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Urban forest parks are vital ecological barriers that safeguard urban ecological
security and provide essential ecosystem services. Aboveground biomass (AGB) is
a key indicator for evaluating these services. This study targeted three tree
species—Ligustrum  lucidum, Camphora officinarum and Koelreuteria
paniculata—in Haiwan National Forest Park of Shanghai, China. Based on
field-measured individual tree AGB, high-density point clouds from terrestrial
laser scanning (TLS), and features from UAV multispectral imagery, four machine
learning models—Random Forest (RF), Extreme Gradient Boosting (XGBoost),
Light Gradient Boosting Machine (LightGBM), and Support Vector Regression
(SVR)—were developed. SHapley Additive exPlanations (SHAP) analysis was
conducted to identify key predictors and quantify their importance. The
results show that: (1) Data fusion of TLS and multispectral imagery
significantly, improves estimation accuracy compared with single data
sources, with RF consistently achieving the best performance across species
(test set R? = 0.96, 0.92, and 0.91 for L. lucidum, C. officinarum, and K. paniculata,
respectively). (2) The effectiveness of data fusion varies by species: for C.
officinarum and K. paniculata, fusion models outperformed TLS-only models
by 2% and 5% in R?, respectively; for L. lucidum, fusion accuracy (R? = 0.92) was
comparable to TLS alone, both outperforming multispectral-only models. (3)
SHAP analysis indicates that structural features from TLS—particularly the
interaction between tree height and volume—dominate AGB estimation,
contributing over 70% of the total feature importance, while spectral and
vegetation index features (e.g., RE, NDVI, OSAVI) contribute about 20%. These
findings demonstrate that integrating multi-source remote sensing data enables
efficient and precise individual tree AGB estimation tailored to different species,
providing a technical basis for intelligent monitoring of urban forests in megacity
Shanghai.
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1 Introduction

Urban forests constitute an important component of urban
ecosystems, as urban

environments and underpin the sustainable development of

they not only enhance ecological
urban society and economy but also provide ecosystem services
to urban residents, fostering harmonious coexistence between
humans and nature (Erb et al., 2018). As the primary component
of urban forests, trees are key determinants of the stability,
productivity, and carbon storage capacity of urban ecosystems.
Forest aboveground biomass (AGB) refers to the aboveground
parts of plants, encompassing leaves, stems, dead branches,
flowers, and fruits (Obata et al., 2023). Urban forest AGB serves
as a critical indicator of urban forest’ carbon sequestration capacity
and a key parameter for assessing urban forest carbon budgets
(Zhang and Liang, 2020). Individual trees, as the fundamental units
of forests, are the primary contributors to urban carbon sinks,
effectively mitigating the urban heat island effect and improving
air quality. Accurate estimation of individual tree AGB is therefore
essential for understanding their carbon sequestration functions and
provides a critical foundation for biomass assessment at both
regional and urban scales (Wang et al., 2023).

Traditional methods for measuring forest AGB, primarily
relying on manual field surveys, are plagued by drawbacks such
as time-intensive procedures and limited spatiotemporal flexibility
(Ge et al., 2022). With advancements in remote sensing technology,
scholars worldwide have begun estimating forest AGB by combining
remote sensing data with limited ground measurements, spanning
scales from individual trees to stands and regional levels (Li et al.,
2015). While extensive research has been conducted on biomass
estimation at the stand and regional scales, studies on individual tree
AGB inversion remain in their early stages. This is partly due to
challenges in acquiring high-resolution remote sensing data and the
limited applicability of allometric growth equations to urban
greenery trees.

Unmanned aerial vehicle (UAV) multispectral imagery,
which provides centimeter level spatial resolution, extracts
texture and spectral features at the individual tree scale for
AGB inversion (Guo et al, 20155 Huang et al, 2019).
Terrestrial laser scanning (TLS), which capture detailed point
cloud data of under-canopy tree trunks, compensates for UAV
multispectral limitations by extracting diameter at breast height
(DBH) or creating three-dimensional tree models, enabling their
synergy for high-precision biomass estimation (LaRue et al,
20205 Puletti et al., 2025). Sun et al. (2015) conducted TLS-only
scans on 45 pure cypress plantations at Huangfengqiao Forest
Farm in Hunan Province of China, with comparisons showing
tree positional error under 20 cm and root mean square error
(RMSE) under 5% for both estimated DBH and tree height. Cui
et al. (2025) studied a 1-hectare mixed forest plot of Larix
gmelinii and Betula nigra at the Mengjiagang Forest Farm in
Heilongjiang Province of China, using TLS to extract individual
tree attributes, achieving exceeded 95% average accuracy for
DBH and tree height for both tree species and developing a tree
height prediction model. Ye et al. (2025) used UAV LiDAR data,
in conjunction with three machine learning models and SHAP
interpretability analysis, to estimate the individual tree DBH and
AGB of Eucalyptus globulus and E. grandis in the Marlborough
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region of New Zealand. Brede et al. (2022) used TLS to
empirically quantify and assess the structural volume of
Southern pine deadwood according to decay grades. Jiang
et al. (2025) utilized Sentinel data and airborne LiDAR data,
combined with eight predictive models, to construct a three-
stage optimization strategy that enhances the accuracy of
ground-level biomass inversion for natural forests in
Guangdong Province, China. Wu et al. (2025) employed
satellite radar data and four machine learning models to
estimate the biomass of natural forests in Hunan, China,
while also analyzing the drivers of biomass spatial
distribution. Zhen et al. (2025) proposed a hybrid framework
integrating the individual tree-based approach and area-based
approach using multi-source remote sensing data from natural
forests in northeastern China, providing technical support for
estimating AGB from individual trees to large forest areas. On
one hand, existing studies on biomass estimation based on TLS-
UAV fusion mainly focus on pure coniferous forests, and have
established a relatively comprehensive research system in terms
of method adaptability and accuracy verification (Verkerk et al.,
2019; Heinrich et al., 2021; Sun et al., 2015; Puletti et al., 2020).
In contrast, although studies on broad-leaved forests—especially
coniferous-broad-leaved mixed forests in urban areas—have
been conducted, research on key aspects such as collaborative
extraction of multi-tree species features and biomass inversion
under human-disturbed scenarios remains insufficient, and no
universal technical framework has been formed yet. On the other
hand, most of the existing relevant studies rely on single UAV
LiDAR data, and the R? value for individual tree biomass
inversion generally remains around 0.8 (Wang et al., 2023;
Wu et al., 2024; Burt et al., 2019; Itakura et al., 2022). In this
study, however, by combining the ability of TLS to accurately
characterize the three-dimensional structure of trees with the
spectral and textural features of UAV multispectral data, an
inversion model integrating multi-source features was
constructed. Ultimately, the R*value for aboveground biomass
inversion of individual trees was increased to over 0.9, which is
superior to the accuracy level of existing studies.

First, the deep forest algorithm was used to accurately screen
target vegetation samples suitable for biomass inversion needs. On
this basis, TLS structural data were fused with the rich canopy
spectral texture information from UAV multispectral data.
Combined with four machine learning algorithms and SHAP
(SHapley Additive exPlanations) interpretability analysis, feature
selection and high-precision individual-tree biomass inversion were
conducted for three typical urban greening tree species in Shanghai,
Ligustrum  lucidum, Camphora officinarum, and

Koelreuteria paniculata. Specifically, the study will explore the

namely,

flowing aspects: 1) the effect of multi-source remote sensing data
fusion on enhancing the accuracy of urban individual tree AGB
estimation; 2) the applicability and performance differences of
various machine learning algorithms in urban individual tree
AGB estimation; 3) quantifying the contribution of different
remote sensing features to individual tree AGB inversion through
SHAP analysis and revealing their underlying mechanisms. This
study will provide technical support and scientific basis for urban
forest carbon sink monitoring, ecosystem service assessment, and
management in Shanghai and other similar regions.
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2 Materials and methods

This study systematically conducted individual tree above-
ground biomass estimation work through five stages: data
collection and preprocessing, feature extraction, feature selection,
regression model construction, and accuracy evaluation (Figure 1).
First, field measurement data and multi-source remote sensing data
were preprocessed to generate individual tree AGB, individual tree

point clouds, and individual tree multispectral images.
Subsequently, eight structural features were extracted from the
Frontiers in Remote Sensing
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Technical roadmap for tree AGB inversion by fusing multi-source remote sensing and ground data.

individual tree point clouds; seven spectral indices and eight
texture indices related to individual tree crown area were
extracted from the individual tree multispectral images. Next,
three datasets were constructed for each tree species: point cloud
features, multispectral features, and combined features from both
sources. The SHapley Additive exPlanations (SHAP) feature
selection method was applied to identify the top 10 most
important features from each dataset. Finally, random forest (RF)
(Singh et al.,, 2023), extreme gradient boosting (XGBoost) (Chen
2020), support machine regression (SVR)

et al, vector
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Location map of the study area in Shanghai. Plot denoted by the red rectangular frame on the right 3D map, specifying the exact sampling plot within

the study area.

(Alagulakshmi et al., 2025), and Light Gradient Boosting Machine
(LightGBM) (Nguyen et al., 2024) were used to model AGB for the
three tree species, and select the optimal AGB estimation model.

2.1 Study area

The Haiwan National Forest Park (30°51’-30°52'N,
121°40'-121°43'E), covering a forest area of 634.7 hectares,
stands as a prime example of Shanghai’s large-scale urban
forest parks, boasting abundant artificial forest resources and a
diverse composition of tree species (Figure 2). The annual average
temperature is 16.1 °C, with an annual average precipitation of
1,190 mm. The terrain slopes slightly from northwest to southeast,
with minimal elevation changes, characteristic of a typical coastal
plain landscape. The soil originated from multiple land
reclamation projects in Hangzhou Bay, exhibits weak alkalinity.
Dominant tree species include Ligustrum lucidum, Camphora
officinarum, Triadica sebifera, Camptotheca acuminata, and
Koelreuteria paniculata, mainly consisting of evergreen and
deciduous broad-leaved species in urban forests of Shanghai
(Shang et al., 2013).

2.2 Multi-source data collection

2.2.1 Ground-measured forest AGB

A 1-hm? (100 m x 100 m) near-natural artificial forest plot was
established in the Haiwan National Forest Park of Shanghai for
ground surveys. The selected plot features a typical tree species
composition, favorable growth conditions and minimal human
disturbance to ensure the representativeness and reliability of the
data. In July 2024, the research team conducted angular
measurements of the plot using Real-Time Kinematic (RTK)
technology, alongside manual field surveys to record parameters

Frontiers in Remote Sensing

04

such as the latitude and longitude, tree height, and DBH of each tree,
totaling 435 individuals (Table 1).

Individual tree AGB was calculated using non-destructive
allometric growth equations based on DBH. Equations 1-3 were
developed and validated based on long term research results on
common greenery tree species in the Shanghai area (Wang et al,,
2014; Zhang et al., 2018; Guo, 2017) with R* values of 0.9788, 0.9861,
and 0.8900, respectively, these models accurately characterize the
biomass properties of L. lucidum, C. officinarum, and K. paniculata
in this study.

For L. lucidum:

W, = 0.47118D"6413 (1)

For C. officinarum:
W, = 0.3455D%%% ()

For K. paniculata:
W3 = 0.10994 D>+ (3)

Where W is the aboveground biomass of an individual tree
(unit: kg); D is the measured diameter at breast height (unit: cm).

2.2.2 UAV multispectral data

UAV multispectral imagery was acquired using a DJI Mavic
3 drone equipped with four 1/2.8"CMOS
monochromatic ~ sensors cover the following wavebands
respectively: green (G) (560 + 16) nm; red (R) (650 £ 16) nmy
red edge (RE) (730 + 16) nm; and near-infrared (NIR) (840 + 26)
nm. Multispectral imagery was acquired on 10 August 2024, under

sensors. Four

clear and windless conditions. The drone was set to fly at a constant
speed of 3.0 m/s at an altitude of 120 m, using equidistant
photography mode with a 2.0-s interval between shots. During
the data acquisition phase, a DJI multispectral radiation

calibration panel was placed in a flat and unobstructed area
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TABLE 1 Statistical information on trees in sample plots.

Tree species Number of trees

Average height (m)

10.3389/frsen.2025.1697927

Average DBH (cm) Average crown (m)

Ligustrum lucidum 234 6.2 9.3 35
Camphora officinarum 125 9.1 124 4.7
Koelreuteria paniculata 76 7.8 11.6 5.2

within the sample plot. To account for changes in illumination
throughout the entire flight process, 3 sets of calibration panel
images were captured respectively before each takeoff and after
each landing of the UAV to complete the radiation reference
calibration. After the acquisition work was finished, DJI Terra
4.1.0 (https://www.dji.com/nz/dji-terra) was used to perform
geometric correction and mosaicking on the aerial images, and
finally, an orthomosaic image with a spatial resolution of 2.2 cm/
pixel was generated.

2.2.3 TLS data acquisition

The SLAM200 is the high-precision 3D LiDAR scanner, which
has a point cloud positioning accuracy of +5 mm and an effective
scanning radius of 300 m, was used to conduct a comprehensive scan
around the 1-hectare plot on 29 July 2024, following a “return”
route. To ensure data integrity, control targets were placed every
100 m to enable precise stitching of adjacent scan stations. The point
cloud density was set to 10,000 points per square meter, resulting in
a total of 26.1 GB of point cloud data, which covers complete three-
dimensional spatial information of the tree layer, shrub layer, and
surface microtopography within the sample plot.

Ground point classification is a fundamental operation in point
cloud data processing. LiDAR360 employs the Improved
Progressive TIN Densification (IPTD) algorithm (Zhao et al,
2016) to classify ground points. This algorithm first generates a
sparse triangulated network using seed points, then iteratively
densifies it layer by layer until all ground points are classified.
The specific steps are as follows:Step 1, Initial seed point
selection. For point cloud data containing buildings, the
maximum building dimension is measured to determine the grid
size for grid-based processing. For point cloud data without
buildings, the default grid size is used. The lowest point within
the grid is selected as the initial seed point. Step 2, Triangulated
Irregular Network (TIN) construction. The initial TIN is
constructed using the selected seed point. Step 3, Iterative
process. all
classification. For each point, determine the triangle containing

refinement Iterate through points  awaiting
its horizontal projection. Calculate the distance d from the point
to the triangle and the maximum angle formed between the point
and any of the triangle’s three vertices relative to the triangle’s plane,
as shown below. Compare these values against the iteration distance
and iteration angle. If both are below the corresponding threshold,
classify the point as a ground point and add it to the triangular mesh.
Repeat this process until all ground points are classified.

This study employed a distance-based Euclidean Cluster
Extraction algorithm to perform individual tree segmentation on
TLS point cloud data. The Euclidean Cluster Extraction algorithm
employed in this study is a point cloud grouping method based on

spatial distance metrics (Yang et al.,, 2023). Its core logic involves
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aggregating spatially adjacent points into independent clusters by
determining whether the Euclidean distance between any two points
in the point cloud falls below a predetermined threshold, thereby
achieving segmentation of discrete objects. This algorithm relies on
the KD-tree data structure to optimize nearest neighbor query
efficiency, enabling rapid processing of large-scale LiDAR
point cloud data.

2.3 Multi-source data fusion

2.3.1 Vegetation classification

Prior to individual tree segmentation and feature extraction,
accurately distinguishing trees from non-trees in UAV multispectral
imagery is a critical preprocessing step for achieving the accuracy of
subsequent analyses. In this study, spectral features, vegetation
indices, and texture features derived from UAV multispectral
data were integrated, and the Deep Forest (DF) algorithm was
employed for vegetation classification (Zhou and Feng, 2018).
Vegetation
vegetation growth conditions. Selecting appropriate vegetation

indices are effective indicators for evaluating

indices can significantly improve vegetation classification
accuracy and biomass inversion accuracy (Chen et al, 2109).
Using UAV multi-spectral data as the source, five bands—red,
green, blue, near-infrared (NIR), and red edge (RE)—were
acquired, and seven vegetation indices were calculated, as listed
in Table 2. The DJI Mavic 3 drone used can simultaneously capture
GSDDSM data in addition to the aforementioned five spectral
bands. GSDDSM (Ground Sampling Distance-Digital Surface
Model) is a derivative product of the Digital Surface Model
(DSM) that integrates ground sampling distance (GSD). By
associating DSM elevation with GSD parameters and performing
calibration, GSDDSM preserves elevation information while
This

characterization of the “elevation-spatial scale” variations in

incorporating  pixel-scale  features. enables  precise
terrain features, supporting detailed identification of small-
scale objects.

Texture features characterize the horizontal structural attributes
of an image, reflecting spatial variation patterns and the spatial
correlation of grayscale values. They are widely applied in vegetation
classification, forest biomass estimation, and related field (Chen
et al., 2020). This study utilizes the texture feature function
glemTexture, calculated based on the Gray-Level Co-occurrence
Matrix (GLCM) provided by Google Earth Engine. The calculation
employed 64 gray levels, a 3 x 3 pixel moving window, and four
directional offsets (0°, 45°, 90°, and 135°). The eight most commonly
used features selected are the angular second moment, contrast,
homogeneity, correlation, dissimilarity, variance, mean, and entropy
(Soh, 1999; Aerts et al,, 2014). To reduce data redundancy while
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https://www.dji.com/nz/dji-terra
https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1697927

Luo et al.

TABLE 2 Vegetation index and its calculation formula.

10.3389/frsen.2025.1697927

Index features Formula Reference

NDVI ?111%; Il{l:g Gao et al. (2020)

RVI % Zhang et al. (2023)

GNDVI Eﬁi;g:: Song et al. (2023)

LCI I‘Ii}%ik':’if Baret and Guyot (1991)

OSAVI %ﬁgm x 1.16 Ayu et al. (2024)

EVI W};ﬁm x 2.5 Nurmasari and Wijayanto, (2021)
NDRE NIk Re Li et al. (2025)

In the formula, NIR, refers to near-infrared band reflectance, and RE, refers to red edge band reflectance.

preserving spectral information, principal component analysis
(PCA) was applied to derive three principal components, and the
first principal component (PCAl) was used to calculate eight
texture features.

The Deep Forest algorithm is a non-neural network-based deep
learning method based on ensemble learning. It primarily consists of
multiple cascaded forest structures and a multi-grained scanning
module. Unlike traditional deep learning methods, it does not
require a large amount of data for pre-training, has lower data
dependency, and exhibits strong interpretability (Zhou and Feng,
2018). During model development, hierarchical random sampling
was applied to the preprocessed data, with the dataset split into a
training set and a testing set in a 7:3 ratio. A random seed is set to
ensure the reproducibility of results. Model performance was
evaluated using accuracy, precision, recall, and Fl-score metrics
(Equations 4-7).

Accuracy = — P IN___ @
TP + TN + FP + EN
TP
Precision = TP TP (5)
TP
Recall = 1o PN ©
Precision x Recall
Fl=2X ————— 7)

Precision + Recall

TP (True Positive) and TN (True Negative), respectively
represent the counts of samples correctly predicted as positive
and negative. Conversely, FP (False Positive) and FN (False
Negative) are the counts of samples incorrectly predicted as
positive and negative.

2.3.2 Biomass model based on fusion of UAV
multispectral and TLS data

The acquired TLS data were imported into Feima Robotics1.7.2
(https://feimarobotics.com/zhcn), where the raw point cloud data,
obtained from scanning, was stitched and denoised. High-precision
registration of point cloud coordinates with field-measured
individual tree coordinates was achieved using the least squares
method. Use LiDAR360 V7.2 (https://www.lidar360.com/
LiDAR360) to crop the sample point cloud data and remove
outlier noise points using a 3-standard deviation threshold.
Subsequently, Gaussian filtering is applied to smooth the point

Frontiers in Remote Sensing 06

TABLE 3 Features extracted from TLS.

Parameters Description

H Tree height

CD Crown diameter

CA Crown area

vV Tree volume

H? The square of tree height

(CA)? Square of crown area

In(H) Natural logarithm of tree height
In(CA) Natural logarithm of crown area

cloud, completing point cloud normalization and individual tree
segmentation.

The crown vector data obtained from the TLS-based individual
tree segmentation were calibrated and aligned with multispectral
data using control points. Based on the aligned crown boundaries,
spectral reflectance, vegetation indices, and texture features of
individual trees are extracted from the multispectral data; eight
individual tree structural parameters, including tree height, crown
area, and tree volume, are obtained from the TLS data (Table 3).
Three datasets were constructed for each tree species: point cloud
features, multispectral features, and a combined dataset of both.

2.4 Variable selection methods

SHAP is an explainable machine learning tool based on game
theory concepts. It calculates the marginal contribution of each
feature to the model’s output, thereby quantifying their relative
importance in the model’s decision-making process. The SHAP
values are derived from the Shapley value concept, which allocates a
marginal contribution to each feature such that the sum of all
the the
prediction and a baseline value, typically the mean of the target
variable (Li, 2022). Let X; Denote the ith sample, X;; the jth feature
of that sample, and J, = f(X;) The model prediction. Let y,,.,
represent the model baseline (usually the mean of all target values).

contributions  equals difference between model’s
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Then, the SHAP value explanation satisfies the following equation
(Equation 8):

k
JA/i = )A/buse + Z®‘J (8)

=
where &;; denotes the SHAP value of the jth feature in the ith
sample, representing its individual contribution to the predicted
outcome J;. A positive SHAP value (&;; > 0) indicates that the
feature increases the prediction above the baseline, while a negative
value implies a suppressive or negative influence.

Model interpretation in SHAP begins with the construction of
an explainer, which supports various model types, including deep,
gradient, kernel, tree, and sampling explainers (Chen et al., 2022).
For tree-based models—such as XGBoost, LightGBM, and
CatBoost—SHAP’s tree explainer offers both efficient and
accurate feature attribution. Global interpretability in SHAP
assesses overall feature importance across the entire dataset,
SHAP values farther greater
contribution to model output (Chen et al., 2023). Each feature

where from zero indicate
can exert both positive and negative influences, depending on its
directional effect on the prediction. In this study, SHAP was applied
in conjunction with multiple machine learning models, including
RF, SVR, XGBoost, and LightGBM. For each model, SHAP values
were calculated and ranked by absolute magnitude. The top
10 features were selected as key variables to improve both

predictive performance and computational efficiency.

2.5 Model evaluation

The datasets from the three data sources (TLS point cloud data,
UAV multispectral data, and combined data) were divided into
training and test sets using a stratified random sampling method
with a ratio of 7:3. The training set was optimized using grid search
combined with five-fold cross-validation. Four machine learning
algorithms—RF, XGBoost, SVM, and LightGBM—were used to
build individual tree AGB regression models. The model
Python
3.7 environment using the Scikit-Learn library. The coefficient of
determination (R*) and root mean square error (RMSE) were chosen

construction  process was implemented in a

to quantitatively validate and assess the accuracy of the biomass
inversion model (Forkuor et al., 2020; Ma et al., 2025). The R* value
ranges from 0 to 1, with values closer to 1 indicating higher
estimation accuracy. The RMSE represents the difference between
the predicted and measured values, with smaller values indicating
higher estimation accuracy. The calculation formulas are as follows
(Equations 9, 10);

R2=1- 2 (v _)71’)2
n -\2
Yo (yi-v)

" 2
RMSE = Zi:l(yr: 7i)

(©)

(10)

In the equations, n represents the sample size, y, denotes the true
values, ; refers to the model’s predicted values, and ¥ is the mean of
the sample.
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3 Results

3.1 Classification of vegetation and non-
vegetation

Accurate classification of vegetation and non-vegetation is a

critical preprocessing step for achieving high-precision
individual tree segmentation and biomass estimation. In this
study, the Deep Forest algorithm was applied to classify
vegetation and non-vegetation in preprocessed UAV
multispectral imagery. The results indicated that classification
based solely on RGB data achieved an accuracy of 0.88. When
RGB data was combined with the RE band and GSDDSM, the
classification accuracy improved to 0.94 and 0.92, respectively.
When combining seven spectral indices, there were significant
differences in the improvement of classification accuracy among
different spectral indices, with OSAVI and NDVI performing
particularly well, achieving classification accuracies of 0.94 and
0.89, respectively. Further combining the best-performing
OSAVTI spectral index with GSDDSM and RE yielded high-
precision classification results of 0.98 and 0.96, respectively.
In the feature combination experiments of RGB and seven
texture indices, contrast and entropy showed the most
significant improvement effects, with classification accuracies
of 0.91 and 0.90, respectively. When contrast, the highest-
performing texture index, was combined with GSDDSM and
RE, improved to 0.95 and 0.97, respectively. Ultimately, the
feature combination of RGB + OSAVI +mean + GSDDSM + RE
achieved the highest accuracy of 0.99, effectively integrating
spectral, texture, terrain, and vegetation physiological
characteristics for precise vegetation and non-vegetation

classification (Figure 3).

3.2 Individual tree segmentation

Accurate individual tree segmentation is an essential step in
obtaining structural parameters such as tree height and crown
diameter at the individual-tree scale, directly impacting the
accuracy of subsequent biomass estimation. This study employed
a distance-based Euclidean clustering algorithm to perform
individual tree segmentation on TLS point cloud data, and then
matched the segmented individual tree crown diameters with UAV
multispectral data (Figure 4). Field surveys revealed that crown
overlap and interference from small trees often lead to over-
segmentation or under-segmentation during individual tree
identification, thereby affecting the accuracy of structural
parameter extraction. Consequently, manual editing of incorrectly
segmented trees, followed by recalculation of their attributes, was
required. A total of 435 trees were surveyed in the field, with
369 identified through preliminary automated segmentation.
After manual post-processing, 350 high-quality individual tree
samples were obtained, comprising 200 L. lucidum, 100 C.
officinarum, and 50 K. paniculata. Evaluation of segmentation
performance indicated a recall rate of 84.83%, a precision of
93.18%, and an Fl1 score of 88.76%
identification in this study.

for individual-tree
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FIGURE 3

Vegetation and non-vegetation classification. (a) Vegetation and non-vegetation classification map of Haiwan National Forest Park based on the
Deep Forest algorithm, (b) Local classification results, (c) Classification accuracy of different combinations.
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FIGURE 4

Individual tree segmentation and crown outline based on TLS. (a) Individual tree crown outline and morphological structure extracted from TLS data,
(b) Register the crown vector boundary obtained from TLS segmentation with multispectral data.

3.3 Variable screening results

To elucidate the contribution of each remote sensing feature to
individual tree AGB estimation and to identify the key driving
factors, this study employed the SHAP method to quantify and rank
feature importance. For each tree species, the top 10 features with
the highest SHAP scores were selected as preferred features for the
three types of datasets (TLS, multispectral, and fusion data). When
modelling with TLS data alone, the combined importance of total
volume (TV) and tree height (H) for AGB in-version in L. lucidum
reached 62.53% (Figure 5a); the combined importance of TV and H
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for C. officinarum reached 58.41% (Figure 5c); and the combined
importance of TV and the natural logarithm of H [Ln(H)] for K.
paniculata reached 51.90% (Figure 5e¢). When modelling using only
multispectral data, the dependence on spectral features varies
significantly among tree species: the importance of NDRE and
EVI features for L. lucidum is 25.44%, RE and RVI for C.
officinarum is 16.72%, and red and green for K. paniculata is
30.04%. In the combined TLS-multispectral dataset, three of the
five most important variables for all three species were TLS-derived
features—TV, H, and H>—which together accounted for more than
60% of the total importance in AGB in-version. Spectral vegetation
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FIGURE 5

Analysis of the top 10 features of three trees based on RF models and SHAP quantification. Top 10 variables as quantified by the mean of absolute
SHAP values. Each point represents an individual tree’'s SHAP value for that feature, with color indicating the feature's value (low = blue to high = red): (a) L.
lucidum, using only the top 10 importance features of TLS data, (b) L. lucidum, the top 10 important features from the combined data of TLS and UAV
multispectralimagery, (c) C. officinarum, using only the top 10 importance features of TLS data, (d) C. officinarum, the top 10 important features from

the combined data of TLS and UAV multispectral imagery,(e) K. paniculata, using only the top 10 importance features of TLS data,(f) K. paniculata, the top
10 important features from the combined data of TLS and UAV multispectral imagery.

features, including red, RE, NDVI and OSAVI, contributed
approximately 20% (Figures 5b,d,f). Comparing the feature
importance distributions across the three datasets reveals that
structural features derived from TLS point cloud data dominate
in individual tree AGB inversion, indicating that tree geometric
parameters have core explanatory power for biomass estimation,
while spectral information from multispectral data plays a
supplementary role.

3.4 Biomass estimation and model accuracy
comparison

This study employed TLS point cloud data and UAV
multispectral imagery as data sources, constructing three datasets:
TLS data, multispectral data, and their com-bination. These were
combined with field-measured AGB measurements for L. lucidum,
C. officinarum, and K. paniculata to establish four models—RF,
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XGBoost, LightGBM, and SVR—for AGB estimation and accuracy
comparison. The relevant results are shown in Table 4 and
Figures 6, 7.

For three tree species, the accuracy of the four-biomass inversion
models using single multispectral data was lower than that using
single TLS data. For L. lucidum, using TLS data for AGB prediction
resulted in a 78.43% improvement in the test set R*> compared to
using only multispectral data. The accuracy of the combined data
and TLS data models was comparable, with the optimal model being
RF, achieving a test set R* of 0.92 and RMSE values of 1.14 kg and
1.15 kg, respectively (Table 4; Figures 6b,e). For C. officinarum, using
TLS data for AGB prediction resulted in a 71.2% increase in test set
R? compared to using only multispectral data. When combining TLS
data and multispectral data for AGB prediction, the prediction
accuracy of all four models improved to varying degrees. The
optimal model for the combined data was RF, which improved
the test set R* by 2% and reduced the RMSE by 6.61 kg compared to
the RF model using only TLS data (Table 4; Figures 6a,d). For K.
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TABLE 4 Accuracy statistics of various modeling algorithms under different datasets.

Tree species Model Data

UAV-Mul TLS ALL (TLS + UAV-MSI)

Training set Test set Training set Test set Training set Test set

R® RMSE R* RMSE R* RMSE R* RMSE R* RMSE R* RMSE

L. lucidum RF 0.20 1591 0.17 16.51 0.98 0.50 0.92 1.14 0.96 1.04 0.92 1.15
XGBoost 0.18 17.44 0.11 18.72 0.95 1.13 091 1.21 0.95 1.02 0.91 1.18
LightGBM 0.20 16.20 0.15 17.20 0.91 1.37 0.88 1.43 091 1.15 0.88 1.39
SVR 0.20 17.01 0.15 18.32 0.80 2.04 0.76 2.37 091 1.10 0.88 1.44
C. officinarum RF 0.26 97.33 0.20 100.02 0.97 28.03 0.94 57.28 0.99 26.51 0.96 50.67
XGBoost 0.25 105.25 0.18 109.33 0.97 50.61 0.95 54.12 0.97 48.34 0.95 51.83
LightGBM 0.22 110.04 0.17 114.76 0.89 80.22 0.85 97.14 0.94 57.82 0.92 67.60
SVR 0.22 110.11 0.16 113.11 0.88 94.40 0.84 101.21 0.95 56.51 0.93 66.99
K. paniculata RF 0.31 48.02 0.23 50.22 0.94 12.48 0.86 15.01 0.97 10.50 0.91 12.87
XGBoost 0.25 52.33 0.21 55.41 0.78 17.10 0.72 22.76 0.83 14.92 0.79 19.58
LightGBM 0.24 54.17 0.20 57.36 0.75 21.63 0.68 24.92 0.82 17.50 0.77 20.26
SVR 0.26 50.00 0.21 50.09 0.70 24.52 0.63 28.13 0.81 18.69 0.73 21.47
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FIGURE 6

AGB inversion of three tree species using the RF model. (a) C. officinarum (using only TLS data), (b) L. lucidum (using only TLS data), (c) K. paniculata
(using only TLS data), (d) C. officinarum (using TLS and multispectral data), (e) L. lucidum (using TLS and multispectral data), (f) K. paniculata (using TLS and
multispectral data).

paniculata, the combined dataset substantially improved the  performance, surpassing the other three models. The optimal
predictive performance of all four models compared with  model for the combined data was RF, which improved the test
multispectral-only modeling. Compared with TLS-only modeling,  set R* by 65.29% compared to the optimal model using multispectral
the RF model on the combined dataset achieved the best  data, and improved the test set R* by 5% and reduced the RMSE by
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Inversion of single tree AGB for three tree species. (a) L. lucidum, (b) C. officinarum, (c) K. paniculata.

2.14 kg compared to the optimal model using TLS data (Table 4;
Figures 6¢,f).

After evaluating model accuracy, this study integrated TLS point
cloud data and UAV multispectral imagery, applying the RF model
to perform spatial inversion mapping of AGB for the three target
tree species in the study area. The results showed that the estimated
mean AGB of L. lucidum was 10.45 kg; the estimated average AGB of
C. officinarum was 107.13 kg; and the estimated average AGB of K.
paniculata was 33.06 kg. The spatial distribution aligns well with
actual survey results, validating the effectiveness of this model in
spatial inversion within Shanghai’s urban forest parks.

4 Discussion

4.1 Improving classification accuracy by
combining multi-source feature fusion with
the deep forest algorithm

This study utilizes multispectral imagery from unmanned aerial
vehicles (UAVs) to extract spectral features, vegetation indices,
texture features, and terrain features. The Deep Forest algorithm
is employed to classify vegetation and non-vegetation. Results
demonstrated that integrating multiple feature types substantially
improved the model’s classification accuracy in complex landform
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conditions. Specifically, classification using only RGB data achieved
an accuracy of 0.88, underscoring its limited ability to discriminate
complex landforms. Combining the RE band, which is sensitive to
vegetation physiological conditions, with GSDDSM significantly
improved classification accuracy to 0.94 and 0.92, respectively,
indicating that structural and physiological information plays a
crucial role in distinguishing trees from non-trees (Abdollahnejad
and Panagiotidis, 2020). In experiments combining seven spectral
indices, the influence of different indices on classification accuracy
varied notably. Among them, OSAVI and NDVI performed
exceptionally well, as they effectively reduced soil background
interference and highlighted vegetation information, achieving
classification accuracies of 0.94 and 0.89, respectively. When
OSAVI was combined with GSDDSM and RE, respectively,
classification accuracy further improved to 0.98 and 0.96,
validating the synergistic enhancement effect of multi-source
feature fusion (Purwanto et al, 2023). In the combination
experiments of RGB with eight texture indices, contrast and
entropy performed best, as they effectively capture image spatial
structure and complexity, achieving classification accuracy rates of
0.91 and 0.90, respectively. Combining the highest-accuracy contrast
texture indices with GSDDSM and RE achieved classification
accuracy rates of 0.95 and 0.97, respectively. Ultimately, adopting
a feature fusion scheme integrating RGB, OSAVI, contrast,
GSDDSM, and RE significantly improved classification accuracy
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to 0.99, demonstrating the clear advantages of multi-source remote
sensing feature synergy (Gutkin et al., 2023).

Guo et al. (2022) utilized UAV multispectral data, selecting
spectral reflectance, vegetation indices, and geometric texture
features, and combined object-oriented classification methods
with random forest algorithms to classify trees in Fuzhou City’s
urban forests, achieving an accuracy of 91.89%. In contrast, this
study expanded and optimized feature selection, incorporating not
only the aforementioned basic features but also terrain features and
specific wavelength information more sensitive to vegetation
physiological states, resulting in a more diverse and
comprehensive feature combination. In terms of algorithm
selection, this study introduced the Deep Forest algorithm, which
possesses strong feature learning capabilities and complex pattern
recognition capabilities, to enhance the expressive performance of
the classification model. Through expanding feature dimensions and
improving algorithmic performance, the study ultimately achieved
higher tree classification accuracy, further validating the benefits of
multi-source feature fusion and advanced algorithms for complex

object classification tasks.

4.2 SHAP-based interpretability analysis of
individual tree AGB

When using TLS data modeling alone, TV and H are always
the core features for estimating the aboveground biomass of
individual trees for L. Ilucidum, C. officinarum, and K.
paniculata. Specifically, TV and H accounted for 62.53% of the
total feature importance for L. lucidum, 58.41% for C. officinarum,
and 51.90% for K. paniculata. This indicates that structural
and height),
quantitative indicators of tree three-dimensional morphology,

characteristics (especially volume as direct
are key factors determining individual tree biomass, as biomass
is primarily distributed in the trunk and large branches of the
woody parts. This result is consistent with the studies by Cao et al.
(2025) and Whelan (2023), which indicate that

measurements based on tree wood volume have the potential

et al
to characterize complex forest structures and enhance model
generalizability when predicting AGB in different forest types.
When modeling using only multispectral data, the importance of
spectral features is relatively lower than that of TLS structural
features, but they still exhibit significant species specificity. For L.
lucidum, NDRE and EVI together accounted for 25.44% of the
importance in AGB estimation, which can be attributed to their
high sensitivity to chlorophyll content and canopy density. For C.
officinarum, RE and RVT accounted for 16.72% of the importance,
while for K. paniculata, red and green light features contributed
the most, reaching 30.04%. These differences reflect the biological
and physical characteristics of different tree species in terms of
leaf pigment composition, canopy structure, or light response.
When further integrating TLS with multispectral data for
modeling, SHAP analysis results highlight the dominant role of
TLS structural features in AGB estimation. Among the top five
most important variables for all three species, three were TLS
features—TV, H, and H? whose combined importance exceeded
60% in AGB prediction. This further the
irreplaceable of  high-precision  three-dimensional

underscores
role
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structural information in individual tree biomass estimation.
Meanwhile, the contribution rates of spectral vegetation
features such as Red, RE, NDVI, and OSAVI are approximately
20%, indicating that they serve as supplementary information to
complement physiological or canopy surface information not
captured by structural features, thereby further enhancing
model performance (Oehmcke et al., 2024).

A comprehensive comparison of the feature importance
distributions of the three datasets clearly reveals that the three-
dimensional structural features of TLS point cloud data play an
absolutely dominant role in individual tree AGB inversion,
indicating that tree geometric parameters have core explanatory
power for biomass estimation. In contrast, the spectral and texture
information provided by multispectral data plays a key
supplementary role in reflecting tree physiological status and
canopy surface reflectance characteristics.

4.3 Impact of model selection on individual
tree AGB estimation

In this study, different modeling algorithms showed varying
performance in individual tree AGB prediction. This indicates that
the selection of modeling methods should comprehensively consider
factors such as data type, data quality, and tree species characteristics
of the study area to achieve optimal prediction results. Four machine
learning algorithms were evaluated for biomass estimation in
The RF model
demonstrated the best performance across the three tree species.

Shanghai’s  public forests. consistently
SVM is sensitive to kernel function selection and parameter tuning,
but has low computational efficiency when handling large-scale
point cloud-derived features; LightGBM and XGBoost, as efficient
gradient boosting models, demonstrate good performance in most
prediction tasks (Figure 8). However, due to their sensitivity to
outliers and multicollinearity among features, and given that the
biomass of trees in Shanghai’s urban forests exhibits certain outliers,
these two models may experience overfitting during training (Zhou
etal,, 2021; Huang et al.,, 2013). In contrast, the RF model can better
prevent overfitting and address complex nonlinear relationships
between variables. These findings are consistent with those of Gao
et al. (2022), who reported the superior performance of RF in
biomass estimation for subtropical forests. This finding suggests
that the choice of modeling methods should comprehensively
account for factors such as data type, data quality, and species-
specific characteristics of the study area to achieve optimal predictive
performance.

It is noteworthy that the RMSE values for camphor trees were
significantly higher than those for privet and goldenrain trees. This
is because RMSE reflects the absolute deviation between model
predictions and actual values, and its magnitude changes
proportionally with the increase in the base number of actual
values. The core reason for camphor tree’s significantly higher
RMSE compared to the latter two species is directly related to
the distribution characteristics of actual aboveground biomass
values across different tree species: Field measurement data
indicate that camphor tree exhibits a wider range of aboveground
biomass values (maximum 538 kg, average 197 kg), while the
average aboveground biomass values for privet and goldenrain
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FIGURE 8

Heatmap of optimal variables after variable selection using SHAP. (@) L. lucidum, (b) C. officinarum, (c) K. paniculata.

tree are only 55 kg and 101 kg respectively, both substantially lower
than that of camphor tree.

The influence of fusing TLS and multispectral data on individual
tree AGB inversion accuracy differs among the three tree species,
which is closely related to the matching degree between tree species
characteristics and data information capture capabilities. The
accuracy of the L. lucidum data model (test set R* = 0.92,
RMSE = 1.15 kg) is comparable to that of the TLS data model
alone (test set R* = 0.92, RMSE = 1.14 kg). This may be because L.
lucidum has a dense canopy and stable leaf biochemical
characteristics, with its biomass primarily determined by the
structural characteristics of the trunk and branches. TLS can
sufficiently ~capture its key three-dimensional structural
information, whereas multispectral data has limited ability to
penetrate the dense canopy and capture additional meaningful
physiological traits (Khatri-Chhetri et al., 2024). Consequently,
the fusion of the two datasets does not lead to a substantial
improvement in prediction accuracy. In contrast, the crown of C.

officinarum is relatively open, and its leaf biochemical characteristics
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exhibit some heterogeneity, enabling multispectral data to
complement TLS structural information to a certain extent.
Consequently, the accuracy of the fusion model (R* = 0.96,
RMSE = 50.67 kg on the test set) outperforms that of the TLS
model alone (R* = 0.94, RMSE = 57.28 kg on the test set). The
accuracy of the combination data model for K. paniculata (R* = 0.91,
RMSE = 12.87 kg on the test set) was 5% higher than that of the TLS
data model alone (R*> = 0.86, RMSE = 15.01 kg) by 5%. This
improvement can be attributed to the species’ deciduous nature,

characterized by a high proportion of leaf biomass and pronounced
seasonal variation, with biomass driven by both structural and
data  thus  provides
complementary information on fine-scale canopy structure and

biochemical  factors.  Multispectral
leaf traits, resulting in marked enhancement in prediction
accuracy. In summary, the effectiveness of data fusion in
individual tree AGB estimation is not universally applicable; its
validity must be analyzed and judged based on the structural
characteristics of different

morphology and physiological

tree species.
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4.4 Limitations and future prospects

This study proposes a research framework for estimating
individual tree AGB using ground-based LiDAR and UAV remote
sensing in synergy, laying a crucial foundation for enhancing the
intelligent monitoring of urban forest resources. However, certain
limitations exist. First, individual tree segmentation still relies on
manual intervention, which not only increases the time cost of data
processing but also reduces the automation level of the model. Future
efforts should focus on optimizing deep learning-based segmentation
algorithms. By leveraging the spatiotemporal synergies of multi-source
remote sensing data, we can address the challenge of automated
segmentation in complex canopy scenarios, thereby improving the
efficiency of technology implementation. Second, the 1-hectare plot
size and limited sample size across three tree species restrict the
generalizability of results. The study area covers only typical
vegetation zones within Shanghai’s urban forest parks, and the
heterogeneity of urban forests may reduce the model’s applicability
in other regions. Future research should expand plot coverage and
enhance spatial representativeness through stratified sampling.

5 Conclusion

This study developed a remote sensing estimation framework
for the urban individual tree aboveground biomass, integrating TLS
data, UAV multispectral imagery, machine learning algorithms and
SHAP interpretability analysis. This provides critical support and
technical pathways for the rapid prediction of fine-scale biomass and
intelligent ecological management of urban forests in Shanghai. The
fused model outperforms single-source data, with R* values of 0.96
(L. Iucidum), 0.92 (C. officinarum), and 0.91 (K. paniculata),
confirming multi-source fusion’s advantages in urban forest
shows that C.
officinarum and K. paniculata, benefit more from fusion due to

biomass inversion. Species-specific analysis
loose canopies structure and dynamic leaves, while L. lucidum,
achieves high accuracy with TSL alone, which due to its dense
canopy and stable biochemical characteristics. The RF model
performs robustly, and SHAP analysis highlights structural
features (height, volume and their three derived indicators)
contributing over 60% in biomass inversion. These findings
provide a basis for refined management of urban tree species.
Future research can expand the coverage of sample plots and
improve the spatial representativeness of samples through
stratified sampling, while focusing on optimizing automated
segmentation algorithms based on deep learning to improve
segmentation accuracy in complex canopy scenarios.
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