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Highlights

What are the main findings?

e  This study advanced cross-city AGB mapping of urban trees to 10 m resolution.
o  The AGB estimates exhibited high consistency with existing single-city C40 studies.

What are the implications of the main findings?

e  Quality control markedly enhanced the random forest’s fit and predictive accuracy.
e  The high-accuracy inversion method developed in this study exhibited strong applica-
bility across diverse cities.

Abstract

High-resolution above-ground biomass (AGB) data play a critical role in advancing low-
carbon development strategies across cities. However, research on urban trees” AGB largely
relies on high-accuracy field measurements, which limits the feasibility of conducting
cross-regional studies. In contrast, existing remote-sensing-based AGB products provide ex-
tensive coverage while lacking the spatial resolution required for precise city-scale analysis.
To address the dilemma of achieving both high spatial resolution and broad coverage, this
study integrated 149 feature variables derived from multi-source datasets and implemented
quality-control procedures to select high-quality samples from two globally representa-
tive AGB products (GEDI AGB and CCI AGB). This strategy substantially improved the
performance of the random forest model and generated 10 m resolution urban trees” AGB
maps for 51 C40 cities across Eurasia continent. The results indicate that: (1) after applying
quality control to the target variables, the mean R? of ten-fold cross validation improved
from 0.37 to 0.75, and the MAE decreased substantially from 47.02 Mg/ha to 17.48 Mg/ha;
(2) by enhancing the spatial resolution of AGB maps to 10 m, the resulting products ex-
hibit superior spatial detail, better capture local variations, and maintain greater spatial
continuity compared with the CCI AGB and GEDI AGB datasets; (3) the mean AGB density
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across the Eurasian continent was 39.44 Mg/ha, with total urban tree s” AGB reaching
83.83 x 10° t. Comparison with previous single-city C40 studies shows that our estimated
AGB density and total AGB closely align with previously reported values. The above data
implies that cities carry an undeniable amount of carbon storage, both in terms of carbon
density and total amount. This study provides a robust foundation for accurately assessing
the potential of urban carbon sinks and optimizing the path to achieving carbon neutrality.

Keywords: C40 cities; above-ground biomass; random forest; urban trees; remote sens-
ing mapping

1. Introduction

Cities, being primary contributors to greenhouse gas emissions and hotspots of cli-
mate vulnerability, are increasingly recognized as critical fronts in international climate
governance [1,2]. The C40 Cities Climate Leadership Group (C40) in Eurasia continent
encompasses nearly fifty key global cities, with the goal of advancing emission reduction
efforts, strengthening climate resilience, and accelerating the transition to low-carbon ur-
ban development through inter-city collaboration [3,4]. In this context, urban trees—key
elements of urban ecosystems—are widely regarded by C40 members as vital natural
solutions, owing to their multifunctional roles in carbon sequestration, climate regulation,
and biodiversity protection [5-7]. AGB serves as a fundamental metric for quantifying
the carbon sequestration capacity of urban trees and evaluating their contribution to the
urban carbon cycle [8,9]. Nevertheless, due to limitations in basic data availability and the
precision of current AGB products, accurately estimating AGB at the scale of urban trees
and achieving urban carbon neutrality continue to pose substantial challenges [10].

Currently, AGB data for individual cities are usually obtained through conventional
field measurements, offering high-accuracy estimates at local scales [11]. However, field
measurements are labor-intensive and challenging to scale across large regions, which con-
strains cross-city comparisons and comprehensive analyses [12,13]. In contrast, leveraging
multi-source remote sensing data has emerged as a critical approach to surmounting the
limitations of large-scale urban trees’” AGB assessment [14]. Nevertheless, in the context of
highly heterogeneous and complex urban landscapes, the suitability of different remote
sensing datasets is influenced by multiple limiting factors [15,16]. Optical remote sensing
imagery is commonly affected by clouds and mixed pixels; SAR, a type of microwave
remote sensing, experiences signal distortion in densely built urban areas due to multi-
ple reflections; and LiDAR, capable of precisely capturing vegetation’s three-dimensional
structure, is constrained by limited coverage and high acquisition costs [17-21]. In terms
of data resolution, low-resolution data hinder the ability to capture the heterogeneity of
trees within urban areas. Although several medium- and high-resolution AGB datasets
are available, many lack the consistent spatial coverage necessary for cross-regional analy-
ses [22,23]. In recent years, spaceborne LiDAR has generated AGB estimates (e.g., GEDI
AGB), helping to address the lack of large-scale AGB datasets. Additionally, high-resolution
AGB products derived from multi-source remote sensing fusion (e.g., CCI AGB) provide
reference benchmarks for AGB estimation at regional and global scales [24]. These two
datasets offer critical and complementary support for estimating urban AGB at fine scales
across large geographic regions.

AGB estimation using remote sensing data generally depends on either parametric
or non-parametric modeling approaches [25]. Parametric models are simple and easy to
implement but sensitive to outliers such as parameters of the allometric growth equation



Remote Sens. 2025, 17, 3898

30f21

for the same forest in different growth environments, and often ignore variable correlations;
non-parametric models capture nonlinear relationships between predictors and field mea-
surements, demonstrating superior generalization in large-scale AGB estimation [26,27].
Typical non-parametric approaches include k-nearest neighbors (k-NN), support vector ma-
chines (SVM), and random forest (RF) models [28]. Notably, the random forest model, with
its robust ability to model nonlinear relationships and select relevant features, has demon-
strated high reliability in estimating biomass in forests with complex structures [29,30].
However, the accuracy of model predictions fundamentally depends on the reliability of
the target variable [31]. At present, GEDI AGB data do not provide continuous coverage for
C40 cities across Eurasia continent, and the accuracy of the derived 1 km raster products
relies on the original footprint data. Meanwhile, the 100 m spatial resolution of CCI AGB
products is still inadequate for fine AGB mapping of urban trees [32,33]. Furthermore,
discrepancies between the two datasets at identical locations, coupled with their inher-
ent quality constraints, further complicate accurate AGB estimation. Consequently, we
developed quality-control procedures to select reliable training samples from both the
GEDI AGB and CCI AGB products. These high-quality samples then served as robust
target variables for the random forest model, enabling high-precision inversion of urban
trees” AGB.

In this study, C40 cities across the Eurasian continent were selected as the study area.
Multidimensional indicators—including spectral, textural, and vegetation indices derived
from Sentinel-2A /B imagery—were used as feature variables. High-quality samples were
selected from the GEDI AGB and CCI AGB datasets through quality-control procedures
and subsequently served as target variables for training the random forest model. Model
performance before and after quality control was assessed using ten-fold cross validation,
and high-accuracy urban-tree’s AGB maps were ultimately generated for 51 C40 cities.
The findings can advance the focus of AGB research toward the urban scale and offer a
foundation for assessing the ecological and carbon sequestration functions of urban trees.

2. Data and Methods
2.1. Study Area

The C40 is an international coalition of 96 megacities, each with a population of over
three million [34]. About 53% of C40 cities are situated across the Eurasian continent,
predominantly clustered within 100 km of the coastline in land—sea transitional zones,
forming major coastal urban agglomerations centered on the Pacific Rim and North Atlantic
regions (Figure 1). The region spans diverse landforms—from low-lying coastal plains to
high mountain gorges—and encompasses a wide climatic gradient from tropical rainforests
to tundra (Table S1) [35,36]. Cities in this region, characterized by varied urbanization
levels, broad climatic diversity, and availability of high-quality remote sensing datasets,
offer ideal natural conditions for large-scale evaluation of urban trees’” AGB.

2.2. Data
2.2.1. Remote Sensing Satellite Imagery

This study employed 10 m Sentinel-2A /B Level-2A imagery accessed via the Google
Earth Engine (GEE) platform to extract spectral and textural features and compute vegeta-
tion indices for urban trees analysis. Sentinel-2 images with cloud cover below 5% acquired
between April and November 2020 were prioritized for annual compositing. When imagery
meeting these conditions was unavailable, the cloud cover threshold was relaxed to 10%,
and the nearest available images to the base year (2018-2022) were used as replacements
(Table S2).
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Figure 1. Overview of C40 cities across Eurasia continent.

2.2.2. AGB Data Products

In this study, two global AGB datasets were employed: the 25 m resolution Level 4
AGB product from the Global Ecosystem Dynamics Investigation (GEDI AGB, https:/ /daac.
ornl.gov/cgi-bin/dataset_lister.pl?p=40 (accessed on 25 September 2024 )) and the 100 m
resolution AGB estimates from the European Space Agency Climate Change Initiative (CCI
AGSB, https:/ /climate.esa.int/en/projects/biomass/data/ (accessed on 2 October 2024)).
The GEDI AGB provides detailed information on forest vertical structure with high spatial
precision. The product is processed across four levels, with L3 interpolating L2 footprint
data into 1 km grids, and L4 converting L2 vertical structure parameters into above-ground
biomass density estimates, providing 25 m resolution L4A footprint-level data. The CCI
AGB dataset covers all forest ecosystem types and exhibits high estimation accuracy in high-
biomass regions, providing annual products for 2010 and for the period 2017-2021 [37,38].
The GEDI_AGBD dataset employed in this study spans April to November 2020, while the
CCI AGB dataset corresponds to 2020, ensuring temporal consistency with the Sentinel-
2A /B imagery acquisition period. After applying quality control procedures to both
datasets, high-quality samples within the C40 cities were extracted and used to construct
the target variables for urban trees” AGB inversion.

2.2.3. AGB Data for Urban Trees

According to the ESA WorldCover 2020 global 10 m resolution land cover product
(https:/ /livingatlas.arcgis.com/landcover/ (accessed on 15 September 2024)), the “trees”
category is defined as tall, densely canopied vegetation exceeding 4.5 m in height, including
natural forests, plantations, and mangroves [39]. In addition, the UNFAO-FRA land
classification framework defines biophysical thresholds for canopy cover (FVC), height
(H), and area (S) to differentiate tree categories within urban environments [40]. As this
study targets trees outside forests (TOF) and emphasizes individual-tree vegetation, the
UNFAO-FRA Set-2 biophysical thresholds were simplified to delineate TOF and derive the
urban-tree class used in this study (Method S1). Based on this, pixels representing urban
trees and their corresponding AGB values were extracted to ensure that the selected target
variables correspond specifically to urban trees rather than other land-cover types.
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2.3. Methods
2.3.1. Random Forest Model

The random forest model trains multiple decision trees on randomly selected sub-
sets of features and samples, aggregating their predictions via averaging or voting to
reduce overfitting and enhance model generalization [41,42]. It learns nonlinear predictor—
response relationships at coarse resolutions and then transfers these learned relationships
to finer-resolution predictors [43]. To prevent overfitting and improve generalization,
a grid search was employed to optimize random forest hyperparameters in this study
(Table S3). This study first resampled the Sentinel-2A /B-derived variables from 10 m to
match the original resolutions of the GEDI AGB (25 m) and CCI AGB (100 m) products. Us-
ing the random forest model, this study independently modeled the relationships between
the resampled Sentinel-2A /B variables and each AGB product. The trained models were
subsequently applied to the original 10 m Sentinel-2A /B variables to generate refined AGB
predictions at a 10 m resolution (Figure 2).
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Figure 2. Flowchart of the random forest model.

2.3.2. Multidimensional Feature Variables Extraction

Spectral-derived variables such as vegetation indices, band reflectance, and band
ratios serve as key predictors for estimating tree AGB using remote sensing. How-
ever, their performance can be limited under complex environmental conditions due
to spectral saturation, which hinders accurate predictions [44]. As derivatives of remote
sensing imagery, texture information can reveal spatial arrangement patterns and mor-
phological differences of features from micro- to macro-scales and has increasingly be-
come a key auxiliary variable for AGB estimation [45]. Using Sentinel-2A /B imagery on
the GEE platform, this study calculated 46 vegetation indices reported in the literature
(Table S4) [46-76]. and Eight categories of GLCM texture features were also extracted from
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10 spectral bands as well as a fused grayscale band (Table S5). Moreover, previous studies
have shown that incorporating forest canopy height into optical remote sensing imagery
for biomass estimation can significantly improve AGB prediction accuracy [49]. Therefore,
the fused tree canopy height data (TCH) with 10 m resolution independently constructed
by our team were used as an auxiliary feature variable (Method S2). By integrating the
13 original Sentinel-2 spectral bands, the fused grayscale band, a feature sample library
containing 149 variables was ultimately established (Table S6).

To minimize the introduction of unnecessary noise from high-dimensional predictors,
this study applied the Boruta feature-selection algorithm to the initial set of 149 variables.
Based on the mean importance scores derived from 30 iterations, 32 feature variables were
retained as input variables for the random forest model. Among them, B9, B1, and B10 from
the original Sentinel-2 imagery ranked as the top three most important features (Table 1).

Table 1. Feature variables input to the random forest model.

Variable Types Variable Components Number
Vegetation Indices MDNVI, AGRI, WDRVI, NG 4
Sentinel-2 raw bands B1, B2, B9, B10, B11, B12 6

B6_IDM, B8_IDM, B2_VAR, B11_VAR,

B12_VAR, B8_DISS, B11_DISS,

B12_DISS, B2_CON, B8_CON,
Texture features B12_CON, B11_CON, B2_SAVG, 21

B3_SAVG, B4_SAVG, B5_SAVG,
B7_SAVG, BSA_SAVG, B11_SAVG,
B12_SAVG, Gray_SAVG

Other TCH 1

Total 32

2.3.3. Quality Control Procedures Construction

Given that AGB datasets containing systematic bias can distort the statistical rela-
tionships between predictor and target variables, which may amplify prediction errors
and increase sensitivity to local noise [77,78]. In addition, mixed-pixel effects merge sig-
nals from multiple land-cover components and weaken the generalization capacity of
machine-learning models [79]. To address these issues, this study developed quality-
control procedures to extract high-quality AGB samples from the GEDI AGB and CCI AGB
products to support large-scale AGB mapping (Figure 3):

(1) Land Cover Data Masking: Using the “trees” category from the ESA WorldCover
2020 global 10 m resolution land cover product, GEDI AGB and CCI AGB data were
masked. CCI AGB values corresponding to the masked GEDI footprint points were
then extracted.

(2) Quality Control Layer Constraints: Based on the GEE platform, core parameters
from the GEDI L4A dataset—including agbd, agbd_se, 14_quality_flag, and degrade_flag
inherent in the quality data—were extracted. Target variables with a relative standard
error (RSE = agbd_se/agbd) exceeding 30% were first removed, and outliers flagged with
14_quality_flag = 0 were subsequently excluded.

(3) Training Data Cleaning: Outliers in the target variables were identified and re-
moved based on the interquartile range (IQR) calculated using the boxplot method [80]. At
the same time, all 46 vegetation index features were standardized to remove the effect of
scale differences on model performance.

(4) Training Data Mutual Validation: Under the assumption that AGB estimates follow
a normal distribution, the values from each dataset are expected to fluctuate around the
true biomass at a given pixel [81]. To systematically identify samples with relatively high
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consistency between the two datasets, following the above steps, we treated each dataset
in turn as the reference variable and calculated the ratio between the two target variables
at each pixel. When this ratio exceeded 90%—indicating that the deviation between the
two datasets was within 10%—the corresponding denominator variable was identified as a
high-quality sample.

TR | - i
2 | 3 2 [
s e | 8
; SR & (é:
__Entro Dissimilaril §
' | " o ./ ?.i.-l ; 't ‘l‘
o
Tree height data é 10m AGB map
&
8 Random Forest
—_— Above-ground
- - = Biomass
ﬂ City boundaries and GEDI 0% I .
AGB footprint constraints & nversion
:
(@ Quality control layer %:_'
constraints | &
- 2
@ Training data cleaning 5 AGB and its density
J
8 calculation
. ( /A Land cover data masking and ?;
kCCI AGB /) ||% mutual verification JRN _o_/ \ J

Figure 3. Research flowchart.

2.3.4. Model Accuracy Evaluation

Ten-fold cross validation partitions the original dataset into 10 subsets, iteratively
using nine subsets for training and one subset for testing [82]. This procedure is repeated
until each subset has served as the test set, and the mean of the ten results is taken as the
overall evaluation of the model’s performance [83]. In this study, ten-fold cross validation
was employed to assess the predictive performance of the model, with the coefficient of
determination (R?) and mean absolute error (MAE) used as the primary accuracy metrics.

3. Results
3.1. Comparison of Target Variable Quality Control Results

Applying quality control procedures to the CCI AGB and GEDI AGB datasets sub-
stantially enhanced the performance of the random forest model for AGB inversion. To
assess the improvement in model accuracy following quality control, two sets of target
variable datasets were created. First, the preprocessed GEDI AGB and CCI AGB datasets
were clipped to the boundaries of the C40 cities, and CCI AGB values were extracted at the
corresponding GEDI footprint locations; these datasets were then used independently as
target variables to construct the initial training datasets. Second, the high-quality samples
obtained from the GEDI and CCI AGB datasets through quality-control procedures were
used to form the quality-controlled training datasets. When using only the initial training
datasets, the ten-fold cross validation results showed that the model achieved R? = 0.37
and MAE = 47.02 Mg/ha when using CCI AGB as the target variable, and R? = 0.21 and
MAE = 40.76 Mg/ha when using GEDI AGB as the target variable (Figure 4). The model
accuracy was notably below the baseline level (R? = 0.68), with persistently high prediction
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errors, suggesting that directly using the raw target variables cannot yield satisfactory
estimation accuracy. When using the quality-controlled training datasets, ten-fold cross
validation revealed that when CCI AGB data were used as the target variable, the R? of the
random forest model markedly increased to 0.75 and the MAE decreased to 17.48 Mg/ha;
with GEDI AGB data as the target variable, R? improved to 0.28 and MAE declined to
30.14 Mg/ha (Figure 5). The above results indicate that the high-quality samples selected
through quality control substantially enhanced the fitting accuracy and predictive stabil-
ity of the random forest model, offering a robust data foundation for the high-precision
mapping of urban trees” AGB in subsequent analyses.
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Figure 5. Ten-fold cross validation of simulation results after quality control.

3.2. Assessment of Urban Trees” AGB Density and Total AGB

The mean AGB density of urban trees in C40 cities across the Eurasian continent
reached 39.44 Mg/ha, with substantial regional variations observed among cities (Figure 6a).
In the Central East Asia, the average AGB density is 40.65 Mg/ha, ranging from a minimum
of 29.16 Mg/ha in Dalian to a maximum of 64.63 Mg/ha in Shenzhen. Among all regions,
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the South and West Asia exhibited the lowest average AGB density, measuring 31.98
Mg/ha. At the urban scale, Mumbai exhibited the highest AGB density at 40.97 Mg/ha,
while Bangalore recorded just 25.51 Mg/ha, the lowest value both within the region and
across the entire study area. In Europe, the average AGB density was 40.77 Mg/ha,
with Madrid recording the lowest value at 26.28 Mg/ha and Stockholm the highest at
59.93 Mg/ha. In East and Southeast Asia, the average AGB density reached 43.81 Mg/ha,
representing the highest value among the four Eurasian regions. Within the region, Ho
Chi Minh recorded the lowest AGB density at 33.78 Mg/ha, while Yokohama exhibited the
highest at 65.74 Mg/ha, making it the densest city among all C40 cities. Analysis of the
spatial distribution of AGB density in cities with extreme values shows that Yokohama’s
high-density areas form multiple clusters, low-density areas are relatively sparse, and the
city exhibits a generally high overall density (Figure 6b). By comparison, Bangalore’s city
center displayed markedly low AGB density, with few high-density zones and a clear
pattern of clustered low-density areas (Figure 6¢).
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Figure 6. Results of urban trees” AGB density in the study area. (a) AGB density distribution along
with the regional mean values; (b) spatial distribution of AGB in Bangalore, the city with the lowest
density; (c) spatial distribution of AGB in Yokohama, the city with the highest density.

The cumulative AGB of C40 cities on the Eurasian continent reached 83.83 x 10°
t, with inter-city differences as high as 8.26 x 10° t (Figure 7). Across a total area of



Remote Sens. 2025, 17, 3898 11 of 21

4117.79 km?, the 11 C40 cities in the South and West Asia collectively contributed
5.23 x 10° t of AGB, representing the lowest total among all regions. In this region,
Dubai exhibits the lowest total AGB of 0.09 x 10° t, whereas Delhi reaches the highest
value of 1.37 x 10° t. With a comparable number of cities (10), East and Southeast Asia
accumulated a total AGB of 8.87 x 10° t. Within the region, Quezon recorded the lowest
AGB at 0.21 x10° t, while Bangkok exhibited the highest at 1.75 x 10° t. Despite including
only 13 C40 cities, Central East Asia accumulated a total AGB of 48.70 x 100 ¢, making it
the highest among the four regions. Within this region, Beijing exhibited the highest AGB
at 8.42 x 10° t among all C40 cities in Eurasia continent, whereas Hong Kong’s AGB was
merely 0.59 x 10° t. Europe hosts the most C40 cities (17 in total), accumulated a total of
21.04 x 10° t of AGB across roughly 10,115.97 km?. Heidelberg registered the lowest total
AGB at 0.06 x 10° t both regionally and among all cities in the study, whereas London
exhibited the highest AGB within the region at 3.83 x 10° t.
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Figure 7. Results of urban trees” AGB in the study area.

3.3. Comparison of Spatial Mapping Details for Urban Trees” AGB

At the scale of individual cities, the AGB maps produced in this study demonstrated
superior spatial detail, enhanced detection of local variations, and greater spatial continuity
compared with CCI AGB and GEDI AGB datasets (Figure 8). The distribution of urban
trees varies markedly due to the combined effects of geographic conditions and urban
development planning, consequently shaping the AGB of individual cities [84,85]. To
systematically evaluate the applicability of the AGB mapping results across different
urban environments, representative cities from various climate zones were selected for
comparative analysis against CCI AGB and GEDI AGB datasets. In tropical cities such as
Bangkok and Kuala Lumpur, dense urban structures lead to trees being scattered or forming
small patches. Under these conditions, CCI AGB captures only a limited number of pixels,
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while GEDI AGB lacks spatial continuity. In comparison, the AGB mapping developed in
this study enables complete extraction of green spaces and accurately identify scattered
trees in densely built-up areas. In the subtropical cities of Athens and Tokyo, which feature
complex internal ecological landscapes, CCI AGB showed slightly better performance
in Tokyo but provided limited detail; GEDI AGB was affected by pixel gaps and coarse
resolution, while the AGB mapping in this study effectively captured subtle variations in
tree density. In cities with extensive suburban tree coverage, including Beijing and London,
the two datasets showed limitations in delineating tree distributions along rivers and
major roads and in representing internal density variations. In contrast, the AGB mapping
developed in this study enables comprehensive delineation of trees’ linear distribution
features while precisely capturing their internal spatial heterogeneity. Overall, the AGB
mapping developed in this study achieves high accuracy in both densely urbanized areas
and tree-abundant suburban zones, markedly surpassing existing AGB datasets in detailing
fine-scale features and capturing spatial heterogeneity.
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Figure 8. Comparison of AGB mapping developed in this study against CCI AGB and GEDI AGB.

4. Discussion
4.1. Comparison of AGB Estimates and Mapping Accuracy with Previous Studies

Comparative analysis with existing urban studies indicates that this study shows
high consistency in both total biomass and density estimates. The results of this study
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were compared with existing research data covering 12 cities, including Berlin, London,
and Beijing. Given that the spatial extents of previously published AGB estimates differ
substantially from the areas delineated in this study, the reported AGB values were recal-
culated using an area-weighted adjustment to eliminate comparison bias (Table 2). The
results indicate that, in terms of AGB, this study estimated 1.15099 x 108 t for Beijing, while
previous research reported 1.14777 x 108 t, with a difference of only 0.003 x 10% t [86,87]. In
contrast, the AGB estimated for Chengdu in this study is 3.6969 x 10° t, while that reported
in previous research is 8.3556 x 10° t, with an error of approximately 4.66 x 10° t [88].
This discrepancy is primarily attributed to the much larger spatial extent considered in
the previous study (16,419 km?) compared with this study (1150.99 km?), which included
extensive non-urban forested areas. In addition, Chennai and Nanjing were not included in
the complete comparison because of data unavailability or unclear area definitions [89,90].
Regarding AGB density, the estimated value for Beijing in this study (36.81 Mg/ha) closely
matches that of previous research (34.24 Mg/ha), with a relative deviation of merely
2.57 Mg/ha [91]. In contrast, Shenzhen shows a larger difference, with this study estimating
64.63 Mg/ha compared to 89.88 Mg/ha reported previously, representing a discrepancy of
approximately 25.25 Mg /ha [92,93]. Some cities, such as Chengdu (36.98 Mg/ha compared
with 23.42 Mg/ha) and Nanjing (40.29 Mg/ha compared with 33.84 Mg/ha), exhibited
slightly larger differences, mainly due to variations in model assumptions and estimation
principles between allometric equations and machine learning approaches [88,90]. The
above results indicate that the multi-city AGB inversion based on remote sensing data in
this study is highly consistent with measured data from individual cities. This not only
validates the high-accuracy inversion capability of the method under conditions of limited
ground observations, but also highlights its strong applicability across cities. Despite efforts
to broaden the comparison by incorporating additional cities from multiple world regions,
published studies providing city-level AGB estimates specifically for urban trees remain
scarce. Consequently, the comparison set exhibits regional clustering and may not fully cap-
ture the heterogeneity of global urban environments. As more comparable city-scale AGB
datasets become available, future research should incorporate a more regionally balanced
set of reference studies to enable a more comprehensive assessment of methodological
applicability across diverse urban contexts.

Table 2. Comparison of AGB and AGB density between this study and other C40 city studies.

This Study Other Studies
AGB Weighted AGB
City  Area (km?) (‘i‘(ﬁ% Density (‘i:‘;fza) AGB Density Ref.
(Mg/ha) (10* t) (Mg/ha)
Beijing 4863.77 1150.99 36.81 16,410.00 1147.77 34.24 [86,87,91]
Berlin 552.35 310.45 46.65 890.00 348.39 - [94]
Chengdu 1718.46 369.69 36.98 5662.33 835.56 23.42 [88]
Chennai 190.83 31.40 32.06 176.00 - 36.80 [89]
Hangzhou 2191.93 456.32 40.16 1766.97 277.24 34.76 [95]
London 1379.71 613.96 41.70 21.80 696.17 51.70 [12]
Nanjing 1638.10 391.77 40.29 - 271.40 33.84 [8629817]’90’
Paris 104.92 26.08 53.83 104.92 45.88 43.73 [96]
Seoul 495.23 107.59 47.43 39.6 150.07 - [97]
Shanghai 4136.65 842.00 41.54 688.00 - 47.80 [98]
Shenzhen 1344.70 590.55 64.63 1997 .47 665.52 89.88 [88,92,93]
Singapore 112.71 24.43 39.10 - - 32.88 [99]
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To further evaluate the accuracy of the AGB products developed in this study, we
searched for comparable datasets with similar spatial resolution. However, most publicly
available AGB maps covering all C40 cities are of relatively coarse resolution, whereas
high-resolution products are typically commercial and difficult to obtain, leaving very
few datasets suitable for direct comparison. Through a literature review, we identified
two published high-resolution AGB maps of Europe. The first dataset, produced by
Liu et al., provides 30 m AGB maps generated from 3 m nanosatellite imagery across
Europe [100]. The second dataset, produced by Jukka et al., offers a 10 m AGB map
developed using species-specific Pan-European timber volume and AGB information
derived from 14 National Forest Inventories comprising about 151,000 field plots [101].
Comparing the three AGB maps reveals that the Jukka map provides weaker spatial detail
and coherence than both our map and the Liu map (Figure 9). In contrast to the Liu map,
our map maintains strong agreement in the overall spatial patterns of urban trees” AGB. At
the same time, it more accurately captures the dispersed distribution of urban trees within
densely built-up areas, as well as the linear or ring-shaped patterns shaped by major roads,
rivers, and terrain. Moreover, compared with the deep learning approach employed by Liu
et al., the random forest model used in this study achieves relatively higher accuracy while
relying on a simpler methodology.

Oslo London Lisboa Berlin Athens

Esri image

This study ?

Liu map

Jukka map

High

Figure 9. Comparison of the 10 m AGB maps generated in this study with other 10 m AGB maps
across European cities.

4.2. The Necessity and Potential Limitations of Accurately Estimating Urban Trees” AGB

The L4-level GEDI AGB product offers 25 m resolution but is limited to footprint
points and lacks continuous spatial coverage, whereas the L4A-derived raster product,
with 1 km resolution, cannot meet the requirements for high-resolution AGB estimation
of urban trees [96,102]. Similarly, despite the 100 m resolution of the CCI AGB dataset,
smoothing effects at the local scale limit its ability to resolve fine variations in urban
trees” AGB [103-105]. This study achieved 10 m-level cross-regional mapping accuracy,
effectively preventing the omission of small or sparsely distributed urban trees due to scale
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constraints. Moreover, the methodological framework established in this study—combining
multi-source remote sensing data with rigorous quality control—exhibits strong scalability
and can be extended to multiple cities, providing a solid basis for systematic comparisons
of urban trees” AGB across different regions. On this basis, the total AGB of urban trees
across the study area was estimated at 83.83 x 10° t, markedly surpassing Canada’s
national urban forest AGB (67.96 x 10° t) and exceeding Albania’s total national AGB
(72.97 x 10° t) [106,107]. This suggests that urban trees, as a critical element of regional
carbon sinks, play a pivotal role in boosting carbon storage and facilitating progress
toward regional carbon neutrality. Despite urbanization encroaching on farmland and
some forested areas, forests maintain substantially higher carbon density per unit area
compared with farmland, grassland, water bodies, and unused land, with urban trees
alone comprising approximately 97% of total urban AGB [108,109]. This not only indicates
that optimizing urban spatial layout and increasing forest cover can significantly enhance
the carbon storage capacity of future urban ecosystems, but also further suggests that
incorporating urban trees into carbon accounting frameworks helps improve the scientific
rigor and accuracy of urban carbon stock assessments.

Currently, field-based measurements of urban tree AGB in C40 cities are relatively
scarce [23]. Large-scale estimation largely relies on globally available AGB datasets-such
as GEDI AGB and CCI AGB-which provide extensive spatial coverage and are suitable
for machine-learning applications. By applying quality control to GEDI AGB and CCI
AGB datasets, this study established a highly reliable sample set, thereby partially mitigat-
ing the constraints imposed by the limited availability of large-scale field measurements
data. Nevertheless, incorporating accurate field measurements remains indispensable
for further enhancing the reliability of the results generated in this study. At the same
time, thoroughly investigating how uncertainties in input variables propagate through the
random forest model represents an important avenue for methodological improvement
in future research. In addition, current research frequently relies on vegetation-sensitive
optical remote sensing imagery for AGB estimation, which, however, cannot directly pro-
vide information on vegetation structure or non-optical characteristics [18,110]. Moreover,
compared with natural ecosystems, urban vegetation exhibits fine-scale heterogeneous
distribution patterns, and building shadows interfere with spectral signals, causing distor-
tion in the Normalized Difference Vegetation Index (NDVI) and leading to error rates of
30-50% in traditional optical remote sensing models [111]. Future research should integrate
multi-source data and incorporate non-optical remote sensing indicators to construct a
multi-dimensional urban AGB inversion database, aiming to enhance the simulation of
vegetation physiological processes.

5. Conclusions

The precise estimation of urban trees” AGB is crucial for evaluating regional car-
bon budgets and maintaining ecosystem balance. Focusing on 51 C40 cities in Eurasia
continent, this study applied quality control strategies to optimize a RF model, enabling
high-resolution, large-scale inversion of urban trees” AGB. On this basis, AGB density and
total AGB were further calculated, and the estimates were compared with existing study
data. In terms of model performance, this study fully leveraged multi-source remote sens-
ing data and applied stringent quality control to select highly reliable samples. Ten-fold
cross validation yielded a mean R? increase from 0.37 to 0.75 and a reduction in MAE
from 47.02 Mg/ha to 17.48 Mg/ha, substantially improving both model fit and predic-
tive accuracy. For AGB accounting, the average AGB density of C40 cities in Eurasian is
39.44 Mg/ha, with a total AGB of 83.83 x 10 t. In terms of AGB density, East and Southeast
Asia show the highest regional average at 43.81 Mg/ha, whereas those in South and West
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Asia exhibit the lowest at 31.98 Mg/ha. As for total AGB, the East and Southeast Asia
(8.87 x10° t) and South and West Asia (5.23 x10° t) fall below the regional mean, whereas
the Central East Asia records the highest total at 48.70 x10° t. Furthermore, comparative
analyses with existing single-city C40 studies, the errors in AGB, and AGB density in
this study remain within acceptable bounds. Based on existing AGB data products, this
study developed a systematic data preprocessing and accounting framework, enabling
10 m-resolution high-precision mapping of urban trees’” AGB. Collectively, the proposed
framework in this study can be confidently applied for large-scale, fine-resolution AGB map-
ping of urban trees’” AGB across heterogeneous urban environments, supporting regional
carbon accounting, urban forestry planning, and urban ecosystem function evaluation.
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Outside Forests (TOF) data extraction; Method S2: 10-m Canopy Height Data Construction; Figure S1:
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