the study area. In the middle
and southern parts of the study area, the mixed area of Robinia pseudoacacia, Hippophae
sp. (arbor), Amorpha fruticosa, and herbs had good diversity and reasonable vegetation
species composition.

Vegetation Species
Composition 7 i
P Vegetation Species
Il ropulus spp. Composition Number
- Pinus tabulaeformis - 1
- Hippophae sp.(arbor) - 2
Robinia pseudoacacia :’ 3
- Amorpha fruticosa 4
Caragana microphylla
+ Hig}mphae sp?(shrub z 5 - :] 5
Herbs - 2 - 6
Bare land \ 7 s
0 50100 200 0 50 100 200 300 400
g Meters!
— rr—————— - ?

(@) | (b)

Figure 19. Estimation results of (a) fine identification and classification of seven vegetation species
compositions in the study area: Populus, Pinus tabuliformis, Sea buckthorn (arbor), Robinia pseudoacacia,
Amorpha fruticosa, Caragana microphylla + Sea buckthorn (shrub), herbs, and bare land; (b) vegeta-
tion species composition number; the numbers 1 to 7 represent the number of vegetation species
compositions in a specific patch.

Following natural regeneration, competition, species replacement, and human inter-
vention with appropriate intensity, some areas will show vegetation distribution charac-
teristics different from those in the planning period. Vegetation species composition will
increase as the process of succession occurs [87]. In the process of succession, plants with a
weak competitive ability gradually die out, and the number of vegetation species will de-
cline to a certain extent [88]. It can be seen from the estimation results of vegetation species
composition that the vegetation is relatively sparsely distributed, with little competition in
the edge habitat, where the vegetation species composition meets roads in the study area.
Among the areas with a single vegetation species composition, the areas with a low number
of vegetation species composition types included bare land and herbs, some of which were
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originally planned to be individual Acacia or Prunus humilis plantations; however, many
of these areas have degenerated into areas with only herbs or into bare land. The mixed
areas of multiple types of vegetation species composition, with broad-leaved trees such
as Populus spp., Robinia pseudoacacia, and Amorpha fruticosa, have more types of vegetation
species, representing mixed clusters of plant species.

Therefore, a better species composition of vegetation would be a mixture of trees,
shrubs, and herbs, which can achieve the effects of reasonable spatial distribution as well
as the full and effective use of ecological resources; this species composition will form
an ecosystem with high functional diversity, high productivity, and a strong tolerance of
disturbance, making it easier for the ecosystem to allow the introduction of new vegetative
species, allowing for habitat renewal and succession [89]. As can be seen from this study,
the developed hierarchical classification methods as well as LIDAR and hyperspectral
data have significant potential to assist in the spatial management of biodiversity after
ecological restoration.

4.3. Research Limitations and Future Work

The main limitations of this study lie in the limited monitoring time and spatial scale.
The echo and intensity of LIDAR data need to be further processed. At present, a radiation
calibration program has not been developed for LiDAR data, and the LiDAR intensity
has not been fully used. In addition, the energy value of the laser with only a secondary
echo is greatly reduced when it returns for the second time, and it cannot completely
penetrate a dense canopy, so as to obtain information from understory vegetation in areas
with a complex vertical plane of plant structure [90]. When LiDAR acquires data in areas
with large terrain fluctuations, it will produce large filtering errors. The general ground
point extraction method is mainly used to solve the ground point extraction problem of
airborne LiDAR data in relatively flat urban areas, while there are relatively few algorithms
specifically for complex terrain. Due to the limitations of time, and seasonal changes
of plants, it is difficult to obtain LiDAR and hyperspectral data with multiple spatial
scales and long time series, to compare and analyze vegetation structure parameters at
different spatial scales, to monitor the changes in vegetation structure parameters during
vegetation restoration, and to understand the dynamic changes that occur during vegetation
restoration [91,92]. In addition, due to the UAV’s limited range, flight angle, real-time
weather, and other reasons, this experiment only selected a part of the mining area for the
collection of LiDAR and hyperspectral data, which did not cover the entire mining area, so
that the accuracy of data in other areas has not been verified.

In the future, the vegetation in the study area can be monitored over a long time
period. A need exists to collect multi-scale LIDAR and hyperspectral data, further verifying
the hierarchical classification method of vegetation species composition types, comparing
the performance of classification methods at different scales, and revealing the dynamics of
vegetation structural parameters. The LiDAR and hyperspectral data can be acquired many
times by planning the route of the UAV at the same time in the mining area, covering the
entire mining area. The method should add more empirical cases, verify the universality
of the method, and can be extended to other regions after optimization. In addition,
the application of LiDAR intensity characteristics can be further studied, and multiple-
echo LiDAR data can be obtained; this can help researchers to realize the measurement
of the height of different types of vegetation under the branches of vegetation species
composition with different heights in the tree—shrub species composition mode. This is
expected to realize the research of understory vegetation identification and understand
the status of understory vegetation renewal. The LiDAR and hyperspectral data can be
applied to the estimation of the biochemical component parameters of a vegetation species
composition, which will provide a sufficient basis for studying the relationship between
different vegetation structures and functions.
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5. Conclusions

In this study, a model used to estimate the structural parameters of vegetation was
constructed and the hierarchical classification method was developed through the compre-
hensive use of LiDAR and hyperspectral remote sensing data. This method was applied
and verified in the east waste dump of the Heidaigou open-pit mine in Erdos City, Inner
Mongolia. The following main results and conclusions were obtained.

The spectral features included redundant information; however, different types of
vegetation species composition had great spectral differences in the range of 750-950 nm. In
the process of classifying vegetation species composition types, the vegetation index feature
could be used effectively for vegetation species composition classification, while simple
spectral features provided little contribution to the classification of vegetation species
composition types.

Combining LiDAR and hyperspectral data can allow researchers to accurately and
reliably estimate the structural parameters of vegetation. The extraction of feature factors
from LiDAR and hyperspectral data enabled the researchers to use algorithms and estimate
various vegetation structural parameters with the goal of obtaining the morphological
and component structural parameters of vegetation. The developed hierarchical classifi-
cation method was obviously superior to other methods, while the overall classification
accuracy reached 87.45%, which was 10.7-22.7% higher than that of other supervised
classification methods.

This study demonstrates that the fusion of LIDAR and hyperspectral data can allow
researchers to accurately and reliably estimate and classify vegetation structural parameters,
and reveal the type, quantity, and diversity of vegetation species, thus providing a sufficient
basis for the assessment and optimization of vegetation after ecological restoration.
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