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Classification of xeric scrub forest species using machine learning and
optical and LiDAR drone data capture

Adrian Hernandez-Ramos 2,
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Arid and semi-arid forest ecosystems represent the largest biomes on Earth.
However, research on identifying their species using remote sensing tech-
niques is still limited. Understanding the spatial distribution of vegetation is
crucial for precision management. This can be achieved through methods that
allow for the individual identification and classification of species, which are
essential for accurately estimating forest inventory. The objective of this study
was to identify and classify forest species present in a xeric shrubland (arid
and semi-arid region) based on multispectral images, red-green-blue (RGB) im-
ages, and Light Detection and Ranging (LiDAR) data. All images and data were
drone-captured. Machine learning algorithms such as Adaptive boosting (AB),
Gradient boosting machine (GBM), Xtreme gradient boosting (XGB), Classifica-
tion and regression trees (CART), Random Forest (RF), and Support vector ma-
chines (SVM) were employed. RF yielded better results for species and shrub
class classification, with an accuracy of 0.64 and a Kappa coefficient of 0.56.
Classification accuracy values per species were 0.73 (E. antisyphilitica), 0.70
(opuntias), 0.67 (palms), 0.65 (L. tridentata), 0.59 (trees and shrubs), and
0.55 (A. lechuguilla), all of which were obtained by combining the three types
of data used. Spectral variables contributed the most metrics, followed by Li-
DAR and RGB. The results support the adoption of remote drone-mounted
sensing systems for characterizing the complex forest vegetation in arid and
semi-arid regions, thereby providing a decision-support tool for its manage-
ment.
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Introduction

Arid and semi-arid forest ecosystems are
the largest biomes globally (FAO 2019). De-
spite that, efforts to demonstrate the capa-
bilities of remote sensing technology, par-
ticularly drone-mounted spectral or LiDAR
sensors, in identifying and classifying plant
species are very scarce worldwide (Sankey
et al. 2018, Norton et al. 2022, Pervin et al.
2022). Among the main reasons for the lim-
ited studies on these ecosystems are their
structural complexity and the high diversity
of small species. Furthermore, in arid envi-
ronments, the influence of the soil back-
ground on the spectral response can lead
to errors such as “same objects with differ-
ent spectra” or “the same spectrum on
different objects”, further complicating the
accurate identification of species using re-
mote sensing techniques (Gao et al. 2023).
This represents a disadvantage for prop-
erly developing forest management plans
for such a vast global resource.

Sustainable management of any ecosys-
tem plays a fundamental role in preserving
its resources, whether timber or non-tim-
ber. To achieve this task, it is necessary to
rely on accurate information about the
ecosystem structure and composition
(Mayra et al. 2021, Zhong et al. 2022).
Knowing the different species involved,
their current range, and the distribution
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patterns of individuals allows implement-
ing specialized management for each spe-
cies based on its growth pattern, spatial ar-
rangement (Hell et al. 2022), and resilience
to environmental changes (Sivanandam &
Lucieer 2022, Qian et al. 2023).

The integration of remote sensing data
into a forest vegetation inventory process
can result in an efficient and effective clas-
sification of tree and shrub individuals of
interest, thereby allowing the quantifica-
tion of the total stock by species in a given
area. This is an essential input for sustain-
able harvest planning of forest raw materi-
als (Zhang & Liu 2013), and could also result
in a significant reduction in the investment
required for inventory, particularly in large
areas. In contrast, the traditional inventory
method, based on field sampling, intensive
labor, high costs, and a long execution
time (Herndndez-Ramos et al. 2019) limits
its implementation (Qin et al. 2022).

The recent development in aeronautics
allows acquiring affordable drones equip-
ped with miniature high-resolution red-
green-blue (RGB), multispectral, hyper-
spectral, and Light Detection and Ranging
(LiDAR) remote sensors that can collect in-
formation about land surface features in a
considerably shorter time than traditional
sensors (Yang & Du 2021, Qin et al. 2022).
Altogether, these tools effectively describe
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vegetation in horizontal and vertical di-
mensions, making them valuable for identi-
fying and classifying plant species across
various ecosystems. For instance, accurate
species classification has been achieved by
combining high-resolution LiDAR and
drone-acquired optical data (RGB, multi-
spectral, and hyperspectral). This approach
has been successfully applied in grasslands
(Lu & He 2017, Wang et al. 2023), xeric
shrublands with shrub species (Sankey et
al. 2018, Pervin et al. 2022, Yue & Li 2023),
and forests with tree-like individuals (Sivan-
andam & Lucieer 2022, Qin et al. 2022,
Zhong et al. 2022).

Although drone-based remote sensing
data have proven valuable, their high spa-
tial resolution implies the generation of
large databases (Lin et al. 2023), which,
combined with the presence of diverse
vegetative structures, creates a complex
scenario that demands efficient methods
for accurate analysis (Mayra et al. 2021).

To address the above challenges, ma-
chine learning and deep learning have be-
come essential tools for processing and an-
alyzing such data (Cao et al. 2018, Qin et al.
2022). Notable machine-learning algo-
rithms include Gradient Boosting Machines
(GBMs), Classification and Regression
Trees (CARTs), Random Forests (RFs), and
Support Vector Machines (SVMs) (Liu et al.
2017, Norton et al. 2022, Lin et al. 2023). In
deep learning, algorithms such as YOLO,
Faster R-CNN, and RetinaNet have shown
promising results in species classification
based on combinations of RGB, multispec-
tral, hyperspectral, and LiDAR remote sens-
ing data (Beloiu et al. 2023, Huang et al.
2024). Despite these advances, few studies
have demonstrated the effectiveness of
these technologies in species classification
within arid and semi-arid ecosystems. Valu-
able contributions in this area include the
studies by Sankey et al. (2018), Tang et al.
(2022), Pervin et al. (2022), Norton et al.
(2022), and Wang et al. (2023).

This study aimed to identify and classify
xeric scrub species from arid and semi-arid
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regions using a combination of multispec-
tral, RGB, and LiDAR remote sensing data
collected by drones. The underlying hy-
pothesis is that the structural variability of
a xeric shrubland can be captured in optical
and LIDAR variables, thereby enabling the
identification of non-timber forest species
growing in these ecosystems.

Materials and methods

The study area is located within the Ejido
Hipdlito, Ramos Arizpe Municipality, Coa-
huila, Mexico (25.756° N, 101.408° W;
WGS84 - Fig. 1), covering 116 ha, with alti-
tudes ranging from 1134 to 1249 m a.s.l. and
an average slope of 16%. The climate is
arid/semi-warm (BSohw), with a precipita-
tion range of 125-300 mm per year and av-
erage temperatures of 9-28 °C. The vegeta-
tion corresponds to rosetophilous desert
scrub under current forest management,
dominated by shrubs such as Agave le-
chuguilla Torr. (Lechuguilla), Euphorbia an-
tisyphilitica Zucc. (Candelilla), Jatropha
dioica Cerv. (Sangre de Drago), Larrea tri-
dentata (Sessé & Moc. ex DC.) (Goberna-
dora), Hechtia glomerata Zucc. (Guapilla),
Opuntia spp. (Nopal), and trees such as Va-
chellia farnesiana (L.) Willd. (Huizache) and
Neltuma glandulosa Torr. (Mezquite).

Field data capture and processing

Field surveys were carried out to gener-
ate a georeferenced database of 343 plant
specimens using a Garmin eTrex® GPS re-
ceiver (error + 3.0 m). Additionally, 303 in-
dividuals were identified in the RGB im-
agery. Sampling was focused on plants
with clear and distinctive structures to min-
imize misidentification with other species.
Efforts were made to ensure a homoge-
neous and spatially dispersed distribution
of sampling points across the study area,
reflecting species distribution patterns and
capturing landscape variability. Overall, the
geographic coordinates (latitude and longi-
tude) of 646 individuals were recorded and
used for algorithm training (Fig. 1). The GPS
coordinates were geometrically corrected

to UTM zone 14, WGS84, based on the RGB
images.

For the analysis, individual coordinates
were organized by species, focusing on the
highest-density species: A. lechuguilla (101
specimens), E. antisyphilitica (150), and L.
tridentata (92). Additionally, morphologi-
cally similar species were grouped into
shrub categories, such as opuntias (50
specimens), which included Opuntia rastr-
era Weber, O. engelmannii subsp. Lind-
heimeri, Cylindropuntia leptocaulis (DC.) F.
M. Knuth, C. imbricata (Haw.) F.M.Knuth;
palms (36 specimens), including Yucca filif-
era Chabaud, Y. treculeana Carriére, Dasylir-
jon cedrosanum Trel.; trees (44 specimens),
including V. farnesiana, Senegalia berlandi-
eri Britton & Rose, V. rigidula Benth., N.
glandulosa; and shrubs (173 specimens),
comprising all remaining species not classi-
fied into previous groups.

Remote sensing data and processing

Multispectral imaging

A DJI Phantom 4M multirotor drone flight
was conducted, equipped with a five-band
multispectral camera: blue (Bs, 450 nm),
green (Gs, 560 nm), red (Rs, 650 nm), Red-
Edge (RE, 730 nm), and near-infrared (NIR,
840 nm). The images were taken at a
height of 150 m, with a spatial resolution of
0.10 m, and were georeferenced using an
RTK module (Real Time Kinematic) to a
UTM zone 14, WGS84 coordinate system
(Fig. 2b, Fig. 2f). The orthomosaic, radio-
metric calibration, and atmospheric correc-
tion were all automatically executed in DJI
Terrav. 3.8.0.

RGB and LiDAR imaging

The area was also scrutinized with a DJI
Matrice 300 RTK drone, a Zenmuse L1 sen-
sor, and an RGB camera (20 MP - Fig. 2d).
The flight altitude was 180 m, with 75%
overlap. The RGB images resulted in a spa-
tial resolution of 0.04 m and three bands
(red [Rig), green [Gy), and blue [Bg]),
from which hue values were obtained (Fig.
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Fig. 2 - Remotely sensed
view of shrub species. | (@
LiDAR point cloud (a), mul-
tispectral image (b), and
RGB image (c). Data acqui-
sition equipment: DJI
Matrice 300 RTK with Zen-
muse L1(d) and DJI Phan-
tom 4M (f).

5.0
Length (m)

2¢). The LiDAR point cloud consisted of
two returns and an average density of
193.62 points m? (Fig. 2a). Both items were
orthorectified by RTK to the UTM zone 14
coordinate system, WGS84. The drone-cap-
tured data were processed in RStudio (R
Core Team 2022), using the procedures and
methods implemented in the “lidR” pack-
ages (Roussel et al. 2020) for LiDAR and in
the “GLCMTextures” (Hall-Beyer 2017)
package for the extraction of spectral-tex-
ture and RGB metrics.

LiDAR-based individual bush extraction
To detect shrubby individuals, the LiDAR
point cloud was pre-processed as follows:
(i) extreme points (outside the frequency
distribution of the maximum and minimum
altitudes of the study area) were elimi-
nated by means of altitude filtering (Fig.
S1a in Supplementary material); (ii) points
were classified into ground and non-

ground (vegetation) through the Progres-
sive Morphological Filtering (PMF) proce-
dure (Zhang et al. 2003) using a window
size of 0.9 m and a height threshold of 0.03
m, which corresponds to the minimum
height of existing vegetation (Fig. S1b); (iii)
a 0.5 m spatial resolution Digital Elevation
Model (DEM) was generated from points
classified as ground using the K-nearest
neighbor (K-NN) and the Inverse Distance
Weighting (IDW) interpolation algorithms;
and (iv) the point cloud was normalized by
subtracting the DEM to the Z-coordinate
(altitude) of each point classified as non-
ground. This eliminates the influence of
DEM on shrub height (Silva et al. 2022 - Fig.
S1c).

A 1.5 m-diameter circular sampling win-
dow and a minimum cut-off height of 0.05
m were used to detect the highest points
corresponding to each shrub in the zone
using the normalized cloud and the Local

Maximum Filter (LMF) algorithm (Mayra et
al. 2021, Qin et al. 2022). The point cloud
was then segmented using the Dalponte-
2016 algorithm (Dalponte & Coomes 2016).
This algorithm used the LMF parameters to
group and assign a unique identifier to the
points that make up each individually seg-
mented shrub. This allowed to accurately
measure each shrub in the field and sim-
plify the calculation of height and intensity
metrics.

Extraction and selection of optic and
LiDAR metrics

To represent the variability of structures
and conditions of arid and semi-arid vege-
tation, 143 metrics were calculated from Li-
DAR (57), spectral (54), and RGB (32) data.
The latter include the Bs, G, Rs, RE, and NIR
spectral (S) bands, and the color levels
(RGB = 0-255) Rygo, Grgpy and Byg,. To reduce
the effect of saturation on image values,

Tab. 1- List of vegetation structure metrics calculated from the segmented LiDAR point cloud for each detected shrub individual.

Attribute  Code Description Attribute Code Description
Point cloud n Number of points Intensity itot Sum of intensities for each return
area Individual area (m?) imax Maximum intensity
Normalized zmax Maximum height (m) imean Mean intensity
z zmean Mean height (m) isd Standard deviation of intensity
zsd Standard deviation of height iskew Skewness of intensity
zskew Skewness of height ikurt Kurtosis of intensity
zkurt Kurtosis of height ipground Intensity returned by points classified as
"ground" (%)
zentropy Entropy of height ipcmzgx Intensity returned below the k-percentile
of height (%)
pzabovezmean returns above zmean (%) ipxth Intensity returned by 1%, 2", 3 x™,
returns (%)
pzabovex Returns above the x percentile (%) Point cloud n Number of points
zqx Quantile of height area Individual area (m?)
zZpcumx Cumulative returns per individual Classification pground Returns classified as "ground” (%)

(%)
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eight texture metrics per band were in-
cluded, derived from the Gray Level Co-oc-
currence Matrix (GLCM), which are: mean
(Me), variance (Va), correlation (Co), en-
tropy (En), second moment (Sm), homo-
geneity (Ho), contrast (Con) and dissimilar-
ity (Di) (Hall-Beyer 2017).

Additionally, 14 vegetation indices (VIs)
were included to mitigate the effect of soil
albedo on vegetation reflectance and to
highlight variations across different cover
types. The NDVI, RVI, DVI, SAVI, MSAVI,
GCl, GDVI, GRVI, and GNDVI indices were
generated from spectral data, and the
GRVI, RGBVI, GLI, VARI, and NGRDI indices
from RGB images (Naji 2018, Flores-Ro-
driguez et al. 2020, Hurtado & Lizarazo
2022, Qin et al. 2022 - see Tab. S1in Supple-
mentary material).

The LiDAR metrics were extracted from
the normalized segmented cloud to use
the specific records of each detected indi-
vidual. For this, the normalized Z attributes
(Height, m - Silva et al. 2022), the intensity,
and the classification of points (Cao et al.
2018) were used. The extraction was per-
formed by deriving standard metrics at dif-
ferent levels of regularization using the
“stdmetrics” function in the “lidR” pack-
age (Lucas et al. 2019, Tab. 1). The altitude
(m) of each individual was also obtained
from the LiDAR-generated DEM.

Including diverse variables in the model-
ing process can lead to redundant informa-
tion, thus affecting classification accuracy
(Cao et al. 2018). To avoid redundancy, we
used the Random Forests with Boruta
(RFB) and the Xtreme Gradient Boosting
(XGB) algorithms to select relevant vari-
ables. RFB uses random permutations to
choose variables that significantly (¢=0.05)
contribute to an increased accuracy (Kursa
& Rudnicki 2010). XGB evaluates the in-
crease in node purity using the Gini coeffi-
cient, which serves as a unit of measure-
ment for estimating prediction variance
(James et al. 2023). In both cases, variables

1.00

with a positive and significant importance
value were selected.

Statistical analysis

Six machine learning algorithms were
evaluated to classify shrub individuals. All
algorithms were adjusted using ensemble
models to increase accuracy. Boosting was
used for AdaBoost (adaptive boosting,
AB), GBM, and XGB; Bagging for CART, RF,
and SVM. In the latter, a Gaussian Kernel
was used to achieve appropriate adjust-
ments when working with a high number
of variables (Kowalczyk 2017). Optimal hy-
perparameters for the models were deter-
mined via cross-validation with 5 to 10 iter-
ations. All algorithms were performed in
the RStudio “caret” package (Kuhn 2008).

The algorithms were trained and evalu-
ated in two phases. First, the models were
adjusted with two selection approaches
(RFB and XGB) and with all the variables
generated from the spectral data, RGB,
and LiDAR; for both selection approaches,
the best algorithms, as well as the set of
variables (metrics) with the most signifi-
cant contribution to the classification,
were selected. In the second phase, the al-
gorithms with the best statistics were ad-
justed using the chosen set of variables to
evaluate the capacity of the different types
of data, used individually and combined, to
classify shrub vegetation in arid and semi-
arid ecosystems.

Seventy percent of the field data was
used to train the algorithms, and the re-
maining 30% was used as a test set. The
models’ fit was assessed using bias and
agreement measures derived from each al-
gorithm’s confusion matrix: overall training
accuracy (TA), overall test accuracy (OTA),
the Kappa coefficient (K), and specific ac-
curacy per classification group (SA). In ad-
dition, the importance of the variables in
the classification was assessed with the
Gini coefficient (James et al. 2023).

0.90 +

0.80 +

0.70 +

Accuracy

0.60 +

0.50 +

TA JOTA] K [ TA JOTA] K
AB GBM XGB

TA JOTA] K

TA JOTA] K [ TA J[OTA] K [ TA [OTA| K
CART RF SVM

—-RFB| 0.89 | 0.55 | 0.87 | 0.57 | 0.54 | 0.49 | 0.61 | 0.57

0.54 | 0.67 | 0.46 | 0.61 | 0.61 | 0.62 | 0.54 | 0.76 | 0.55 | 0.72

-+-XGB| 0.77 | 0.54 | 0.72 | 0.57 | 0.54 | 0.49 | 0.59 | 0.60

0.52 | 0.62 | 0.45 | 0.55 | 0.61 | 0.59 | 0.54 | 0.79 | 0.55 | 0.76

——All | 0.84 | 0.54 | 0.81 | 0.57 | 0.57 | 0.48 | 0.60 | 0.57

0.52 | 0.67 | 0.46 | 0.61 | 0.61 | 0.62 | 0.53 | 0.81 | 0.50 | 0.77

Fig. 3 - Accuracy of algorithms and variable selection methods for the classification of
xerophytic shrub species. (TA): overall training accuracy; (OTA): overall test accuracy;
(K): Kappa coefficient; (AB): adaptive boosting; (GBM): gradient boosting machine;
(XGB): Xtreme gradient boosting; (CART): classification and regression trees; (RF):
Random Forest; (SVM): support vector machines.
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Results

Individual bush segmentation

The identification of individuals derived
from the LiDAR cloud revealed a total of
471,625 shrubs of all species associated
with xerophytic scrub in the study area.
These presented an average individual
shrub cover of 0.232 m? (range: 0.0094-
12.223 m?) and an average height of 0.342
m (range: 0.05-6.63 m). The individuals’ ge-
ographic locations showed an average spa-
tial error of 0.40 m relative to the multi-
spectral image, attributable to differences
in acquisition equipment. This mismatch
was rectified by a geometric correction of
the multispectral image from the RGB or-
thomosaic (see Fig. S2 in Supplementary
material).

Selection of metrics and algorithm
evaluation

The 143 spectral, RGB, and LiDAR metrics
were extracted for each individual de-
tected in the point cloud (471,625 shrubs)
and for the sampled individuals (646
shrubs). Five metrics related to the per-
centage of return intensity (ipxth) were ex-
cluded because they lacked values, leaving
138 metrics. The selection of variables with
RFB was reduced to 102 metrics (LiDAR: 35,
spectral: 43, and RGB: 24), whereas XGB se-
lected only 32 (LiDAR: 13, spectral: 12, and
RGB: 7). Regarding the efficiency of the
variable sets, RFB (TA: 0.70, OTA: 0.55, K:
0.64) and without selection (TA: 0.70, OTA:
0.54, K: 0.63) presented the highest accu-
racy. In contrast, XGB had lower accuracy
(TA: 0.67, OTA: 0.55, K: 0.61), due to its
strict discrimination, which could eliminate
essential variables for a specific class of
shrubs (Fig. 3).

Of the selected variables, the most rele-
vant in the classification of shrubs were Al-
titude, NIR, R.s»_Me, RE, and GDVI, for the
RFB method (Fig. 4a); and Rs, Altitude,
RE_Va, RE, NIR, and itot with XGB (Fig. 4b).
In general, spectral and RGB images pre-
sented a greater number of variables with
significance in both methods, in addition to
their texture and VI derivatives. For LiDAR,
the reduction was greater, which implies a
lesser contribution (Fig. 4). With these sets
of variables (RFB, XGB, and without selec-
tion), the AB, GBM, XGB, CART, RF, and
SVM algorithms were evaluated, in which
the overall mean TA was 0.69, OTA was
0.54, and K was 0.63. The highest values of
TA and K were presented in AB (0.83 and
0.80, respectively), SYM (0.79 and 0.75),
and CART (0.65 and 0.59); whereas the
lowest were in GBM (0.57 and 0.49 - Fig.
3)-

As for OTA, the best models were RF
(0.61), XGB (0.58), and GBM (0.55), where-
as the rest showed a drop in OTA relative
to TA, suggesting overfitting and the inabil-
ity to predict new observations accurately.
In this parameter, CART (0.46) had the low-
est fit (Fig. 3). The algorithms that per-
formed best in bush classification were AB,

iForest 18: 357-365



SVM, and RF. The first two were chosen for
their ability to fit the training data, while
the last one stood out for its statistical sta-
bility and higher prediction accuracy (OTA).
Using these three best-fitting algorithms
and the set of metrics generated with RFB,
which was superior, the remote sensing
data types were evaluated for species and
shrub class classification.

Spectral, RGB, and LiDAR data
assessment

Across all data combinations, the AB and
SVM algorithms achieved the highest aver-
age training accuracy (TA: 0.74 and 0.68, K:
0.69 and 0.62, respectively). However, pre-
diction in the OTA is low (0.44 and 0.46)
(Tab. 2), which means overfitting and a low
efficiency to perform new estimations. On
the contrary, although RF obtained lower
training values for TA and K, its accuracy
was higher in the test set (OTA: 0.49), in
addition to show stability in the learning
and prediction process (Tab. 2). Therefore,
the RF model was selected for the assess-
ment of LiDAR, spectral, and RGB data.

When the predictive power (OTA) of dif-
ferent types of remote sensing data for
shrub species classification was compared,
spectral data showed the highest accuracy
(0.43), followed by RGB (0.42) and LiDAR
metrics (0.33). The combination of two
types of data increased the classification
accuracy in all cases (Tab. 2). The data set
composed of LiDAR and spectral data was
superior (0.52), with an increase of 20.93%,
23.81% and 57.58% compared to the inde-
pendent use of spectral, RGB, and LiDAR
variables, respectively. Finally, combining
all three data types (0.62) yielded an accu-
racy gain of 19.23%, suggesting that using
all variables together improves the classifi-
cation of species and shrub classes.

Classification of shrub species and
classes

The RF algorithm was trained to classify
shrub species and groups using 646 individ-
uals and a combination of three types of
selected and refined remote sensing data.
The overall accuracy was 0.64 (range: 0.60-
0.68), and the Kappa index was 0.56. The
minimum specific accuracy (SA) achieved
for the classes was 0.55. The values for
each species and shrub group were 0.73 (E.
antisyphilitica), 0.70 (opuntias), 0.67
(palms), 0.65 (L. tridentata), 0.59 (trees
and shrubs), and 0.55 (A. lechuguilla).

Spectral data made a greater contribu-
tion to species and shrub group classifica-
tion, as they provided more variables.
Among the 20 variables with the highest
importance, spectral data contributed with
10 metrics to the shrub classification (NIR,
DVI, Rs, RE, GDVI, SAVI, NIR_Va, MSAVI, Gs,
Bs), compared to eight metrics extracted
from LiDAR (Altitude, zmean, zq95, zq8s,
zmax, zq65, zsd, zq80) and two metrics

from the RGB image (Rigp_Me, G _Me -

Fig. S3 in Supplementary material). Of all
metrics, altitude made the most significant
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Remote sensing assessment of arid and semi-arid ecosystems

@ Atituce SIS 1656
NIR ? 105 T
R_rgb_Me I( 1058
RE 1992
GDVI $ 990
B RsMe ,1 972
o
4 ovi 1 964
& R_S ® 964
S RS.Va 4 934
°© 1
8 REVa s 938
n"; NIR_Va t 92
S G_rgb_Me ¥ 909
3 B_S_Me f 883
8 csva 1 883
S zmean v 875
NDVI 4875
MSAVI { 874
SAVI 1873
RVI 2870
2095 4569

0 5 10 15
Z value

®) g
Altitude
RE_Va

RE 9 93

NIR = 757

itot » 7418

G_S_Va
R_rgb ? 346
R_S_Di
ipemz30
area 1 220
ipcmz50
B_rgb $ 212
GDVI 7 182
R_rgb_Va
G_s_sm1
8_rgb_Di
2990 y 117
230 * 103
RE_Co

10 15 20
Gini importance coefficient

Fig. 4 - Selected spectral, RGB, and LiDAR metrics with (a) Random Forests with
Boruta (RFB), and (b) extreme gradient boost (XGB) with greater significance in the
classification of xerophytic shrubland species. (R): red; (G): green; (B): blue; (S): spec-
tral data; (rgb): RGB data; (Me): mean; (Va): variance; (Di): dissimilarity; (Sm): second

moment.

Tab. 2 - Accuracy of the three selected models using spectral, RGB, and LiDAR data
individually and combined for the classification of species and shrub groups of a xeric
shrubland. (RFB): Random forests with Boruta; (AB): Adaptive boosting; (RF): Ran-
dom forests; (SVM): Support vector machines; (TA): overall training accuracy; (OTA):
overall test accuracy; (K): Kappa coefficient; (L): LiDAR; (S): spectral; (RGB): red-

green-blue image.

Selection Data AB RF SVM
TA OTA K TA OTA K TA OTA K

RFB L 0.67 0.34 0.61 0.42 0.33 0.32 0.58 0.35 0.49

S 0.63 0.39 0.55 0.47 0.43 0.37 0.65 0.42 0.58

RGB 0.67 0.39 0.60 0.42 0.42 0.30 0.61 0.40 0.53

L-S 0.74 0.45 0.69 0.54 0.52 0.45 0.70 0.51 0.64

L-RGB 0.78 0.43 0.74 0.53 0.49 0.43 0.68 0.49 0.62

S-RGB 0.79 0.45 0.75 0.51 0.51 0.42 0.70 0.51 0.65

L-S-RGB 0.89 0.55 0.87 0.61 0.62 0.54 0.76 0.55 0.72

- Mean 0.74 0.44 0.69 0.51 0.49 0.42 0.68 0.46 0.62

contribution, followed by a group of spec-
tral variables (bands and VI NIR, DVI, R,
RE, GDVI). Texture metrics from RGB data
had less influence on species discrimina-
tion.

The results of the classification of the
471,625 shrubs detected with LiDAR are
shown in Tab. 3. Adequate classifications
were obtained for E. antisyphilitica and L.

Tab. 3 - Classification parameters of shrubs

tridentata, as well as for the group of trees,
opuntias, and palms. Field density and spa-
tial distribution were obtained according to
model estimates (Fig. 5). However, a low
precision was observed when classifying A.
lechuguilla (one of the most abundant spe-
cies in the study area), despite having a
good number of samples for fitting the
model, so an underestimation of this spe-

detected with the LiDAR point cloud in the

study area and average dimensionality values.

Training Classified Classified Mean Mean

Species/Category Individuals  individuals individuals height coverage
(n) (n) (%) (m) (m?)
A. lechuguilla 101 46,272 9.8 0.265 0.229
Trees 44 1,897 0.4 1.183 0.530
Shrubs 173 251,161 53.3 0.334 0.230
E. antisyphilitica 150 120,404 25.5 0.271 0.230
L. tridentata 92 43,693 9.3 0.549 0.229
Opuntias 50 5,326 1.1 0.542 0.231
Palms 36 2,872 0.6 1.091 0.425
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Fig. 5 - Classification of indi-
viduals by shrub species
and groups of a xerophytic
shrubland obtained from
remote sensing data and
the Random Forest model.
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cies is assumed. This may be because the
spectral response of A. lechuguilla could
have been confused with that of other spe-
cies in the shrub class. In fact, distinguish-
ing it from similar species can be difficult
due to its agglomerated growth form
(Sankey et al. 2017, Norton et al. 2022).

The classified species and groups pre-
sented coverages of 0.557 m? for trees,
0.231 m? for shrubs, 0.230 m? for opuntias,
0.408 m> for palms, 0.230 m? for E. anti-
syphilitica, 0.228 m? for L. tridentata, and
0.229 m?* for A. lechuguilla. The highest
height was registered in the tree group
(1.18 m, range; 0.30-5.13 m), followed by
the palms (1.09 m, range: 0.32-4.50 m),
whereas the rest were distributed be-
tween average heights ranging from 0.25
m to 0.55 m (Tab. 3). Regarding this vari-
able, overestimates were found in all clas-
ses, especially for E. antisyphilitica and A.
lechuguilla with maximum heights of 4.81
m and 4.03 m, respectively, values that are
outside the expected growth interval of
these species.

Discussion

Individual shrub segmentation

In this study, LiDAR data and the FML al-
gorithm were used to segment individual
plants based on vegetation structural di-
mensions, yielding accurate results vali-
dated against RGB images (Fig. S2 in Sup-
plementary material). These findings are
consistent with recent studies on individual
tree detection (Wu et al. 2019, Mayra et al.
2021, Qin et al. 2022), although with lower
accuracy for shrubs. This reduced accuracy
is attributed to the morphological diversity
of vegetation in arid and semi-arid ecosys-
tems, which includes spherical, cylindrical,
and rectangular shapes (Liu et al. 2022).
Furthermore, in areas with high species
density, both underestimation of individual
counts and overestimation (false individu-
als) in bare soil areas associated with rocky
bodies were observed.
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The bias generated in the detection of in-
dividuals is attributed to the similarity in
the vegetation height. This was observed
during maximum Z-value filtering, where
only larger individuals were identified, and
the smaller ones were eliminated, making
it difficult to separate individual shrubs and
leading to individual loss during LiDAR
scanning. Sankey et al. (2017) mentioned
that accuracy in this process is highly de-
pendent on the quality of cloud segmenta-
tion, which is influenced by point density,
number of bounces, structural similarity,
and species agglomeration. In addition, us-
ing fixed parameters to identify all species
or plant strata can increase detection er-
rors, particularly for shrub species (Dashti
etal. 2019).

Using vegetation-based parameters im-
proved the detection of individuals. This is
supported by recent findings of Wu et al.
(2019) and Xu et al. (2023), who used small
windows and a minimum cut-off height to
generate a higher number of individuals in
shrub or small vegetation. In particular, the
cut-off height is crucial for detecting indi-
viduals. It should be comparable to the
minimum vegetation height to capture the
variability in shrub and tree structures (Per-
vin et al. 2022). In addition, it is recom-
mended to adopt a short cut-off height, ac-
cording to the flattened shape of the shrub
canopy, as described by Qian et al. (2023).

Selection of metrics and algorithm
evaluation

A crucial step in the training process is
variable selection, which helps eliminate
multicollinearity and less important vari-
ables, thereby improving the accuracy and
performance of algorithms in classification
and regression (Lin et al. 2023). In this
study, 138 remotely sensed metrics were
employed to characterize three species
and seven shrub groups in a xerophytic
rosetophytic shrubland. Two variable selec-
tion techniques were applied, RFB and
XGB, which reduced the metrics by 26.10%

1014 1014

-101.4

and 76.81%. The first was selected to avoid
omitting important information during
classification. This is also recommended for
modeling complex structures, such as veg-
etation in arid and semi-arid ecosystems,
where a large set of variables is needed to
achieve species discrimination with low es-
timation bias (Cao et al. 2018, Lin et al.
2023). In addition, several studies highlight
the integration of remote sensing data to
improve classification accuracy and detail
(Norton et al. 2022, Wang et al. 2023). In
this case, precision increased by 3.3% by
eliminating correlated or redundant vari-
ables. This improvement has been corrobo-
rated in similar studies, which demon-
strated that optimal variable selection can
improve the accuracy of species classifica-
tion. This finding applies to both shrubby
species in arid and semi-arid regions (Yang
& Du 2021, Norton et al. 2022, Pervin et al.
2022, Tang et al. 2022) and arboreal species
in temperate and tropical forests (Dashti et
al. 2019, Lin et al. 2023).

Evaluation of spectral, RGB, and LiDAR
data

The effectiveness of integrating data
from multiple remote sensors for classify-
ing plant species across various ecosys-
tems has already been documented. The
best results have been obtained by com-
bining metrics derived from LiDAR and op-
tical imaging (spectral and RGB - Norton et
al. 2022, Zhong et al. 2022, Lin et al. 2023).
In this work, integrating optical and LiDAR
remote sensing data increased the classifi-
cation accuracy of shrub species by 23.80%,
with OTA rising from 0.42 when used indi-
vidually to 0.52 when combining the three
data types, which aligns with previous find-
ings. As reported by Qian et al. (2023), the
inclusion of vegetation structure metrics
(LiDAR) improves the estimates by describ-
ing the dimensions of plant species, and by
complementing the optical information for
a complete characterization of vegetation
(Cao et al. 2018, Zhong et al. 2022). The in-
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dividual use of these data limits the ability
to describe vegetation properties, as vari-
ables are captured separately along a sin-
gle dimension (Qin et al. 2022, Lin et al.
2023). Therefore, it is necessary to incorpo-
rate various types of remotely sensed data
to achieve a comprehensive characteriza-
tion of vegetation, covering both its verti-
cal and horizontal aspects.

Data derived from multispectral images
yielded the best results, which agree with
similar research on classifying shrubby indi-
viduals from other arid and semi-arid re-
gions (Sankey et al. 2017, Sankey et al.
2018, Mayra et al. 2021, Qin et al. 2022). This
is because the spectral signatures of the
species can be discriminated, along with
the high spatial resolution of the spectral
and RGB images (0.10 m). Although LiDAR
did not perform well in species classifica-
tion, it was indispensable for improving the
results.

Nonetheless, this result differs from the
findings reported by Liu et al. (2017) and
Cao et al. (2018), who observed better per-
formance with LiDAR metrics than with op-
tical data. This can be attributed to the fact
that these authors modelled the tree struc-
tures of coniferous forests, in which the
crown spectral response is similar, and the
most relevant differences lie in the ar-
rangement of branches and crown mor-
phometry, aspects better represented by
structure-derived LiDAR variables. More-
over, Zhong et al. (2022) noted that differ-
ences in the efficiency of different types of
remote sensing data are attributable to the
capture season and sensor type, as well as
to the complexity of the evaluated phe-
nomenon and the classification algorithm
used.

Classification of shrub species and
classes

Our results align with similar studies that
used the RF machine learning algorithm to
classify shrub species in arid and semi-arid
regions. Although RF did not achieve the
highest training accuracy, it demonstrated
superior prediction performance compared
to the SVM and AB algorithms (Cao et al.
2018, Norton et al. 2022, Qin et al. 2022).
These results align with other studies that
compare several classification algorithms,
showing that RF achieves higher prediction
accuracy than SVM, AB, CART, and GBM
(Liu et al. 2017, Lin et al. 2023). This success
is attributed to RF’s flexible nature as a
learning algorithm, especially its ability to
effectively handle large datasets (Immitzer
et al. 2012). RF divides the data into adap-
tive sections (i.e., trees), and fits a model
specifically for each classification group.
This adaptive approach has proven funda-
mental for obtaining accurate results
(Sankey et al. 2018, Pervin et al. 2022). In
contrast, Mayra et al. (2021) showed that,
when classifying tree species in a mixed
temperate forest, decision tree-based
methods (GBM and RF) had significant diffi-
culties in separating deciduous species,
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which was attributed to the spatial incom-
patibility of field and remotely sensed data,
affecting the spectral signature of species.

On the other hand, classification accura-
cies in this study ranged from 0.55 to 0.73
at the species level, and an overall accuracy
of 0.64. The accuracy levels may have been
influenced by factors such as the amount
of data available per species and shrub
class, as well as the distinct characteristics
of each species. Additionally, the species
density imbalance in the study area could
have contributed to these results. In this
regard, Huang et al. (2024) demonstrated
that classification accuracy in arid grass-
lands varied with sample size per class, re-
porting accuracies of 0.78-0.90, which are
higher than those found in this study. Simi-
larly, Norton et al. (2022) achieved accura-
cies of 0.86-0.98 when classifying five tree
species in semi-arid ecosystems, while Liu
et al. (2022) obtained accuracies of 0.70-
0.82 using a combination of remote sens-
ing data (LiDAR, multispectral, and RGB) to
improve classification precision.

Although these technologies offer pro-
mising advances in species classification
and environmental monitoring, they still
face significant challenges, including issues
with data quality and ongoing improve-
ment needs. Addressing these limitations is
critical to fully realizing the potential of
drone-borne remote sensing in non-timber
forest management.

Conclusions

This study demonstrates the potential of
combining high-resolution multispectral,
RGB, and LiDAR data acquired with drone-
borne sensors with machine learning algo-
rithms for classifying xeric scrub vegeta-
tion in arid and semi-arid ecosystems. Com-
bining LiDAR structural information with
optical data (multispectral and RGB), the
proposed approach achieved a 19.23% im-
provement in classification accuracy com-
pared to the individual data sources. This
multidimensional strategy enabled not
only the detection and spatial mapping of
over 471,625 individual shrubs using LiDAR
point clouds, but also the successful identi-
fication of non-timber forest species with
moderate to high accuracy. The results em-
phasize the relevance of spectral variables
in distinguishing among species and high-
light the critical role of LiDAR in capturing
vegetation structure, particularly vertical
complexity.

These findings highlight the value of
drone-based remote sensing combined
with machine learning algorithms as a
novel, scalable, and cost-effective frame-
work for precision forest management in
data-scarce arid and semi-arid ecosystems.

Future applications of this approach may
include monitoring vegetation dynamics,
assessing biodiversity, and informing res-
toration strategies, thereby contributing to
the sustainable management of dryland
forest resources.
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Supplementary Material

Fig. St1 - LiDAR point cloud processing for Fig. S3 - Significance Gini value of LiDAR, Tab. St - Vegetation indices extracted from
shrub detection. spectral, and RGB metrics in the classifica- high-resolution spectral and RGB data
tion with the Random Forest model (RF) obtained with drones.
Fig. S2 - Detection of shrubs in a xerophytic (a). Frequency of classified species and
shrubland. shrub groups (b). Link:
Hernandez-Ramos_4720@supploot.pdf
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