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A framework for upscaling aboveground biomass from an individual tree to 
landscape level and qualifying the multiscale spatial uncertainties for 
secondary forests
Ye Ma a,b, Jungho Im c, Zhen Zhen a* and Yinghui Zhao a*
aKey Laboratory of Sustainable Forest Ecosystem Management-Ministry of Education, School of Forestry, Northeast Forestry University, 
Harbin, China; bHeilongjiang Province Key Laboratory of Geographical Environment Monitoring and Spatial Information Service in Cold 
Regions, College of Geographical Sciences, Harbin Normal University, Harbin, China; cDepartment of Civil, Urban, Earth, and 
Environmental Engineering, Ulsan National Institute of Science and Technology, Ulsan, South Korea

ABSTRACT
Secondary forests, a typical forest type in the sub-frigid zone of Northeast China, have 
significant potential for carbon sequestration. Accurate estimation of the Aboveground 
Biomass (AGB) of secondary forests and assessment of multiscale uncertainties are crucial for 
promoting Reduced Emissions from Deforestation and Degradation. This study developed 
a novel framework to upscale the AGB estimation from the tree to the landscape level and 
assessed multiscale uncertainties based on multi-platform laser scanning data and Unmanned 
Aerial Vehicle (UAV) hyperspectral images. The framework included two stages: (1) quantifying 
multiple uncertainties (uncertainties of individual tree crown delineation, individual tree para
meters estimation, and tree species classification) in individual tree-based AGB estimation 
using Monte Carlo simulations; (2) upscaling the plot to the landscape level estimated AGB 
using the Nonlinear Simultaneous Equation (NSE) with error-in-variables and quantifying the 
uncertainties of model residuals, model parameters, and model independent variables. The 
findings revealed a high accuracy from tree to plot AGB estimation (R2: 0.75, Root Mean Square 
Error (RMSE): 6.65 Mg/ha, relative RMSE (rRMSE): 5.40%), with the total and relative uncertain
ties of 16.85 Mg/ha and 16.29%, respectively, with the highest uncertainty (9.73 Mg/ha) 
observed in tree species classification. The AGB estimation using NSE achieved an R2 of 0.69, 
with an RMSE of 9.91 Mg/ha and an rRMSE of 10.43% from the plot to landscape level; and the 
uncertainties caused by model parameters, independent variables, and residuals were 5.52 Mg/ 
ha, 14.56 Mg/ha, and 25.25 Mg/ha, respectively, accounting for 3.46%, 24.09%, and 72.45% of 
the total uncertainty. This study develops a framework for large-scale AGB estimation of mixed 
forests based on the individual tree approach and uncertainty quantification of multiscale 
estimates and provides a foundation for precise forestry, sustainable forest management, and 
carbon neutrality.
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1. Introduction

By absorbing and releasing carbon dioxide, forests are 
essential to the carbon cycle and the regulation of 
climate change (Stocker et al. 2013). The quantifica
tion of forest carbon stocks is beneficial for the carbon 
cycle in local and global ecosystems (Asner et al. 2012; 
Rödig et al. 2019). The forest cover in the region of 
Heilongjiang Province, China, is about 49%, of which 
secondary forests account for 70%. Secondary forests 
contain substantial carbon stocks following years of 
natural regeneration (Du et al. 2021; Jin et al. 2024). 
Beyond addressing the need for carbon cycling and 
balancing, spatial carbon stock estimation in second
ary forests would provide extensive social and eco
nomic benefits, such as climate change mitigation, 

biodiversity conservation, and sustainable forestry 
management (Zald et al. 2016).

Determination of forest carbon stocks typically 
relies on the Aboveground Biomass (AGB), which 
can be converted using a biomass expansion factor- 
based method (Zhao et al. 2019). Remote sensing is 
a common technique for forest AGB estimation (Chen 
et al. 2024; Ji et al. 2024; Patel and Majumdar 2011) 
and is becoming increasingly popular because of its 
advantages in non-destructiveness, large spatial scale 
and temporal repeatability. Generally, remote sensing- 
based forest AGB estimation uses an Area-Based 
Approach (ABA) (Goldbergs et al. 2018) or 
Individual Tree-based Approach (ITA) (Zhen et al.  
2022). ABA, which can establish a statistical model 
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between plot- or stand-level AGB and remotely sensed 
feature variables (e.g. texture features, vegetation 
index), is currently the primary method for estimating 
forest AGB at various scales (Yang et al. 2023; Zhang 
et al. 2022). Numerous studies have demonstrated 
ABA-based forest AGB for assessing the absorption 
of carbon dioxide by forests using terrestrial, airborne, 
and spaceborne remote sensing data (Almeida et al.  
2019; Guerra-Hernández et al. 2022; Matasci et al.  
2018; Peng et al. 2017; Zald et al. 2016). However, 
due to the lack of individual tree-level forest proper
ties, it is difficult for ABA to reveal detailed spatial 
information, which is unfavorable for investigating the 
spatial uncertainty of AGB estimation at different 
spatial scales (Qiu et al. 2019). In contrast, ITA can 
identify and extract individual tree structural para
meters (e.g. Diameter at Breast Height (DBH) and 
tree height) and provide the spatial distribution infor
mation. The individual tree AGB can be used as the 
basis in an up-scaling framework by aggregating AGB 
estimations from individual trees to stand level (Zhen 
et al. 2022).

In ITA-based AGB estimation, Individual Tree 
Crown Delineation (ITCD) is usually performed 
first, based on which the parameters of individual 
trees are estimated, and AGB is calculated using the 
allometric growth equation (Zhen et al. 2022). 
Therefore, an accurate ITCD algorithm, tree species 
classification algorithm (for mixed forests), and accu
rate parameter estimation are indispensable in an ITA 
framework. Various algorithms have been developed 
for ITCD, such as the marker control watershed algo
rithm based on the canopy height model (Navarro 
et al. 2020) and comparative shortest-path algorithm 
based on 3-D point clouds (Tao et al. 2015). The 
improvement of traditional or novel algorithms 
enables individual trees to be delineated under hetero
geneous secondary forests, particularly when aided by 
LiDAR data (Zhen et al. 2022). In the case of mixed 
secondary forests, the tree species classification is 
a prerequisite for ITA-based AGB estimation because 
incorrect classification can lead to the incorrect appli
cation of the allometric growth equation. The recent 
collaboration of UAV hyperspectral imagery with high 
spatial-spectral resolution and Unmanned Aerial 
Vehicle Laser Scanning (ULS) data with high point 
cloud density has provided outstanding data sources 
for tree species classification (Brovkina et al. 2018; Qin 
et al. 2022; Quan et al. 2023). The expeditious 
advancement of Convolutional Neural Networks 
(CNNs) has notably enhanced the accuracy of tree 
species classification compared to conventional 
machine learning models (e.g. random forest) (Sothe 
et al. 2020). CNNs have evolved toward deeper con
volutional structures with the emergence of algo
rithms such as Resnet50 and Resnet101 (He et al.  
2016). Ultra-deep CNNs can provide more abstract 

features for distinguishing tree species. In addition, 
a suitable and advanced data source is required to 
estimate individual tree parameters accurately. In 
recent years, near-ground remote sensing techniques 
such as Terrestrial Laser Scanning (TLS) have been 
employed to obtain complete three-dimensional (3-D) 
trunk and canopy structural information, which is 
promising for precise ITCD and DBH estimations in 
the understory of secondary forests (Brede et al. 2022). 
Overall, it is worth exploring how to effectively com
bine multiple data sources, ITCD algorithms, and tree- 
classification algorithms to improve ITA-based AGB 
estimation accuracy, especially in mixed secondary 
forests with complex stand structures.

Furthermore, it is imperative to understand the 
uncertainty of landscape AGB estimation and how 
errors propagate from the individual tree to the land
scape level. Uncertainty is typically defined as varia
bility in measurements or other areas, and standard 
deviation and coefficients of variation are utilized to 
quantify the variability of model and remote sensing 
procedures for AGB estimates (Chen, Laurin, and 
Valentini 2015). The uncertainty of ITA-based AGB 
estimation consists of uncertainties from the allo
metric growth equation (e.g. model parameters, resi
duals, and independent variables), ITCD, individual 
tree parameter estimation, and tree species classifica
tion (in the case of mixed forests). Monte Carlo (MC) 
simulations (Chen, Laurin, and Valentini 2015), 
Taylor expansions (Gertner, Cao, and Zhu 1995), 
and polynomial regressions (Gertner, Parysow, and 
Guan 1996) are the standard methods for quantifying 
these uncertainties. Although researchers have incor
porated multiple uncertainties (e.g. allometric growth 
equation and individual tree parameters) into RS- 
based AGB estimation uncertainty (Persson, 
Ekström, and Ståhl 2022; Xu et al. 2018; Zhen et al.  
2022), they have not fully investigated and compre
hensively assessed multiscale AGB estimation and its 
uncertainty under the ITA framework (i.e. uncertainty 
of ITCD and tree species classification), especially for 
mixed secondary forests. In addition, when tree-level 
estimates are upscaled to plot- and landscape-level 
AGB estimation, there are various error propagations, 
such as the errors of the AGB estimation model and 
the error of the independent variable. Only a few 
studies have examined certain aspects of these errors 
from multiple sources (Chen, Laurin, and Valentini  
2015). Therefore, it is vital to determine how to esti
mate large-level AGB by the ITA framework and 
assess the uncertainty in this process.

This study aimed to develop a nondestructive AGB 
estimation and uncertainty assessment framework 
through ITA and to establish an up-scaling AGB esti
mation model and error propagation framework from 
the plot to landscape level in secondary forests. For 
this purpose, the objectives of this study include (1) 
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develop a framework for ITA-based AGB estimation 
at the individual tree level and explore the optimal 
ITCD and tree species classification algorithms in 
secondary forests using TLS, ULS, and UAV hyper
spectral data, (2) quantify the uncertainty in the ITCD 
algorithm, individual tree parameter estimation, and 
tree species classification using MC simulation from 
the tree- to plot-level, and (3) develop an upscaling 
AGB estimation model from the plot to landscape 
level and evaluate the uncertainty of multiscale AGB 
estimation.

2. Materials

2.1. Study area

The study area is situated in the Maoershan experi
mental forest farm, Shangzhi City, Heilongjiang 
Province China (Figure 1), with a total area of 
264.08 km2. Maoershan forest farm has an average 
altitude of 300 m and a continental monsoon climate. 
Owing to the destruction of forests, the original vege
tation has reversed succession, forming the current 
distribution of the mixed secondary forests with 
other plantations. According to the forest resources 

inventory data in 2015, broadleaf mixed forests and 
coniferous-broadleaf mixed forests accounted for 
about 65%, larch (Larix olgensis Henry) plantations 
accounted for about 12%, and other plantations (i.e. 
Korean pine (Pinus koraiensis Sieb. et Zucc.), white 
birch (Betula platyphylla Suk.), elm (Ulmus pumila 
L.)) accounted for approximately 17%.

2.2. Data and preprocessing

2.2.1. Field inventory data
Fifty mixed-forest plots (30 m × 30 m) dominated by 
the main tree species were surveyed during the sum
mers of 2021 and 2022. In total, 4527 trees (DBH � 5  
cm) were measured and recorded, including the DBH 
(cm), tree height (m), tree species, and location. Tree 
position was measured using a real-time kinematic 
Global Positioning System receiver, with a positional 
error of less than 5 cm. The statistics of measured 
parameters was described in Table 1. Species-specific 
additive biomass equations were applied to calculate 
the reference AGB of individual trees (Dong, Li, and 
Song 2015; Dong, Zhang, and Li 2015). The para
meters of additive biomass equations were listed in 
the Supplementary Table S1.

Figure 1. Location of the study area: (a) location of Heilongjiang Province; (b) location of Maoershan forest farm. The base map is 
Landsat 8 OLI optical imagery with true color; (c) example of a UAV flight region with sample plots and hyperspectral imagery.
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2.2.2. Optical imagery and preprocessing
In this study, a Reson Pika L hyperspectral sensor on 
a DJI M600 pro UAV was used to acquire the UAV- 
borne Hyperspectral Images (U-HSIs). An area of 2  
km2 was covered by U-HSIs in August 2021 and 
2022 without any clouds. It is composed of 150 
bands ranging from 400 nm to 1000 nm. The high 
spatial–spectral resolution (0.5 m and 4 nm, respec
tively) sensor was used to achieve accurate discrimi
nation among tree species. Geometric correction, 
geographic alignment and generation of hypercubes 
were performed to acquire the actual reflectance 
using the MegaCube software (http://www.iris-rs. 
cn/).

The forest area was extracted by Landsat 8 OLI 
image acquired on 24 July 2020 (product ID: 
LC81170292020206LGN00). The Landsat 8 OLI ima
gery was preprocessed to obtain surface reflectance, 
including radiometric calibration, atmospheric cor
rection and terrain correction, and was geographically 
aligned with Airborne Laser Scanning (ALS) data 
using the ENVI 5.2 software.

2.2.3. LiDAR data and preprocessing
Three LiDAR datasets (TLS, ULS, and ALS) were used 
to explore the uncertainty from tree-, plot-, and land
scape-level AGB estimations. The TLS and ULS data 
were employed to tree-plot AGB estimation and 
uncertainty analysis, whereas the ALS data were 
employed to landscape AGB estimation and uncer
tainty analysis.

In August 2021 and 2022, terrestrial laser scanner 
of the RIEGL VZ-400i was employed to conduct 
comprehensive scans of the 50 sample plots. Based 
on the density of trees in the sample plots, 10–15 
TLS scanning stations were established for each 
sample plot. The DJI M600 pro UAV was utilized 
to collect ULS data for August 2021 and 2022, cover
ing the same area as the U-HSIs, with an approx
imate total area of 2 km2. The ALS data were 
obtained in September 2015 using a LiCHy airborne 
observation system. The average point density of 
ALS, ULS, and TLS were 7 pts/m2, 270 pts/m2, and 
1.5 × 105 pts/m2, respectively. Supplementary Table 

S2 displays the additional key parameters for the 
three LiDAR datasets.

The preprocessing of ULS, TLS, and ALS data 
involved the following steps: (1) applying noise filter
ing; (2) classifying ground point using improved pro
gressive triangular irregular network densification 
(Zhao et al. 2016); (3) normalizing point clouds to 
obtain the vegetation height; and (4) creating 
Canopy Height Model (CHM) with spatial resolution 
of 0.5 m based on normalized point clouds using TIN 
interpolation.

The iterative closest point algorithm was employed 
to re-register the TLS to ULS data to obtain the entire 
canopy vertical structure (Besl and McKay 1992). 
Fused ULS-TLS (hereafter, U-TLS data) point cloud 
data were applied to ITCD. All preprocessing of the 
LiDAR data was conducted using LiDAR 360 software 
V5.2 (https://www.lidar360.com/).

3. Methods

3.1. Overview of methodology

To develop a multiscale nondestructive AGB estima
tion and uncertainty assessment framework, the meth
odology included (1) comparing different algorithms 
and different data sources for tree species classification 
and selecting the optimal combination for AGB esti
mation from the tree to plot level; (2) quantifying 
multiple uncertainties in ITA-based AGB estimation 
using MC simulation (Raychaudhuri 2008), including 
in the ITCD algorithm, individual tree parameter esti
mation, and tree species classification; (3) establishing 
an ALS-based AGB upscaling model from the plot to 
the landscape level based on NSE and assessing the 
uncertainty in the components of the model based on 
error propagate principles. A flowchart of the study is 
displayed in Figure 2.

3.2. Individual tree-based AGB estimation

3.2.1. Individual tree parameters estimation (ITPE)
Accurate individual tree crown delineation is vital 
for parameters estimation and tree species classifica
tion. In this study, the U-TLS data were applied to 

Table 1. Descriptive statistics of field inventory data.

Species N

DBH (cm) Height (m)

Max Median Min Mean STD Max Median Min Mean STD

Korean pine (KP) 2556 48.3 13.8 5.0 14.9 6.1 25.5 11.5 4.1 11.9 3.6
White birch (WB) 263 33.1 18.7 6.3 19.0 5.5 28.7 16.7 7.0 16.7 4.1
Elm (EL) 438 45.4 14.6 5.4 16.4 7.1 25.0 14.1 4.5 14.1 4.4
Manchurian ash (MA) 258 50.5 24.1 7.5 24.6 7.4 26.0 18.3 7.5 18.1 3.6
Manchurian walnut (MW) 218 50.8 20.8 6.8 21.1 7.1 30.3 18.7 7.5 18.6 3.9
amur cork-tree (AC) 37 47.8 19.0 11.5 21.1 7.6 25.8 15.5 10.5 15.9 3.3
Acer mono (AM) 136 35.6 12.2 6.2 14.6 6.2 24.2 12.8 4.6 13.0 3.7
Populus (PO) 128 63.0 17.7 6.3 21.9 12.1 33.3 18.0 6.9 18.2 4.9
Other tree species (OT) 493 22.7 18.3 5.8 15.2 6.8 26.4 14.9 5.7 15.1 3.5

Other tree species, including Padus avium, Mongolian oak, Camphor pine, and Larch.
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the comparative shortest-path algorithm with seed 
points (Tao et al. 2015) for segmenting individual 
trees because the fused U-TLS data effectively 
address the issue of suppression of lower trees by 
the upper trees (Huo, Lindberg, and Holmgren  
2022). Seed points were generated using the least- 
squares algorithm to fit the cylinder of the point 
cloud at a height of 1.3 m.

The accuracy of the ITCD algorithm was assessed 
using three indices: recall (r), precision (p), and 
F-score (Li et al. 2012). Following Kaartinen et al. 
(2012), we considered the location and attribute rela
tionship (i.e. DBH) of the detected and reference trees 
and defined a 1:1 matched tree as follows:

(1) Search all detected treetops within each refer
ence crown for an initial match;

(2) Calculate the mean difference in DBH between 
the reference and detected trees according to 
the initially matched trees from step (1);

(3) If only one detected treetop exists in the refer
ence crown and its DBH difference is less than 
the mean difference of the DBH in step (2), the 
detected tree is considered a 1:1 match.

The tree height from CHM was determined by identi
fying the local maximum height within 1:1 matched 
tree crown. The DBH was estimated at 1.3 m height of 
point cloud data using the nonlinear least-squares 

Figure 2. Process flow proposed in this study.
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fitting circle algorithm (Gander, Golub, and Strebel  
1994). The coefficient of determination (R2), RMSE 
and rRMSE were adopted to assess the accuracy of 
individual tree parameter estimation.

3.2.2. Tree species classification
Based on field survey data, the classification system of 
eight major tree species (groups) was established, and 
sample sizes were determined based on 1:1 matched 
trees, including Korean pine, white birch, three hard
wood trees (i.e. Manchurian ash, Manchurian walnut, 
and Amur corktree (Phellodendron amurense Rupr.)), 
elm, Populus, Acer mono, and other broadleaf trees 
(e.g. Tilia amurensis (Tilia amurensis Rupr.), 
Mongolian oak). Sample sizes for each category are 
shown in Supplementary Table S3. The features extracted 
from U-TLS and U-HSIs are displayed in Supplementary 
Table S4 and Table S5, respectively. To address the “black 
box” issue in machine learning models, we employed an 
interpretable machine learning technique (i.e. SHapley 
Additive exPlanations (SHAP) (Molnar 2020), which 
assesses the global and local importance of features in 
a given machine learning model.

To compare the performance of classic machine 
learning and deep learning models, four models, RF 
(Amini et al. 2018; Hartlinga, Sagan, and 
Maimaitijiang 2021), SVM (Mountrakis, Im, and 
Ogole 2011), 1D-CNN (Zhao et al. 2022), and 1D- 
Resnet50 (He et al. 2016), were compared based on 
the different data sources: U-HSIs, U-TLS, and 
U-HSIs+U-TLS. 1D-CNN and 1D-Resnet50 were 
used in order to explore the impact of DL models 
with different architectures on tree species classifica
tion. The 1D-CNNs adopted six convolutional layers 
with a kernel size of three, and every two convolu
tional layers were connected with a maximum pooling 
layer of size three. The Resnet algorithm cleverly intro
duces a residual module, which avoids the problem of 
gradient disappearance and allows Resnet to train 
a thousand-layer network (He et al. 2015). The 
Resnet-50 has four groups of blocks, each with three, 
four, six, and three bottlenecks, respectively (Figure 3). 
In this study, a one-dimensional convolution was used 
for all convolution layers to reduce the manual error of 
creating image samples in a 2D-CNN and circumvent 
the challenge of small image sizes in tree species 

Figure 3. Resnet-50 network structure. The green/blue bottleneck in different blocks has the same convolution module but the 
number of input and output channels are different; the first bottleneck in Block 1 has a stride of 1 and the first bottlenecks in the 
rest blocks have a stride of 2. Note: S is stride; BN is batch normalization; X represents independent variables.
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classification (Xi et al. 2021). The hyperparameters of 
all four algorithms were optimized using random 
searches (Bergstra and Bengio 2012), and shown in 
Supplementary Table S6.

The training set (70% of the dataset) was used for 
model training based on stratified 10-fold cross- 
validation: using tree species classes as strata, which 
can effectively avoid bias in model evaluation owing to 
unbalanced data distribution (Diamantidis, Karlis, 
and Giakoumakis 2000). The test set (30%) was used 
to assess classifications using three metrics: the User’s 
Accuracy (UA), Producer’s Accuracy (PA), and 
Overall Accuracy (OA). All algorithms were imple
mented using Python 3.7 and the sklearn1.0+tensor
flow1.14 package.

3.2.3. Individual tree-based plot-level AGB 
estimation
The AGB (kg) of individual trees was estimated using 
the estimated DBH and tree height, and optimal tree 
species classification results (only 1:1 matched trees 
adopted). The plot-level AGB (Mg/ha) was summed 
by all individual tree-based AGB in sample plot and 
assessed using R2, RMSE, rRMSE, and bias between 
the estimated and reference plot AGB.

3.3. Uncertainty analysis of individual tree-based 
AGB estimates from individual tree to plot-level

3.3.1. Uncertainty of individual tree crown 
delineation
Inaccurate ITCD is the root cause of the uncertainty in 
ITA-based AGB estimates. Since the goal of this study 
was to examine the uncertainties associated with AGB 
estimation, which are derived from automatic indivi
dual tree detection for landscape-level estimation, only 
the results from an automatic ITCD with a detection 
view were considered. In other words, from 
a detection view, only the correct segmentations (TP 
or 1:1 matched trees) and commission errors (over 
segmentations or FP) were visible. However, the omis
sion errors (under segmentations or FN) generated 
from a reference view were not considered. Thus, an 
MC procedure that determined the uncertainty of 
ITCD (including TP and FP) was conducted as 
follows:

Step 1. New TP and FP were generated according to 
two normal distributions. The mean and variance of 
TP and FP for the 50 plots are as follows: 

where TP0and FP0are the number of simulated cor
rectly detected and over-segmented individual tree 
through the normal distribution; TP and FP are the 
mean of 50 sample plots of correctly detected and 

over-segmented individual tree, respectively; VARTP 
and VARFP are the variance of 50 sample plots of 
correctly detected and over-segmented individual 
tree, respectively.

Step 2. A number of simulated individual trees (i.e. 
TP0 and FP0) were randomly selected from the refer
ence trees in each sample plot according to Equation 
(1), and the plot AGB was summed by the tree AGB. 

where B̂plot is a simulated plot-level AGB, and B̂i and 
B̂j are the AGBs of the correctly segmented and over
segmented individual trees, respectively.

Step 3. By iteratively performing steps 1 and 2 
k times, the mean, the standard deviation (i.e. the 
uncertainty of the ITCD), and coefficient of variation 
(relative uncertainty) of the plot-level AGB were cal
culated according to Equation (3). 

where k is simulation times (i.e. k = 1000 in this study), 
bBi is the plot AGB value of the ith simulation, �Bψ is the 
mean plot AGB of the k times simulation, σψ and cvψ 

are the standard deviation and the coefficient of varia
tion of the simulated plot-level AGB, respectively. At 
this point, only the uncertainty of ITCD was included, 
therefore ψ ¼ ITCDf g. The uncertainties in indivi
dual tree parameter estimation and tree species classi
fication were not considered because the actual DBH, 
tree height, and tree species were used.

3.3.2. Uncertainty of individual tree crown 
delineation and parameters estimation
The uncertainty of ITCD and individual tree para
meter estimation in AGB estimation refers to the 
uncertainties of automatic ITCD and parameters esti
mation. Based on the ITCD results, the MC simulation 
procedure for individual tree parameter estimation 
uncertainty was conducted as follows:

Step 1. To quantify the uncertainty of individual 
tree parameters in AGB estimation, the normal dis
tributions of random errors were constructed to simu
late a new DBH and tree height. Assuming that the 
mean of the distribution is zero and standard devia
tion is the residual of the estimated DBH and tree 
height, as shown in Equation (4): 
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where ε2
D is the residuals of the estimated DBH; ε2

H is 
estimated tree height; ε0D is the random errors derived 
from the DBH and ε0H is the random errors derived 
from tree height.

Step 2. The new DBH and tree height were simu
lated and generated based on the new random errors 
in step 1, as follows: 

where D is the estimated DBH; H is estimated tree 
height; D0 is the newly simulated DBH; H0 is the newly 
simulated tree height.

Step 3. New AGBs of individual trees were calculated 
according to the simulated DBH and tree height and 
aggregated to obtain the simulated plot AGB. The mean 
plot-level AGB of 1000 simulations and the uncertainty 
of the simulation were calculated using Equation (3), 
where 
ψ ¼ ITCDþ individual tree parameter estimationf g. 
The uncertainty of the tree species classification was not 
included because the actual tree species were applied.

3.3.3. Uncertainty of individual tree crown 
delineation, parameters estimation, and tree 
species classification
Figure 4 shows a diagram of the different cases of the 
tree species classification simulation from a detection 
perspective. Based on the results of the ITCD algo
rithm, a subset of trees was randomly selected and 
simulated to accurately classify trees from each sample 
plot (Figure 4(a)). For incorrectly classified individual 
trees (Figure 4(b)), a tree species was randomly 
assigned in order to simulate classification errors. 
Because over segmented trees (Figure 4(c)) had no 
labels for classification, the type of the trees was pre
dicted using the classification model.

The MC simulation used to quantify the uncer
tainty of the tree species classification was conducted 
as follows:

Step 1. Two normal distribution functions were 
constructed as follows: 

where OA’ and error’ are the simulated OA and error 
of tree species classification, respectively; OA and error 
are the means of the OA and error (i.e. 1-OA) in the 50 
sample plots, respectively; and VAROA and VARerror 
are the variances of OA and error, respectively.

Step 2. According to the normal distribution, two 
parts of individual trees (correctly classified and incor
rectly classified from a user’s perspective) were ran
domly selected, and the individual tree AGBs were 
summed to obtain a plot AGB.

Step 3. Repeat steps 1 and 2 for 1000 times using the 
MC simulation Equation (3), where 
ψ ¼ ITCDþ individual tree parameter estimationf

þtree species classificationg to obtain a simulated 
plot-level AGB estimate with uncertainties in the 
ITCD, individual tree parameter estimation and tree 
species classification procedures. The MC simulation 
program was implemented using the Numpy and 
Scipy libraries in python.

3.4. Plot-level to landscape AGB estimation

3.4.1. Extraction of the secondary forests
To distinguish secondary forests from other planta
tions, ALS and Landsat 8 OLI were used to extract 
mixed secondary forests using the random forest 
model, which has been widely used and performed 
well in classifications (Cheng and Wang 2019; Liu 
et al. 2018). The 101 and 96 features were extracted 
from ALS (Supplementary Table S4) and Landsat 8 

Figure 4. Diagram of the different cases for tree species classification simulation from the detection perspective: (a) 1:1 matched 
and correctly classified trees; (b) 1:1 matched but incorrectly classified trees; (c) false positive.
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OLI (Supplementary Table S7), respectively. The clas
sification system and sample sizes applied for the 
extraction of the secondary forests are shown in 
Supplementary Table S8 based on a stratified sampling 
method (70% of samples as training data, 30% as 
testing data). Uncertainty and AGB at the landscape 
level were mapped using GDAL library in python.

3.4.2. Establishment of nonlinear simultaneous 
equation for landscape-level AGB estimation
Based on ALS data that cover the Maoershan Forest 
Farm, the plot AGB was extrapolated up to the land
scape level through the nonlinear error-in-variable 
model (Tang, Li, and Wang 2001). An error-in- 
variable model refers to a linear or nonlinear model 
with variable set that is subject to errors, whereas the 
remaining variables are error-free.

The model is referred to as an NSE (Tang, Li, and 
Wang 2001) when the number of equations equals the 
number of error-in variables. In this study, the NSE 
model was established to connect plot-level with land
scape-level AGB estimates as follows: 

where D is the measured plot DBH, H is the measured 
tree height and are considered error-free variables; 
HALS is the canopy height extracted from ALS- 
generated CHM and is considered an error-in- 
variable; Dplot, ITA and Bplot,ITA are the plot-level DBH 
and AGB based on ITA, respectively, and are consid
ered error-in-variables. ai, bi, ci (i = 1,2,3) are the model 
parameters to be fitted. εi (i = 1,2,3) are model resi
duals. Models I and II were developed to estimate plot- 
level canopy height and DBH, respectively, and Model 
III was designed to estimate landscape-scale AGB using 
plot-level canopy height (HALS) and DBH (Dplot,ITA), 
which were the response variables of Models I and II.

To quantify the AGB estimation errors of the 
parametric models, the following sources of error 
were considered: (1) errors due to incorrect fitting 
of model parameters, (2) errors in the independent 
variables (i.e. HALS, Dplot,ITA, Bplot,ITA), and (3) 
errors caused by model residual variability. 
Assuming that these three errors are independent, 
the total uncertainty of AGB estimation can be 
expressed according to the error propagation prin
ciple (Merrin 2017) as follows: 

where σt; plot represents the total model uncertainty; 
σf ; plot , σx; plot and σε; plot are the standard deviation of 
the model parameters, independent variables and 
model residuals, respectively.

Based on a linear approximation, the uncertainty of 
the model parameters can be calculated as follows 
(Chen, Laurin, and Valentini 2015): 

where p is the number of parameters; @f
@βj 

and @f
@βk 

are the 
partial derivative of the parameters, and covðβ̂j; β̂kÞ is the 
variance-covariance matrix of the parameter estimates.

For the uncertainty of the independent variables, 
the error propagation of the multivariate model can be 
represented as follows (Merrin 2017): 

where m is the number of independent variables; @f
@xi 

and @f
@xj 

are the partial derivatives of the independent 
variables xi and xj, respectively; varðxiÞis the variance 
of the independent variable xi; and covðxi; xjÞ is the 
covariance matrix of xi and xj.

According to Q. Chen, Laurin, and Valentini 
(2015), we determined the linear relationship between 
the standard deviation of the model residuals and 
Bplot;ITA. Therefore, the uncertainty of the model resi
dual can be calculated by fitting the standard deviation 
of the residuals and Bplot; ITA: 

where θ is a parameter; σε;plot is the standard devia
tion of the residuals, obtained from the six-step 
procedure proposed by Hosmer and Lemeshow 

(1989); and f x; β̂
� �

is Model III in NSE for AGB 
estimation.

4. Results

4.1. ITA-based AGB estimation and uncertainty 
analysis

4.1.1. Individual tree parameters estimation
The U-TLS achieved excellent ITCD accuracy, with 
the mean r, p, F-scores of 0.81, 0.82, and 0.81, respec
tively. The 3853 individual trees correctly segmented 
using U-TLS data were utilized for subsequent indivi
dual tree parameter estimation and tree species classi
fication. Figure 5(a) illustrates the accuracy of 
estimated tree DBH was excellent using the fused 
point cloud data, which was attributed to the well- 
detected tree trunks using TLS data. Figure 5(b) 
depicts the accuracy of estimated tree height, which 
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was less accurate than that of DBH but still has high 
accuracy.

4.1.2. Tree species classification
The effectiveness of different data sources and classi
fication algorithms are compared in Table 2. No sig
nificant differences were observed between the RF and 
SVM. Both 1D-CNN and 1D-Resnet50 demonstrated 
superior performance compared to the aforemen
tioned machine learning models, except when solely 
using the height or intensity features. The 1D- 
Resnet50 model achieved the best classification per
formance (OA: 0.87) based on the combined U-HSIs 
and U-TLS data.

Figure 6 depicts the confusion matrix for tree spe
cies classification based on test samples using 1D- 
Resnet-50 model and combined U-HSIs and U-TLS 
data. Korean pine had the highest PA of 0.96; the three 
hardwood trees and elm had high UA of 0.91 and 0.92, 
respectively. The UA and PA of Acer mono were 0.72 
and 0.75, respectively, lower than those of other tree 
species. A total of 18 features – 10 LiDAR features and 
eight hyperspectral features – were chosen using the 
SHAP value and Resnet50. Supplementary Figure S1 

illustrates the contribution of the features to distin
guish the seven tree species.

4.1.3. Individual tree AGB estimation
Based on the estimated individual tree parameters 
and the classified tree species, the individual tree 
AGB was estimated, and the plot AGB was 
summed by all tree AGB in sample plot. Figure 7 
displays the accuracy assessment results of tree and 
plot AGB estimates. The accuracy of GB estimation 
slightly decreased from the tree to the plot level. 
For high AGB plots, the AGB was underestimated, 
especially when AGB was greater than 150 Mg/ha. 
This is because more trees under the canopy 
tended to go undetected (i.e. omission errors) in 
plots with large AGB values than in plots with 
small AGB values in the ITCD procedure. In the 
individual tree AGB estimates, it is observed that 
even though the R2 of the model was high, the 
RMSE and rRMSE were also high due to the effect 
of outliers. The most outliers were the high AGB 
values because the errors of individual tree para
meters estimation and tree species classification 
tended to produce a larger bias for large trees 

Figure 5. Accuracy assessment of individual tree parameters estimation: (a) DBH; (b) tree height. The orange line is the 1:1 line, 
and the blue line is the fitted line between the measured and estimated values; the light gray area represents 95% confidence 
intervals.

Table 2. Overall accuracy of tree species classification using different data sources and models.

Data source Feature

Model

SVM RF 1D-CNN 1D-Resnet50

U-HSIs Spectral 0.60 0.61 0.70 0.80
GLCM 0.61 0.61 0.61 0.82
Vegetation index 0.62 0.60 0.66 0.76
All_HSIs 0.63 0.63 0.75 0.82

U-TLS Height 0.61 0.62 0.53 0.55
Intensity 0.61 0.60 0.56 0.56
All_ULS 0.63 0.65 0.74 0.64

U-HSIs+U-TLS All_HSIs+ULS 0.66 0.65 0.81 0.87

GLCM is the grayscale co-occurrence matrix; All_HSIs is spectral+GLCM+Vegetation index; All_ULS is height+intensity.
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than small trees, which increases the model’s RMSE 
and rRMSE.

4.1.4. Uncertainty of tree to plot-level AGB 
estimation
After 1000 simulations, the plot AGB estimation fol
lowed a normal distribution (Figures 8(b,d,f)). 
Figure 8(e) shows that the total uncertainty of AGB 
estimation based on ITA was 16.85 Mg/ha, the relative 
error was 16.29%; Figure 8(f) shows that the mean 
plot-level AGB simulated value was 103.44 Mg/ha. 
Although the simulated plot-level AGB values were 
very close to the three MC simulations, the uncertainty 
in AGB estimation gradually increased when the indi
vidual tree parameter estimation and tree species 

classification procedures were added to the simulation 
(from 3.66 Mg/ha in Figure 8(a) to 7.12 Mg/ha in 
Figure 8(c) to 16.85 Mg/ha in Figure 8(e)).

4.2. Plot- to landscape-level AGB estimation and 
uncertainty analysis

4.2.1. Extraction of secondary forests
The secondary forests in the study area were extracted 
using the RF model through the Landsat 8 OLI and 
ALS data. The OA, PA, and UA of the RF classifier 
were 0.94, 0.93, and 0.92, respectively.

4.2.2. Plot- to landscape-level AGB estimation
The NSE model for handling x variables with errors 
was established to connect plot AGB estimates by the 
ITA with landscape-level AGB. The model fit was 
satisfactory according to the fitness indices (Table 3) 
and residual plots (Figure 9). The fitting goodness of 
DBH (Model II) was better than that of AGB (Model 
III) and height (Model I).

4.2.3. Uncertainty analysis of plot- to 
landscape-level AGB estimation
After fitting NSE, model III was used to estimate AGB 
from the plot to the landscape level. The uncertainty in 
AGB estimates was mainly caused by uncertainties in the 
model parameters, independent variables, and model 
residuals.

The uncertainty of the model parameters was cal
culated using Equation (9). The uncertainty (σf ; plot) of 
the AGB model parameters was 5.52 Mg/ha, and the 
relative uncertainty of σf ; plot=B̂Plot; ITA due to the 
model parameters was 4.31%.

The uncertainties of the model independent vari
ables were mainly caused by the estimation error of 
HALS and DBHITA in models I and II of NSE. 

Figure 6. Confusion matrix of the tree species classification 
using 1D-Resnet-50 model and combined U-HSIs and U-TLS 
data. Note: KP: Korean pine; WB: white birch; HW: three hard
wood trees (including Manchurian ash, Manchurian walnut, 
and Amur corktree); EL:elm; PO: Populus; AM: acer mono; OB: 
other broadleaf trees.

Figure 7. Accuracy assessment of (a) individual tree AGB estimates; (b) plot AGB estimates. The orange line is the 1:1 line, and the 
blue line is the fitted line between the measured and estimated values. The light gray area represents 95% confidence intervals 
and the vertical lines are error bars.
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According to Equation (10), variance of the indepen
dent variables (VAR(DBHITA) and VAR(HALS)) were 
2.62 and 13.10, respectively. The uncertainty due to 
the model independent variables (σx, plot) was 14.56  
Mg/ha, with a relative uncertainty (σx; plot=B̂Plot; ITA) of 
11.39%.

The residual uncertainty of the AGB estimation 
model can be calculated using Equation (11). The 
estimation results are shown in Equation (12). This 
implies that the relative uncertainty (σε; plot=B̂Plot; ITA) 

due to the model residuals at the plot level was 19.75% 
and its uncertainty (σε;plot) was 25.25 Mg/ha. 

Based on Equation (8), the total uncertainty of AGB 
estimation was 29.66 Mg/ha and the relative uncertainty 
(σt; plot=B̂Plot; ITA) was 23.20%. Figure 10 shows that 
among the three uncertainties for the NSE-based AGB 
estimation, the uncertainty related to the model residuals 

Figure 8. Uncertainty and AGB simulation in ITCD, individual tree parameter estimation, and tree species classification after 1000 
MC simulations. (a) and (b) represent the uncertainty induced from ITCD procedure and the simulated plot-level AGB in the violin 
plot, respectively; (c) and (d) represent the uncertainty induced from ITCD and individual tree parameter estimation procedures 
and the simulated plot-level AGB in the violin plot, respectively; and (e) and (f) represent the uncertainty induced from ITCD, 
individual tree parameter estimation and tree species classification procedures and the simulated plot-level AGB in the violin plot, 
respectively.

Table 3. Parameters estimates and model fitting of the NSE.
Model ai bi ci R2 RMSE rRMSE (%)

NSE (Model I) −0.15 0.46 0.19 0.64 1.05 m 8.75
NSE (Model II) −2.71 0.70 - 0.72 1.12 cm 8.00
NSE (Model III) 32.09 0.27 0.26 0.69 9.91 Mg/ha 10.43

NSE is nonlinear simultaneous equation and i = [1,2,3] denote the fitted parameters of the model I, model II and model III in NSE, 
respectively.
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is the largest (72.45%), followed by the model indepen
dent variables (24.09%) and model parameters (3.46%).

4.3. Mapping landscape-level AGB and its 
uncertainty

The landscape-level AGB estimates and uncertainty of 
secondary forests at Maoershan Forest Farm are displayed 
in Figure 11. The spatial distributions of the uncertainties 
of the model residuals and model independent variables 
were consistent, and the uncertainty was significantly 
higher than that of the model parameters. The total uncer
tainty was between 20 and 80 Mg/ha (Figure 11(d)). The 
range of AGB estimates was 20–220 Mg/ha (Figure 11(e)), 
and the mean value of AGB estimates was 99.08 Mg/ha. It 
can be seen that areas with high uncertainty in AGB 
estimation usually have large AGB values.

5. Discussions

5.1. Individual tree-based AGB estimation and its 
uncertainty analysis

Under the ITA framework, ITCD, individual tree para
meter estimation and tree species classification are 

critical for accurate AGB estimation. A reliable ITCD 
serves as the foundation for estimating AGB. Many low 
trees that are shadowed by taller trees can be difficult to 
distinguish from ALS or ULS data in dense forests, 
particularly in secondary forests (Zhao et al. 2017; 
Zhen, Quackenbush, and Zhang 2014). The ITCD accu
racy in this study (average F-score: 0.81) was higher 
than that in previous studies (Zhao et al. 2022; Zhen 
et al. 2022) thanks to the fused U-TLS data. Compared 
to ULS and TLS, the fused U-TLS clearly scans the 
complete trunk and canopy, enabling more accurate 
seed point generation and canopy boundary delineation 
during the ITCD process. U-TLS can also improve the 
accuracy of parameter estimation. The application of 
TLS data alone caused an underestimation of individual 
tree heights, whereas ULS data led to a favorable esti
mation of tree heights according to (Y. Zhao et al. 2023). 
Moreover, it is hard to scan complete trunk information 
from the ULS data in forests with high canopy closure, 
individual tree DBH cannot be directly estimated and is 
usually inverted using the height-DBH model (Moe 
et al. 2020; Zhao et al. 2022). The accuracy of DBH 
estimation was greatly improved by merging the ULS 
and TLS data, which considerably reduced the error 
caused by the height-DBH model. The small uncertain
ties associated with ITCD and individual tree parameter 
estimation can be attributed to the combined effect of 
multiple near-surface LiDAR data, which enables ade
quate detection of low individual tree within the plot.

This study introduced errors in tree species classi
fication into the ITA-based AGB estimation so that 
the uncertainty in AGB estimation for complex mixed 
forests could be quantified, rather than being limited 
to pure forests. 1D-Resnet50 performed best when 
combined with point cloud and hyperspectral features. 
This suggests that the deep CNN algorithm is effective 
for tree species classification with combined hyper
spectral and LiDAR data because of the algorithm’s 
ability to adequately extract abstract features through 
deep convolutional networks (Pouyanfar et al. 2019). 

Figure 9. Residuals plots of (a) model I; (b) model II; and (c) model III in the NSE.

Figure 10. Model residuals, parameters and independent vari
able uncertainties as a proportion of total uncertainty.
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This agrees with the findings of a previous research on 
DL algorithms for tree species classification (Mäyrä 
et al. 2021). Furthermore, a 3D CNN is a good choice 
for modeling high-dimensional data as it can handle 
both texture and spectral information, which is a great 
advantage for tree species classification (Zhang et al.  
2023). Although the accuracy of tree species classifica
tion in this study was high (OA: 0.85), the uncertainty 
of tree species classification was greater than that in 
ITCD and individual tree parameter estimation 
(Figure 8) due to the use of the allometric growth 
equation with incorrect tree species. In a subsequent 
study, work should be done to enhance the accuracy of 
AGB estimates by modeling individual tree AGB 
directly without tree species classification.

This study aims to investigate the uncertainty of 
AGB estimation using remote sensing techniques, we 
assumed that the biomass additive equations were 
error-free; therefore, the final uncertainty was under
estimated because of errors in the biomass additive 

equations. The employed biomass additive equations 
in this study demonstrated a high level of accuracy 
(Dong, Li, and Song 2015; Dong, Zhang, and Li 2015) 
and the underestimation was minimal. This partially 
explains why the uncertainty in the plot AGB estimates 
was much lower in this study (CV: 16.29%) than in 
previous studies based on ALS-based allometric growth 
equations with CV of 214% (Xu et al. 2018) and 58–66% 
(Chave et al. 2004; Chen, Laurin, and Valentini 2015). 
This indicates that it is critical to apply accurate allo
metric growth equations obtained from the harvesting 
method to calculate the reference AGB and reduce the 
error in estimating AGB from remote sensing data. In 
addition, benefiting from the combined employment of 
multiple near-surface remote sensing data, omission 
and commission errors in ITCD (r: 0.81; p: 0.82) and 
errors of individual tree parameter estimation (rRMSE: 
15.31% of DBH; 13.75% of tree height) were low, which 
greatly reduced the uncertainty in the tree to plot-level 
AGB estimation.

Figure 11. Spatial distribution of landscape-level AGB estimates of secondary forests and uncertainties based on error propagation 
principle. (a)-(e) represent the uncertainties of the model parameters, the model independent variables, the model residuals, the 
total uncertainty, and the landscape-level AGB estimates of secondary forests, respectively.
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5.2. Plot- to landscape-level AGB estimation and 
uncertainty analysis

Because NSE can handle inputs with errors in the 
independent variables, it is a good approach to sup
port the use of variables estimated using remote sen
sing data to invert AGB/carbon stocks. Furthermore, 
AGB estimation at multi-levels (individual trees, plots 
and landscape) achieved good results, even for mixed 
secondary forests with complex structures. The AGB 
estimation errors obtained in this study (RMSE: 9.91  
Mg/ha, rRMSE: 10.43%) were much lower than the 
requirements of satellite remote sensing missions 
(error less than 20 Mg/ha or 20%) according to the 
assertions of previous studies (Hall et al. 2011; Zolkos, 
Goetz, and Dubayah 2013). Our result using ITA- 
based approach in terms of rRMSE at plot level were 
better (rRMSE = 10.43%, NSE (Model III)) than the 
values reported using ABA-approach (27.22% 
−51.63%) for AGB estimates in Guerra-Hernández 
et al. (2022) at the regional level in Spain.

This study demonstrates a significantly improved 
accuracy, thereby contributing to the employment of 
refined algorithms and high-resolution data sources. 
Among the three uncertainties in the NSE-based AGB 
estimation, the largest was the uncertainty of model 
residuals, followed by the uncertainties of model inde
pendent variables and model parameters. This was 
similar to the results of previous studies but with 
some differences. For example, Chen, Laurin, and 
Valentini (2015) employed ALS to develop 
a generalized linear model to estimate AGB at the 
pixel scale and found that the relative uncertainties 
associated with model residuals, parameters, and inde
pendent variables were 47.9%, 16.2%, and 16.0% 
(80.5%, 10.6%, and 8.8% of the total uncertainty, 
respectively). The uncertainty caused by the model 
residuals was the largest, as observed in the present 
study. Additionally, the uncertainty of model indepen
dent variables had a larger share. This was primarily 
because the independent variables in the present study 
(DBHITA and HALS) were estimated using individual 
tree detection techniques, while in other studies, the 
error of the independent variables (LiDAR-based vari
ables) was assumed to be 10% (Chen, Laurin, and 
Valentini 2015) or 5% (Asner et al. 2012). Our model 
parameter uncertainties (3.46%) were slightly better 
than relative uncertainties associated with model para
meter in Guerra-Hernández et al. (2022) who reported 
a relative standard error for regional level forest type- 
specific ALS-based estimates of AGB from 3.63% to 
12.58%, although they did not consider the source of 
uncertainty for vegetation strata classification.

The model accuracies of NSE were slightly higher 
than those of seemingly unrelated regression (Table 3 
vs. Supplementary Table S9), which is a multiple- 
equation regression model for multiple correlated 

but not perfectly correlated dependent variables, indi
cating that NSE was very effective in handling models 
with errors in the independent variables. This out
come is comparable to the study of Fu et al. (2016) 
that examined these two models. Large-scale (e.g. 
national, regional scale) forest AGB estimation and 
statistics are the basis of global carbon cycle, climate 
change research, and an important indicator to quan
tify the quality of forest growth. Compared to previous 
forest AGB maps (Su et al. 2016; Zhang, Liang, and 
Sun 2014), the AGB estimates in this study (mean 
AGB: 99.08 Mg/ha; RMSE: 9.91 Mg/ha) were higher. 
For example, Zhang, Liang, and Sun (2014) reported 
that the average forest AGB was 83.50 Mg/ha (RMSE: 
26.76 Mg/ha) in northeast China; and Su et al. (2016) 
estimated the average forest AGB to be 92.79 Mg/ha 
(RMSE: 26.08 Mg/ha) in temperate conifer-broadleaf 
mixed forests. Previous investigations relied primarily 
on ABA-based AGB estimation, such as those derived 
from Landsat imagery, whereas this study focused on 
individual-tree measurements. This latter approach 
provides a finer spatial resolution, allowing for 
a more detailed analysis of the spatial characteristics 
and structural attributes of the trees.

5.3. Limitations and future research

Despite quantifying multiple error sources, some 
errors were not considered in AGB estimation, such 
as sampling error, attribute measurement error, and 
tree positioning error. Attribute measurement and 
tree positioning errors are typically considered sys
tematic errors and are generally small in magnitude 
(Berger et al. 2014; Chen, Laurin, and Valentini 2015). 
On the other hand, sampling error can be substantial, 
as they are influenced by the sampling method, sample 
size, and representativeness of the sample. Sampling 
errors can be assessed by Monte Carlo combined with 
Taylor series expansion methods (Fu et al. 2017). In 
addition, there exist matching errors between the sam
ple plot and the image pixel generated by ground 
positioning, image georeferencing, and inconsistent 
sizes of plots and image pixels (Wang et al. 2009). To 
enhance the accuracy of AGB estimation, it is recom
mended to quantify these errors in the future. 
Although this study conducted the multi-scale AGB 
estimation for complex secondary forests, the perfor
mance of the framework should be tested in other 
mixed forests in the future to demonstrate its general
ization and transferability. Integrating the MC simula
tion process into a Python library would be 
a meaningful work, so that the methodology of this 
study can be applied in other areas. TLS devices are 
too bulky and difficult for surveyors to use in forested 
areas with many shrubs. With the advent of mobile 
LiDAR (e.g. handheld and backpack LiDAR), it can 
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provide good estimation of forest parameters (Xu et al.  
2021). If mobile LiDAR can achieve similar accuracy 
of DBH estimation as TLS, it will become a very con
venient and promising tool for individual tree-based 
AGB estimation (Liang et al. 2024). In addition, NSE 
requires independent homogeneous distributions but 
does not account for potential autocorrelation of trees; 
NSE can be improved to accommodate autocorrela
tion of trees in future studies.

6. Conclusions

The main contributions of this study were proposing 
a framework to assess the performance of AGB estima
tion of secondary forests from the tree to landscape 
level and analyzing the uncertainties induced by differ
ent procedures, including ITCD, individual tree para
meter estimation, tree species classification, model 
residuals, model parameters, and model independent 
variables of NSE. The plot-level AGB estimates 
achieved a satisfactory accuracy using a variety of near- 
ground remote sensing data. For the ITA-based AGB 
estimation, the uncertainty of ITCD was 3.66 Mg/ha, 
which increased to 7.12 Mg/ha when individual tree 
parameter estimation was involved. The final uncer
tainty reached 16.85 Mg/ha, and the simulated mean 
AGB was 103.44 Mg/ha using MC simulations. NSE 
was used to upscale AGB estimation from the plot to 
the landscape level using ALS (R2: 0.69; RMSE: 9.91  
Mg/ha; rRMSE: 10.43%). The uncertainties of model 
parameters, independent variables, and residuals were 
5.52 Mg/ha, 14.56 Mg/ha, and 25.25 Mg/ha, respec
tively, based on the error propagation principle.

This study highlighted the uncertainty at various 
levels in the remote sensing-based AGB estimation 
process. The application of NSE is a good solution to 
the problem of independent variable errors caused by 
variables estimated by remote sensing data in model
ing. The proposed framework can provide technical 
support for AGB estimation and uncertainty analysis 
from individual trees to plot the landscape level for 
secondary forests or other mixed forests in other areas. 
This framework can be useful not only for large-scale 
remote sensing mapping but also for fine plot-level 
studies based on individual trees. This study would 
provide a foundation for precise forestry, sustainable 
forest management, and carbon neutrality.
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Appendix

Abbreviation list

ABA area-based approach

AGB aboveground biomass
ALS airborne laser scanning

CNN Convolutional neural networks
ITA individual tree-based approach
ITCD individual tree crown delineation

MC Monte Carlo simulations
NSE nonlinear simultaneous equation

Resnet residual network
RF random forest

rRMSE relative root mean square error
RMSE root mean square error
ULS unmanned aerial vehicle laser scanning

TSC tree species classification
SVM support vector machine

U-HSIs UAV-borne hyperspectral images
U-TLS Fused ULS-TLS
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