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Highlights

What are the main findings?

e A 10 m species-level aboveground carbon (AGC) mapping framework was developed
coupling Sentinel-1/2 and the random forest (RF) algorithm, enabling fine-scale carbon
monitoring during canal construction.

o  Total AGC decreased by 16.88%, dominated by losses from Eucalyptus grandis, yet the
rebound of Pinus massoniana, carbon gain of Litchi chinensis and other native species
effectively offset 34.45% of the carbon loss in the buffer area.

What are the implications of the main findings?

e  Spatial AGC patterns reveal the Environmental Impact Area (EIA) as the disturbance
core, while the Ecological Buffer Area (EBA) functioned as a carbon stabilizer, guiding
targeted restoration planning.

o  This study provides quantitative evidence for green engineering efficacy and supports
SDG 15 by enabling precise monitoring of low-carbon infrastructure.

Abstract

Monitoring spatiotemporal dynamics of aboveground carbon (AGC) storage at the tree
species level is crucial for evaluating the ecological impacts of large-scale infrastructure
projects and facilitating accurate ecological environmental management. However, existing
studies heavily rely on interannual coarse-spatial-resolution forest-type products, leading to
significant uncertainties in carbon estimation, particularly in fragmented linear engineering
zones. This study integrated Sentinel-1/2 data with a random forest (RF) model to map
tree species distribution (overall accuracy = 85.18%; Kappa = 0.8319) and AGC estimation
(R? = 0.7057; RMSE = 13.35 Mg ha~!) at a 10 m resolution in the Pinglu Canal Basin from
2019 to 2024. The results revealed a total AGC decline of 16.88% across the watershed.
Spatially, the Environmental Impact Area (EIA) functioned as the primary disturbance core
(experiencing a 28.91% loss), while the Ecological Buffer Area (EBA) acted as a regional
carbon stabilizer. At the species level, while Eucalyptus grandis accounted for the majority
of carbon depletion, Pinus massoniana exhibited a resilience-driven rebound in the mid-
construction phase. Meanwhile, Litchi chinensis and other native species demonstrated
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steady gains. Cumulatively, these species-specific carbon gains associated with natural
growth and restoration initiatives effectively offset 34.45% of the carbon loss. These findings
provide quantitative evidence supporting the potential of green engineering to mitigate the
ecological footprint of infrastructure development. This study offers a robust monitoring
tool for low-carbon infrastructure and directly supports the United Nations Sustainable
Development Goal 15 (SDG 15) related to forest conservation and ecological restoration.

Keywords: aboveground carbon storage; tree species level; green engineering; random
forest; multi-source remote sensing fusion; Pinglu Canal

1. Introduction

Forests represent the largest carbon reservoir in terrestrial ecosystems, storing approx-
imately 50% of terrestrial carbon and playing a vital role in mitigating climate change [1,2].
Quantifying the dynamics of aboveground carbon (AGC) serves as the fundamental ba-
sis for evaluating ecosystem service functions and represents a critical scientific issue in
analyzing the mechanism through which human activities influence the ecological envi-
ronment [3]. The United Nations Sustainable Development Goal 15 (Life on Land) plays a
crucial role in promoting sustainable forest management, averting biodiversity loss, and
rehabilitating degraded landscapes. This goal is of great significance in tackling the urgent
environmental challenges confronted at present. However, rapid infrastructure expansion
continues to destroy forest composition and deplete carbon stocks through vegetation
clearance and soil disturbance [4]. Especially for riparian zones and canals, which are linear
ecosystems with heterogeneous geomorphic units, construction causes the forest ecosystem
to experience rapid and complex structural changes. The measure of green engineering,
integrating ecological restoration into infrastructure design and construction, has therefore
emerged as a key pathway to reconcile development with carbon neutrality goals [5]. Yet,
dynamic change in forest carbon under the influence of green engineering, particularly
at the tree species level, remains poorly quantified. The Pinglu Canal Project in southern
China represents a flagship case of green engineering [6,7]. This project integrates ecological
slope protection, native forest restoration, and riparian vegetation rehabilitation, creating
a unique ecological experiment for studying the carbon dynamics of forest ecosystems
under the combined disturbances of engineering construction and ecological restoration in
linear infrastructure.

Traditional approaches to estimating forest carbon stocks primarily rely on destructive
field sampling and allometric equations, which are labor-intensive and spatially discon-
tinuous [8,9]. In recent decades, rapid advancements in remote sensing technologies have
revolutionized AGC estimation, enabling consistent, high-resolution mapping at regional
to global scales [10]. Optical sensors such as Landsat and Sentinel-2 provide information on
canopy reflectance and vegetation indices (e.g., NDVI, EVI, and NBR) to infer biomass and
carbon storage, but they are limited by cloud contamination, atmospheric interference, and
spectral saturation in dense canopies, which can reduce the accuracy of biomass estimation
in subtropical forests. Radar sensors (e.g., Sentinel-1 or ALOS PALSAR) can penetrate cloud
cover and complement optical data by capturing canopy structure, allowing all-weather
and continuous AGC monitoring [11], yet their performance can be affected by speckle
noise and topographic effects. Airborne and spaceborne Light Detection and Ranging
(LiDAR) missions (e.g., GEDI or ICESat-2) offer direct measurements of canopy height and
vertical structure [12], but the high cost and sparse coverage of LiDAR data also constrain
large-scale applications [13]. Recent studies emphasize multi-source data fusion, integrat-
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ing optical, radar, and LiDAR datasets to leverage their complementary strengths [14,15].
The fusion of Sentinel-1 Synthetic Aperture Radar (SAR) with Sentinel-2 multispectral data
effectively mitigates the saturation limitations of optical indices, while LiDAR provides
critical vertical structural information that enhances model accuracy [16]. Furthermore,
multi-source fusion faces challenges related to sensor resolution inconsistency and data
pre-processing complexity. Because different remote sensing techniques possess advantages
and limitations, the integration of these techniques, along with their combination with
direct ground measurements and topographic data, is integral for optimizing the accuracy
and precision of carbon estimations across space and time.

Machine learning techniques, which operate without strictly pre-defined functional
forms, have been extensively applied in various fields such as land use classification,
tree species identification, and remote sensing inversion [17-19]. These techniques ex-
hibit superiority in discerning complex pattern associations between carbon variables and
spatial-spectral characteristics through adaptive learning processes [20]. They showed
substantial potential for advancing inversion modeling in carbon estimation like random
forest (RF) [21-23], K Nearest Neighbors (KNN) [24,25], and Extreme Gradient Boosting
(XGBoost) [26,27]. In contrast, RF exhibits the capability to process multi-source data,
demonstrates robustness in the face of noise and overfitting, and shows insensitivity to
multicollinearity through its random feature subspace mechanism [28]. The proven ad-
vantages of RF algorithms in terms of accuracy and reliability have positioned them as
the most extensively adopted and favored approach for evaluating aboveground carbon
storage through remote sensing. Although the integration of remote sensing data and
machine learning algorithms presents notable advantages in large-scale carbon stock esti-
mating, this approach has limitations in generating spatially detailed estimations of forest
carbon storage.

It should be noted that when integrating forest carbon estimation with forest type
identification and classification datasets, the complementary advantages of these two as-
pects can be comprehensively utilized to generate aboveground carbon stock estimations at
the tree species level. However, many studies often simply divide the study area into forest
and non-forest areas relying on some already-existing and public land cover products [29],
or classify forests only into broad functional types (e.g., broadleaf, coniferous, or mixed
broadleaf—conifer forest) rather than species-level taxonomy [30]. Significant disparities in
carbon sequestration capacity among tree species [31], coupled with variations in growth
characteristics, biomass distribution, and disturbance resistance, result in remarkably dif-
ferent carbon responses under disturbance [32,33]. For canal construction, accurate species-
level AGC estimation offers crucial insights for precisely evaluating carbon storage changes
under engineering projects and formulating effective carbon management strategies.

To address the absence of refined species classification and carbon assessment in
linear infrastructure zones, this study aims to conduct fine-scale monitoring and quantify
the dynamic changes in forest carbon under green engineering initiatives. By synergizing
Sentinel-2 multispectral data and Sentinel-1 SAR with the RF algorithm, the specific research
objectives are to (a) accurately map the spatial distribution of dominant tree species within
the Pinglu Canal Basin at a 10 m resolution; (b) quantify the spatiotemporal evolution
of aboveground carbon stocks across three construction phases (pre-construction in 2019,
early construction in 2022, and mid-construction in 2024) and two distinct spatial scales
(the Environmental Impact Area [EIA] and the Ecological Buffer Area [EBA]); and (c) assess
the specific contributions of diverse tree species to carbon recovery and evaluate the
effectiveness of green engineering. Ultimately, this research provides quantitative evidence
supporting the development of low-carbon infrastructure and offers scientific guidance for
sustainable canal management.
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2. Materials and Methods
2.1. Study Area

The Pinglu Canal is located in Guangxi, China, with a total length of 134.2 km. It starts
from Pingtang Estuary of Xijin Reservoir area, Hengzhou City, Nanning, flows through
Lingshan County, and enters Beibu Gulf via Qinjiang River. The Pinglu Canal is the first
canal project connecting river and sea in China since 1949 and is also the land-sea ecological
corridor in the west district of China (Figure 1). The geographical position of the buffer
zone covers 108°32'-109°04'E and 21°44/-22°39'N. The overall topography of the canal
watershed slopes downward from north to south. Elevation ranges from 47 m below sea
level to 371 m above sea level, resulting in a maximum north-south elevation difference of
approximately 400 m. The construction of the canal commenced in 2022, and it is anticipated
to be officially opened for navigation by the end of 2026. The watershed encompasses
diverse land cover types, including built-up areas, water bodies, cropland, grassland, and
forest. Forests are dominant as the primary land cover type, making up approximately
34% of the watershed area (according to the 2019 official forest inventory statistics), and
they play a crucial role in regulating the local ecological environment and microclimate.
The main forest types are evergreen broadleaved and needle-leaved forests, composed
of four main tree species, namely, Eucalyptus grandis, Pinus elliottii, Pinus massoniana, and
Litchi chinensis, and other trees representing over thirty species.
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Figure 1. Geographical overview of the study area and field survey details. (a) Location of the
Guangxi Zhuang Autonomous Region within China. (b) Location of the Pinglu Canal Basin within
Guangxi. (c) Detailed spatial distribution of the study area, delineating the Ecological Buffer Area
(EBA) (red boundary) and the Environmental Impact Area (EIA) (yellow boundary). Green markers
indicate the distribution of forest sampling areas. (d) Representative field sample plots of the
dominant tree species.

The canal project operates under a core mandate of ecological respect and conservation
priority. The “green engineering” concept integrates strategic measures to safeguard and en-

https://doi.org/10.3390/1s18030475


https://doi.org/10.3390/rs18030475

Remote Sens. 2026, 18, 475

50f23

hance forest carbon sinks, encompassing ecological restoration, compensatory afforestation,
and resource circularity. These actions collectively reinforce the resilience of the regional
forest carbon pool. The construction of the Pinglu Canal commenced in 2022, with multiple
ecological restoration projects being carried out simultaneously alongside canal develop-
ment, including forest compensation covering 2884.66 hectares, ecological slope protection
spanning 322.78 hectares, and landscape greening covering 22.41 hectares. As of October
2024, approximately 50% of the ecological restoration projects have been completed. This
area provides an ideal study area for exploring the evolution of tree-species-level AGC at
the canal scale under green engineering initiatives.

To explicitly assess the gradient of engineering impacts and carbon dynamics, the
study area was spatially stratified into two functional zones. The Environmental Impact
Area (EIA) is defined as a linear corridor that extends 1 km on either side of the canal. It
represents the core disturbance zone exposed to direct engineering activities, including
channel excavation, embankment construction, and infrastructure development. The
Ecological Buffer Area (EBA) encompasses the broader hydrological catchment surrounding
the canal, functioning as a regional ecological barrier and a comparative background for
evaluating ecosystem stability. The boundaries were demarcated based on hydrological
principles, utilizing the HydroSHEDS watershed dataset (hybas_as_lev12_vlc) and the
pour point dataset (hybas_pour_lev12_v1_shp). Watershed extraction was carried out
using the Watershed Tool in ArcGIS Pro (Version 3.0, Esri, Redlands, CA, USA).

2.2. Datasets
2.2.1. Satellite Imagery Acquisition and Processing

The end of the growth period (September and October), when forest biomass reaches
its annual peak, is generally considered optimal for monitoring and assessing forest growth
conditions. Harmonized Sentinel-2/MSI Level-2A surface reflectance imageries were ac-
quired on the Google Earth Engine (GEE) platform from September to October in 2019, 2022,
and 2024. Subsequently, cloud detection was performed on the remote sensing imageries
for these two months in three years using the QA60 and MSK_CLDPRB index layers.
Following cloud detection, a median composite imagery was generated from all available
dates. Nine multispectral bands were collected, including 10 m resolution bands (B2, B3, B4,
and B8) and 20 m resolution bands (B5, B6, B7, B8A, and B11). The 20 m resolution bands
were then resampled to 10 m spatial resolution with cubic convolution interpolation.

In addition, Sentinel-1 Ground Range Detected (GRD) data were acquired on the same
dates. The data, acquired in Interferometric Wide Swath mode with dual polarization (VH
and VV) at C-band (5.3 GHz) via the GEE platform, had a 10 m resolution and an average
incidence angle of 37.6. All polarimetric data were converted to backscattering coefficients,
ranging from 0 to 1. Together with the multispectral imagery, all datasets were reprojected
to the Albers Equal-Area Conic projection to facilitate subsequent area calculations within
the study region. The integration of distinct physical dimensions, including optical spec-
tra, SAR structural backscatter, and topographic variables, provides unique information,
guaranteeing the comprehensive capture of complex, nonlinear vegetation dynamics.

2.2.2. Field Data Collection

Field measurements of forest structure parameters were conducted from September
to October 2024. The forest survey, as illustrated in Figure 1, involved 37 square plots,
each measuring 25 m X 25 m. These plots were distributed from the canal’s upstream
to its estuary and were surveyed between September and October 2024, encompassing
the full tree species diversity known in the study area. Within each plot, tree structural
parameters were measured, including diameter at breast height (DBH), tree height (H), and
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tree species. Additionally, a handheld Real-Time Kinematic (RTK) device (E93, CHCNAYV,
Shanghai, China) was employed to record the geographic coordinates of every tree mea-
sured for structural parameters within each plot, benefiting the high-precision matching
with satellite imagery.

The Forest Resources Management (FRM) imagery is a multi-objective cyclic inventory
for national and large-scale assessment of forest resources [34]. The imagery attains an
accuracy of up to 0.0001 hectares, with a precision exceeding 95%, which is acquired
through the cross-verification of multi-source data, encompassing high-resolution satellite
images, high-precision unmanned aerial vehicle (UAV) images, the National Land Resource
Survey, and ground field surveys. The FRM data of Guangxi in 2019 were employed to
generate training and testing samples through visual interpretation to delineate tree species
categories and diverse land cover for the subsequent random forest classification.

2.3. Methods
2.3.1. Overall Technique Flowchart

This study proposes an integrated framework for carbon storage estimation at the
canal scale, with the detailed technical workflow illustrated in Figure 2. The framework
comprises three core components: (1) dataset acquisition and processing, (2) refined tree
species classification, and (3) carbon storage mapping. Methodologically, multispectral
Sentinel-2 images from September to October in the years 2019, 2022, and 2024 were
collected. Cloud detection was performed using the QA60 band and S2 cloud probability
product, followed by median compositing. The composited data were uniformly resampled
to 10 m spatial resolution and reprojected to the Albers equal-area conic (AEAC) projection
to ensure precise pixel-area calculations. Additionally, Sentinel-1 VV and VH polarimetric
data for the same period were median-composited and identically reprojected to the AEAC
projection. For carbon storage modeling at the pixel scale, structural parameters, including
tree height, diameter at breast height (DBH), and species of over 4000 individual trees,
were utilized. Meanwhile, species-level training samples for random forest classification
were generated from Forest Resources Monitoring (FRM) imagery, enabling quantitative
analysis of carbon storage changes at the tree species level in the canal region.

2.3.2. Feature Extraction

Drawing upon extensive previous research in forest remote sensing [14,35], it is estab-
lished that optimal classification and carbon storage inversion do not require an exhaus-
tive list of indices but rather a curated set of physically representative variables. While
multispectral indices are fundamental, excessive feature input can significantly increase
computational burden and complexity without necessarily improving model outcomes.
This study adopted a strategic feature selection approach, prioritizing 14 key variables
that have proven effective in capturing distinct biophysical properties of vegetation in
heterogeneous landscapes.

These features integrate complementary information sources. The raw surface re-
flectance (eight bands) and vegetation indices (NDVI) capture spectral and phenological
traits [36]. The normalized difference built-up index (NDBI) and water index (NDWI)
distinguish non-forest targets. The digital elevation model (DEM) represents environ-
mental gradients, and the dual-polarization SAR products (VV and VH) provide vertical
structural information [11,37]. This multi-source configuration theoretically suffices for
tree species discrimination and carbon estimation requirements while minimizing redun-
dancy. Specifically, the 14 key feature inputs into the random forest model include the raw
surface reflectance for eight bands, NDVI, NDBI, NDWI, DEM, and Sentinel-1 VV/VH
backscatter, as detailed in Table 1. It should be noted that Band 11 was mainly acquired for
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the calculation of spectral indices (NDBI) and was not utilized as an independent feature in
the model.
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Figure 2. The overall technical flowchart of this study. The framework is structured into four main
processes: tree species sample generation, input feature construction, AGC stock sample generation,
and spatiotemporal analysis. Colored dashed boxes demarcate these processing stages, while arrows
indicate the sequential data flow.

Table 1. Lists of predictors utilized for tree species classification modeling.

Data Category Data Products Predictor Definition/Formulation
Blue, central wavelength (CWL): 490 nm

Band 2 Spatial resolution (SR): 10 m
Band 3 Green (G), CWL: 560 nm, SR: 10 m
Band 4 Red (R), CWL: 660 nm, SR: 10 m
Multispectral imagery data Sentinel-2 L2A Band 5 Red Edge 1, CWL: 705 nm, SR: 20 m
Band 6 Red Edge 2, CWL: 740 nm, SR: 20 m
Band 7 Red Edge 3, CWL: 782 nm, SR: 20 m
Band 8 Near-Infrared (NIR), CWL: 835 nm, SR: 10 m
Band 8A Red Edge 4, CWL: 842 nm, SR: 20 m
. . . \AY Vertical emission—vertical receipt
Polarimetric data Sentinel-1 GRD VH Vertical emission—horizontal receipt
DEM / SRTMGL1_003 SR: 30 m, free available
NDVI (NIR — R)/(NIR + R)
pectralindex data / NDBI Short-wavelength infrared (SWIR), Band 11, SR: 20 m
NDWI (G — NIR)/(G + NIR)
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2.3.3. Random Forest Algorithm

In this research, the random forest (RF) algorithm was employed for both tree species
classification and aboveground carbon (AGC) regression modeling. RF is a non-parametric
ensemble learning method based on bootstrap aggregating (Bagging), which trains multiple
decision trees on random subsets of data to reduce variance and overfitting [38]. Although
the core architecture remains consistent, the mathematical principles for node splitting
differ between the two tasks. For tree species classification, the algorithm utilizes the Gini
Impurity index to measure the quality of a split; the final class label is determined by
majority voting across all trees. For AGC estimation regression, the algorithm employs the
Least Squares Deviation (Variance Reduction) criterion to minimize the prediction error;
the final AGC value is derived by averaging the outputs of individual trees.

The models were implemented on the GEE platform by utilizing the
ee.Classifier.smileRandomForest API. To ensure experimental consistency and compu-
tational efficiency, identical hyperparameter settings were applied to both the classification
and regression models. The cross-validation with a 50% overlap verified that the opti-
mal quantity of random forest trees is 100; when the quantity surpasses 100, the model
accuracy reaches a stable state. Bag fraction was set to 0.5, meaning that 50% of the data
was randomly sampled to train each tree, while the remaining data were used to ensure
model diversity and reduce overfitting. Variables per split was set to the default value
(null), which corresponds to the square root of the total number of input features, ensuring
randomness in feature selection. Minimum leaf population was set to 1, allowing the trees
to grow fully to capture fine-grained variations. Finally, output mode was specifically set
to classification for species mapping and regression for carbon stock estimation.

2.3.4. Refined Tree Species Mapping Method

To enhance the reliability of tree species classification, this study employs Forest
Resources Monitoring (FRM) imagery of the canal region for sample calibration. The canal
region was classified into 10 major land cover categories: five refined tree species within
forested zones (Eucalyptus grandis, Pinus massoniana, Pinus elliottii, Litchi chinensis, and an
“other tree species” class encompassing over 20 additional species based on field surveys),
supplemented by five non-forest classes (mangroves, water bodies, built-up areas, cropland,
and grassland). For each category, sample points were systematically manually annotated
with the following maximum counts: Eucalyptus grandis (2000), Pinus massoniana (2000),
Pinus elliottii (936), Litchi chinensis (1138), other tree species (2000), mangrove (645), built-up
(2000), water body (2000), cropland (2000), and grassland (2000). Corresponding 14 feature
values were extracted for each sample point to establish complex nonlinear mappings
between pixel characteristics and classification labels. In addition, sample points were
partitioned with 70% allocated for training the random forest classification model and 30%
reserved for the validation of classification accuracy. A confusion matrix was employed to
assess the classification outcomes, and the model achieved an overall classification accuracy
of 85.18% and a Kappa coefficient of 0.8319 (Table 2), indicating high consistency between
the classification results and the validation data.

Table 2. The confusion matrix of our random forest classification framework.

True/ Eucalyptus  Pinus Pinus Litchi Other Tree Built Water
Predicted grany;is massoniana elliottii chinensis Species Mangrove -Up Body Cropland Grassland Producer Accuracy
Eucalyptus grandis 532 27 4 11 29 0 4 0 10 2 0.8595
Pinus massoniana 33 496 15 5 18 2 3 2 4 1 0.8566
Pinus elliottii 10 37 190 8 14 0 1 0 1 0 0.7280
Litchi chinensis 20 10 2 267 16 0 3 0 5 2 0.8215
Other tree species 31 30 4 25 463 1 11 2 16 1 0.7928
Mangrove 0 0 0 0 0 181 0 5 5 0 0.9476
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Table 2. Cont.

True/ Eucalyptus  Pinus Pinus Litchi Other Tree Built Water
Predicted grandis massoniana elliottii chinensis Species Mangrove -Up Body Cropland Grassland Producer Accuracy
Built-up 1 2 0 0 2 0 522 18 27 0 0.9126
Water body 1 2 0 0 4 2 18 535 13 0 0.9304
Cropland 7 4 0 2 19 2 38 24 482 2 0.8310
Grassland 0 0 0 0 8 1 6 3 18 91 0.7165
User accuracy 0.8378 0.8158 0.8837  0.8396 0.8080 0.9577  0.8614 0.9083  0.8296 0.9192 /

Overall accuracy: 85.18%; Kappa coefficient: 0.8319

2.3.5. Carbon Stock Estimation Model

The forest vegetation carbon storage calculated in this study focuses on the above-
ground part, excluding the underground, soil, and litter layer. Accurate estimation of
forest aboveground carbon (AGC) storage at the pixel level relies on precise geometric
alignment between field-measured individual tree data and remote sensing imagery. A
prevalent source of error in remote sensing inversion is the edge effect, which involves
the erroneous inclusion of pixels intersecting plot boundaries. In the case of these edge
pixels, the satellite sensor records the spectral information across the entire pixel area.
Conversely, the field survey only measures the biomass of trees situated within the plot line
(excluding unmeasured trees immediately outside the boundary). This disparity results in
a systematic underestimation of biomass in relation to spectral predictors. To rigorously
address this issue, we adopted a strict spatial matching strategy using high-precision RTK
coordinates. A pixel was defined as a valid pixel only if its spatial extent fell entirely within
the boundary of the 25 m x 25 m sample plot. This ensures that every tree contributing to
the pixel’s reflectance was measured and accounted for in the biomass calculation. Edge
pixels were systematically excluded to prevent noise introduction. Based on this geometric
criterion, the extracted valid pixels typically corresponded to the representative core areas
of the forest stands.

Following the identification of valid pixels, the aboveground biomass (AGB) of in-
dividual trees was calculated using species-specific allometric equations. Depending on
the models available in the literature [39], either a one-variable or two-variable model
was applied:

AGByee = a x DBHP x H® (1)

AGByee = a x DBHP 2)

where AGByree represents aboveground biomass per tree (kg), DBH denotes diameter at
breast height (cm), and H indicates tree height (m). The specific coefficients applied for
each dominant species are detailed in Table 3.

Table 3. Allometric equation coefficients and carbon conversion factors for dominant tree species.

Tree Species Equation Model = Parameter a Parameterb  Parameter c Carbon Factor (fc)
Eucalyptus grandis a x DBH® 0.1746 2.333 - 0.5253
Pinus massoniana a x DBHP x H° 0.06662 2.09317 0.49763 0.5254
Pinus elliottii a x DBHP x H° 0.04744 2.10359 0.63108 0.4756
Litchi chinensis a x DBHP 0.1875 2.333 - 0.4834

Following the calculation of individual tree biomass, aboveground carbon storage per
tree (AGCyee) was derived by applying species-specific carbon conversion factors (fc):

AGCtree = AGBtree X fC (3)
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Subsequently, pixel-level carbon storage was calculated by aggregating individual tree
carbon values within each valid pixel:

AGCpixel = Z?:l AGCtree,i (4)

where AGCpixe represents aboveground carbon storage of the valid pixel. AGClree,; denotes
the i-th individual tree carbon stock within the pixel (wherei=1, ..., n), and n signifies the
total number of trees contained within the pixel.

This process establishes a quantitative linkage between pixel-level and individual
tree-level carbon storage, enabling precise alignment of field-measured tree structural
parameters with remote sensing pixels, while ensuring reliable aboveground carbon es-
timation at the pixel scale. Subsequently, referring to previous research, 12 key features
commonly used and with established physical relevance to vegetation carbon dynamics
were extracted from all valid pixels for random forest regression modeling, including eight
bands of raw surface reflectance, VV/VH polarization features, NDVI, and DEM. Notably,
this study intentionally employs a streamlined feature set—empirically justified and theo-
retically sound—to achieve robust inversion performance. Variables such as NDWI and
NDBI were excluded from carbon modeling due to their lack of physical correlation with
forest AGC based on remote sensing physical principles, despite their historical use in
previous multi-feature inversion frameworks.

The determination coefficient (R%) and root mean square error (RMSE) were used to
evaluate the performance and accuracy of the random forest regression model. Calculation
formulas of the relevant indicators are given as Equations (5) and (6).

n JR 2

RZ — 1 _ i;l (yl ]f)z (5)
ie1(vi —7)
n (v o2

RMSE = w (6)

where y; and y; denote the true values and retrieved carbon stock values, respectively. ¥ is
the average of true carbon stock values, and n is the number of pixels.

Data visualization and statistical graphing were performed using Origin (Version 2024,
OriginLab Corporation, Northampton, MA, USA).

3. Results
3.1. Refined Tree Species Mapping and Distribution Characters

Based on the established classification model, tree species classification of the Pinglu
Canal area was carried out for the years 2019, 2022, and 2024. Adhering to consistent
protocols for remote sensing data acquisition and pre-processing, the multi-year remote
sensing data were transformed into raster datasets with the same spatial resolutions and
row—column numbers. The remote-sensing feature variables required for the model were
extracted, and finally, tree species classification was performed based on the RF model. The
refined tree species classification maps (Figure 3) and forest change maps (Figure 4) revealed
pronounced spatial-temporal variations in forest coverage and tree species distribution
across the basin.
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Figure 3. Spatiotemporal distribution of refined tree species in the Pinglu Canal Basin across three
phases: (a) pre-construction in 2019, (b) early construction in 2022, and (c¢) mid-construction in 2024.
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Figure 4. Spatiotemporal distribution of forest dynamics in the Pinglu Canal Basin. The maps
display changes during the early construction phase ((a): 2019-2022), the mid-construction phase
((b): 2022-2024), and the overall period ((c): 2019-2024). Red regions indicate forest loss, blue regions
indicate forest gain, and green regions represent stable forest cover.

Spatially, the vegetation dynamics equally exhibited distinct regional heterogeneity.
The northern hilly region experienced frequent landscape fragmentation. As shown in
Figure 3, large patches of Eucalyptus grandis present in 2019 transitioned to non-forest or
other tree species in 2022, and partially recovered by 2024. To differentiate these rapid shifts
from potential model instability, verified representative transition pixels were referenced
against high-resolution historical imagery. This confirmed that inherent classification errors
may contribute to minor random noise; the observed large-scale shifts predominantly
reflect real land use changes, including the short-rotation harvesting cycles of Eucalyptus
plantations and temporary land occupation for construction. The central canal corridor
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(within the EIA) showed a distinct linear pattern of permanent forest loss. A continuous
“white belt” of non-forest area emerged along the north-south axis in 2022 and 2024,
cutting through the landscape due to channel excavation. However, along the edges of this
corridor, scattered patches of Pinus massoniana densified in 2024, indicating early ecological
restoration. The middle region, dominated by Litchi chinensis orchards, maintained high
spatiotemporal stability throughout the study period. Unlike the harvested timber forests,
these economic fruit forests were consistently managed and preserved.

Table 4 presents the forest area in the canal basin. In the Ecological Buffer Area (EBA),
where forest cover experienced moderate fluctuations between 2019 and 2024, before con-
struction (2019), the total forest area reached 54,932.02 ha, dominated by Eucalyptus grandis
(42.20%, 23,178.77 ha) and Pinus massoniana (20.91%, 11,489.05 ha). Litchi chinensis and
Pinus elliottii contributed 9.62% and 4.42%, while other tree species occupied 12,550.33 ha
(22.85%). During 2019-2022, the total forest area declined to 49,755.86 ha (—9.42%), pre-
dominantly in sub-catchments spatially corresponding to temporary access roads and soil
disposal sites. E. grandis and P. massoniana decreased by 15.65% and 38.04%, respectively,
while L. chinensis and other tree species expanded by 14.52% and 17.44%. In 2024, the
forest area further decreased to 46,584.20 ha (—15.20%). E. grandis remained dominant but
decreased to 16,685.50 ha (—28.0%), whereas L. chinensis and other species increased by
10.52% and 8.50%, coinciding with reforestation and compensatory planting initiatives.
Forest distribution transformed from a relatively homogeneous plantation matrix into a
more heterogeneous structure.

Table 4. Forest area within the Ecological Buffer Area (EBA) and Environmental Impact Area (EIA)
from 2019 to 2024.

EBA (ha) EIA (ha)
Tree Species
2019 2022 2024 2019 2022 2024
Eucalyptus grandis 23,178.77 19,550.40 16,685.50 3126.13 3210.83 2068.23
Pinus massoniana 11,486.38 7116.60 9066.46 2088.15 1351.47 1626.98
Pinus elliottii 2429.36 2295.16 1371.15 413.17 497.49 201.59
Litchi chinensis 5287.18 6055.11 5843.60 1001.74 758.46 585.47
Other tree species 12,550.33 14,738.59 13,617.49 2166.80 2212.22 1907.16
Total 54,932.02 49,755.86 46,584.20 8795.99 8030.47 6389.43

In the Environment Impact Area (EIA), the forest area totaled 8795.99 ha in 2019,
mainly E. grandis (35.54%, 3126.13 ha) and P. massoniana (23.70%, 2085.94 ha). L. chinensis and
P. elliottii contributed 11.39% and 4.70%, with other tree species covering 2166.80 ha (24.64%).
By 2022, the forest area decreased to 8030.47 ha (—8.70%), corresponding to vegetation
clearance along the canal corridor. P. massoniana declined sharply (—35.28%). In 2024,
the total forest area experienced a substantial decline, reaching 6389.43 ha, representing a
decrease of 27.36%. The areas of E. grandis, P. elliottii, and L. chinensis all exhibited significant
reductions. In contrast, the area of P. massoniana increased by 20.39%. This result shows
that the EIA experienced more intense disturbance and slower recovery and the vegetation
maintained a spatially fragmented pattern.

3.2. Spatial Characteristics of Aboveground Carbon Storage

Leveraging field-measured individual tree data and remote sensing imagery, a model
was constructed to estimate aboveground carbon (AGC) stock. Figure 5 presents the inversion
accuracy and error metrics, revealing that the model achieved an R? of 0.7057 and an RMSE
of 13.35 Mg ha~!, confirming the proposed feature composition’s feasibility and ensuring
reliable data support for subsequent aboveground carbon storage spatial-temporal analyses.
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Figure 5. Scatter distribution of predicted AGC and measured AGC with the random forest
regression model.

The spatial distribution (Figure 6) and dynamic changes (Figure 7) of AGC stocks were
mapped across the Pinglu Canal Basin. In the Ecological Buffer Area (EBA), AGC stocks
exhibited a continuous declining trend over the study period. As shown in Table 5, the
total AGC decreased from 2.82 x 10 Mg in 2019 to 2.34 x 10°® Mg in 2024, representing a
cumulative loss of 16.88%. The mean AGC density changed slightly from 51.29 Mg ha~! to
50.27 Mg ha~!, remaining relatively stable throughout the observation period. Spatially,
high-density carbon zones (>50 Mg ha~!) remained relatively stable in the southern sectors,
acting as a regional carbon reservoir. However, localized carbon reductions were observed
in the central plains and sub-catchments, spatially aligning with temporary access roads
and soil disposal sites. From 2022 to 2024, scattered patches of increasing AGC density
emerged, presenting patterns consistent with initial biomass accumulation associated with
ecological compensation projects, although their spatial extent remained fragmented.
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Figure 6. Spatiotemporal distribution of AGC density in the Pinglu Canal Basin across three phases:
(a) pre-construction in 2019, (b) early construction in 2022, and (c¢) mid-construction in 2024.
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Figure 7. Spatial distribution of AGC change during the construction phases ((a): 2019-2022;
(b): 2022-2024) and the overall period ((c): 2019-2024). The color gradient signifies the magni-
tude of change; green shades denote carbon gain (positive change), whereas red shades denote carbon
loss (negative change).

Table 5. AGC and rate of AGC change from 2019 to 2024.

Area AGC (Mg) Rate of AGC Change (%)

2019 2022 2024 2022-2019 2024-2022 2024-2019
EBA 2,817,465.51 2,554,916.11 2,341,779.61 —9.32% —8.34% —16.88%
EIA 411,023.91 375,311.27 292,176.64 —8.69% —22.15% —28.91%

In the Environmental Impact Area (EIA), the carbon dynamics were markedly more
drastic. The total AGC declined by 8.69% during the early construction phase (2019-2022)
and plummeted by 22.15% in the mid-construction phase (2022-2024). Consequently, the
cumulative carbon loss reached 28.91% by 2024 (4.11 x 10° Mg down to 2.92 x 10° Mg),
significantly higher than EBA. Spatially, a distinct linear belt of concentrated carbon de-
pletion was observed running through the central canal corridor. This pattern exhibits
a high degree of spatial consistency with the engineering footprint, particularly in areas
of intensive channel excavation and embankment construction. Conversely, in specific
embankment sections, localized recovery trends were detected in 2024, spatially aligning
with the areas designated for ecological slope protection. The mean AGC density slightly
decreased from 46.73 Mg ha~! to 45.73 Mg ha~!, and remained lower in the EIA com-
pared to surrounding buffer areas. This persistent disparity highlights the influence of
topographic constraints and human activities on carbon distribution. The EIA naturally
follows low-lying alluvial plains and riparian corridors, areas characterized by intensive
agricultural activity, human settlement, and fragmented forest patches. In contrast, the
EBA encompasses mountainous headwaters and contiguous forests with higher biomass
accumulation potential. The difference underscores that the EIA represents a disturbed
ecosystem where carbon stocks are inherently limited by landscape fragmentation.

3.3. Variation in Aboveground Carbon Storage by Tree Species

The Sankey diagrams (Figure 8) reveal interannual flows and compositional shifts in
AGC stocks for dominant tree species. In the EBA (Figure 8a), E. grandis remained the dom-
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inant carbon carrier but experienced a continuous decline, dropping from 1.26 x 10° Mg in
2019 to 8.80 x 10° Mg in 2024. This species was the primary contributor to the cumulative
carbon loss (7.26 x 10° Mg), mainly affected by short rotation cutting in plantations. Simi-
larly, P. elliottii followed a downward trajectory, shrinking significantly from 1.28 x 10> Mg
to 7.13 x 10* Mg, further exacerbating the loss of coniferous plantation stocks. The other
tree species category exhibited a fluctuating pattern, peaking in 2022 (7.06 x 10° Mg)
before declining, yet remaining a substantial component of the regional carbon pool. In
contrast, P. massoniana exhibited a distinct recovery trajectory: after a sharp decline in
2022, it rebounded to 4.66 x 10° Mg in 2024. Along with the stability of L. chinensis, this
indicates that the carbon gain (2.50 x 10° Mg) was primarily driven by the growth and
restoration of native coniferous and broadleaved species. Consequently, from 2019 to 2024,
the cumulative carbon gain effectively offset 34.45% of the cumulative carbon loss at the
species level in the EBA.

I Eucalyptus grandis [_] Pinus massoniana [[__] Pinus elliottii 1] Litchi chinensis [ Other tree species [l Carbon Gain [l Carbon Loss

|:|5.91><105
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Figure 8. Interannual changes and compositional shifts in AGC stock within the (a) the Ecological
Buffer Area (EBA) and (b) the Environmental Impact Area (EIA) from 2019 to 2024. The width of the
flows is proportional to the carbon stock magnitude (Unit: Mg). The Carbon Gain and Carbon Loss
nodes represent the cumulative gross flows of carbon accumulation and reduction across the two
intervals (20192022 and 2022-2024), respectively.

In the EIA (Figure 8b), the carbon dynamics were more acutely aligned with the
construction phases. E. grandis stocks remained relatively stable during the early phase
(2019-2022) but suffered a precipitous drop in the mid-construction phase, falling to
9.90 x 10* Mg in 2024. This timing coincides with the intensification of channel exca-
vation activities. P. elliottii faced severe depletion by 2024 (9.54 x 10° Mg). Conversely,
P. massoniana demonstrated a recovery, rising to 7.59 x 10* Mg in 2024. This upward trend
temporally corresponds to the implementation of ecological slope protection and greening
initiatives along the canal banks. However, due to the intensity of engineering disturbance,
the cumulative carbon loss in the EIA reached 1.38 x 10° Mg, substantially outweighing
the carbon gain (1.91 x 10* Mg), reflecting the profound structural reshaping of the forest
ecosystem in the core engineering zone.

In general, the compositional transformation from Eucalyptus-dominated monocul-
tures to a diversified structure encompassing Pinus, Litchi, and other species indicates a
functional reconfiguration of the carbon pool. In this process, the losses resulting from
commercial timber extraction and construction are partially offset by the restoration of
more stable native communities.

https://doi.org/10.3390/1s18030475


https://doi.org/10.3390/rs18030475

Remote Sens. 2026, 18, 475

16 of 23

4. Discussion
4.1. Reliability, Transferability, and Uncertainty of the Framework

This study established a random forest-based coupled framework for the Pinglu Canal,
enabling the quantitative evaluation of forest carbon dynamics at a refined species level.
The reliability of this framework is fundamentally anchored in its physically interpretable
feature selection strategy. Unlike previous studies that struggled with computational
inefficiency due to high-dimensional inputs [40,41], 14 variables were prioritized based
on their direct biophysical relevance. Regarding the potential redundancy among raw
spectral bands, strict variable elimination was not implemented. Instead, the algorithmic
robustness of random forest was leveraged through its random feature subspace mech-
anism. Furthermore, the integration of distinct physical dimensions including optical
spectra (physiology), SAR backscatter (structure), and topography (environment) provided
complementary information essential for capturing nonlinear vegetation dynamics.

This multi-source synergy was empirically validated by the classification performance.
While distinguishing between spectrally similar coniferous species (Pinus massoniana and
Pinus elliottii) presented a challenge using optical data alone, the incorporation of SAR
texture and DEM allowed the model to discern nuanced differences in canopy structure
and ecological niches. Consequently, the framework achieved a robust overall accuracy
of 85.18% (Kappa = 0.83), comparable to the 81.25% accuracy reported in Guo et al.’s
research [42], thus ensuring high-quality input for subsequent carbon modeling.

In terms of carbon estimation, the model yielded a satisfactory performance
(R? =0.7057; RMSE = 13.35 Mg ha™!). The synergy of Sentinel-1 SAR and Sentinel-2
optical data aligns with the theoretical consensus in recent remote sensing research, which
establishes that such multi-source integration effectively mitigates saturation issues com-
mon in subtropical forests [43,44]. The result is comparable to recent pixel-level estimations
(10 m) in heterogeneous landscapes, where R? values range from 0.65 to 0.75 [45]. Cru-
cially, a key distinction of this study lies in its taxonomic resolution. While most existing
infrastructure monitoring projects rely on broad forest functional types [46—48], the de-
veloped framework in this research accomplished high-precision species-level mapping.
This granularity enabled the detection of subtle population variations, such as the specific
resurgence of P. massoniana amidst a general decline, that would be obscured in coarser
classification systems.

The temporal transferability of models poses a crucial challenge in retrospective anal-
ysis. In the retrospective analysis of historical imagery, the utilization of models trained
with contemporary data and the integration of corrected data constitute a well-established
methodology in remote-sensing vegetation monitoring [49]. In this study, the application
of the model trained with 2024 field data for 2019 and 2022 images is supported by rigorous
radiometric and data-range controls. First, atmospherically corrected Sentinel-2 Level-2A
products and restricted imagery to the same phenological window (September—October)
were utilized to minimize spectral drift. More importantly, the 2024 field survey was
designed to cover a broad spectrum of forest conditions, encompassing mature, high-
biomass stands. The pixel-level AGC density in the training dataset reaches a maximum
of 132.004 Mg ha—!. Our analysis reveals that the predicted AGC values for historical
years (2019 and 2022) are primarily concentrated below 60 Mg ha~!. Since these historical
estimates fall well within the upper limit of the training domain, the retrospective analysis
relies on valid interpolation within a learned feature space rather than risky extrapola-
tion [50]. Despite these robust controls, in the absence of independent historical validation,
the reported AGC values were regarded as estimates subject to model uncertainty stem-
ming from the validation RMSE. While the absolute values contain inherent uncertainties,
the relative spatiotemporal trends, specifically the divergence between the Environmental
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Impact Area (EIA) and the Ecological Buffer Area (EBA), remain statistically robust indica-
tors of green engineering impacts, and the results provide reliable indicators for regional
carbon dynamics assessment.

4.2. Spatial-Temporal Evolution of AGC Under Green Engineering Intervention

The spatial-temporal evolution of AGC within the Pinglu Canal Basin mirrors the
interactive dynamics between construction-related activities and vegetation replanting
initiatives. Spatial variation in AGC reflected the contrasting disturbance intensities and re-
covery patterns between the EBA and EIA. The EIA functioned as the principal disturbance
core, where extensive excavation and vegetation clearance coincided with concentrated
carbon depletion. In contrast, the EBA mainly experienced indirect effects, leading to a
more diffuse and moderate AGC decline. The sharp decline in the EIA (28.91%), contrast-
ing with the relative stability in the EBA, is spatially and temporally consistent with the
intensification of engineering activities. The spatial heterogeneity of AGC is also driven by
the distinct physiological and ecological traits of dominant tree species [51]. Broadleaved
species, particularly E. grandis, exhibit rapid growth rates and high carbon sequestration
efficiency, enabling them to accumulate biomass quickly in short rotation cycles. This
physiological advantage explains their dominance in the high-carbon zones of the EBA. In
contrast, coniferous species like P. massoniana generally possess slower growth rates and
lower wood density, contributing less to the immediate carbon pool but offering greater
disturbance resistance in oligotrophic soils. The spatial differentiation demonstrates a
hierarchical recovery mechanism, where the EIA requires targeted soil rehabilitation and
reforestation, while the EBA acts as a buffer sustaining ecological continuity [52]. These
results confirm that carbon dynamics under green engineering exhibit both spatial hetero-
geneity and temporal lag, highlighting the imperative of formulating restoration strategies
tailored to specific disturbance gradients [53].

The species-level trajectories revealed highlight a functional re-allocation of carbon
sinks. E. grandis, serving as the primary carbon carrier, experienced a continuous decline
and accounted for the majority of the cumulative carbon loss, reflecting their vulnerability
to harvesting cycles and land clearing. In contrast, P. massoniana exhibited a distinct
resilience and recovery capability. After an initial decline during the early construction
phase (2019-2022), AGC stocks of P. massoniana in both the EBA and EIA showed a notable
rebound in the later phase (2022-2024), absorbing a significant portion of the carbon gain.
The recovery trajectory aligns with the implementation of green engineering initiatives,
which prioritized the replanting of native coniferous and broadleaved species over short-
rotation monocultures to enhance long-term ecosystem stability and resilience. These
contrasting patterns illustrate a strategic trade-off. While plantation-dominated ecosystems
(fast-growing species) provide rapid initial biomass accumulation, they exhibit limited
persistence under disturbance [54]. Conversely, the increasing share of native species
supports long-term sustainability [55]. Therefore, the observed compositional shift marks a
transition toward a more balanced, resilient, and diversified carbon pool.

4.3. Carbon Sequestration Benefits and Management Strategies

The spatiotemporal trajectory of AGC along the Pinglu Canal indicates that green
engineering can effectively mitigate the ecological costs associated with infrastructure
construction by facilitating vegetation restoration and carbon replenishment. During the
period from 2019 to 2024, the total loss of AGC in the canal basin amounted to 16.88%.
However, unlike traditional gray infrastructure projects which typically incur permanent
carbon loss [48], the green engineering initiatives in Pinglu Canal showed that restoration
efforts, such as reforestation, slope stabilization, and compensatory afforestation, effectively
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offset 34.45% of the cumulative loss at the species level. These findings confirm that green
engineering not only limits initial carbon depletion but also establishes a quantifiable path-
way for rapid recovery. While short-term AGC recovery was clearly observed under these
interventions, full recovery has not yet been achieved. This underscores that continuous
management and long-term ecological succession are essential prerequisites for ensuring
lasting carbon stability [56].

The influence of species composition adjustments on carbon storage emphasizes that
forest recovery driven by engineering is not merely about replenishing biomass but also in-
volves a structural reorganization of carbon sources in response to the disturbance gradients
induced by construction [57]. In engineered landscapes like canal corridors, species-level
carbon assessment is crucial for discerning differential responses to disturbance and restora-
tion [58]. From a management perspective, the success of ecological restoration projects
hinges on the implementation of targeted and adaptive carbon management strategies.
Prioritizing mixed forests over monoculture plantations not only facilitates rapid carbon
sequestration but also enhances the structural resilience of the ecosystem [59].

Moreover, long-term management mechanisms, including rotational thinning, enrich-
ment planting of native species, and multi-species slope revegetation, are indispensable
for maintaining the carbon sequestration potential of the canal corridor [60,61]. Ultimately,
the Pinglu Canal case demonstrates that green engineering can transform infrastructure
from a carbon-emitting process into a managed ecological system capable of progressive
carbon recovery and biodiversity enhancement. Integrating species-level carbon metrics
into restoration frameworks enables an accurate evaluation of project efficacy, providing
robust scientific evidence to guide adaptive ecosystem restoration in future large-scale
infrastructure developments.

4.4. Limitations and Future Directions

Although this study provides novel insights into the species-level carbon responses
and recovery dynamics under green engineering interventions, several limitations warrant
attention. First, the temporal scope (2019-2024) encompasses only the pre-construction,
early construction, mid-construction, and early restoration phases of the Pinglu Canal
project. This limited timeframe cannot fully represent the complete successional trajectory
of forest carbon restoration. Long-term monitoring is essential for capturing the delayed
recovery and carbon stabilization processes that typically occur following infrastructure
disturbances [62]. This monitoring can offer data to support the scientific assessment of the
ecological benefits of green engineering.

Second, the AGC estimation relied primarily on Sentinel-1/2 data combined with
limited ground-based calibration. While the random forest model achieved satisfactory
accuracy, uncertainties may persist due to optical-band saturation in high-biomass stands
and limited vertical-structure sensitivity. Integrating airborne or spaceborne LiDAR (e.g.,
GEDI or ICESat-2) with hyperspectral data to construct species-specific carbon storage
models can further enhance the characterization of canopy structure and the generalization
capacity of the models [63]. In particular, the emerging hyperspectral LiDAR is more
conducive to accurately interpreting tree species types and carbon storage from a three-
dimensional spectral and structural perspective [64,65]. This more effectively unveils the
ecological mechanism between tree species composition and carbon storage.

Third, regarding causal attribution, this study relied on the comparison between the
Environmental Impact Area (EIA) and the Ecological Buffer Area (EBA). This design does
not strictly isolate engineering impacts from regional background drivers as robustly as a
formal Before—-After—-Control-Impact (BACI) design with independent control basins [66].
To overcome this limitation and further resolve the complex mechanisms driving carbon
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dynamics, future research should integrate project redline spatial constraints with land use
transition matrices to construct a multi-factor attribution analysis model. This framework
will aim to quantitatively decouple the independent contribution rates of engineering
construction (e.g., permanent land occupation), forest management practices, natural
vegetation growth, and ecological restoration initiatives to carbon storage changes. Such
a mechanistic decomposition is essential for precise carbon accountability and adaptive
management in large-scale infrastructure projects.

Finally, this study focused mainly on aboveground carbon stocks, whereas a complete
assessment of ecosystem carbon dynamics should incorporate belowground carbon, soil
organic carbon, and other co-benefits such as biodiversity recovery, soil stability, and hydro-
logical regulation [67]. Future research should link these indicators with AGC dynamics and
enable a more holistic assessment of ecological performance in green engineering projects.

5. Conclusions

This study quantified the spatiotemporal dynamics of aboveground carbon (AGC) at
the tree species level across the Pinglu Canal Basin under green engineering initiatives. By
synergizing Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-2 multispectral data,
the framework achieved refined tree species mapping with an overall accuracy of 85.18%
(Kappa = 0.8319) and reliable AGC estimation (R? = 0.7057; RMSE = 13.35 Mg ha~!) ata
10 m resolution. The results revealed that from 2019 to 2024, the total aboveground carbon
(AGC) in the Pinglu Canal Basin declined by 16.88%, a trend spatiotemporally coinciding
with the intensification of construction activities. Spatial heterogeneity was pronounced
and the Environmental Impact Area (EIA) functioned as the primary disturbance core
characterized by rapid carbon depletion, whereas the broader Ecological Buffer Area (EBA)
acted as a regional carbon stabilizer.

At the tree species level, divergent trajectories were observed. Eucalyptus grandis
plantations accounted for the majority of the cumulative carbon loss, reflecting their vulner-
ability to harvesting and clearing. In contrast, Pinus massoniana exhibited a resilience-driven
rebound in the mid-construction phase (2022-2024), while Litchi chinensis and other native
species demonstrated steady gains. Cumulatively, these species-specific carbon gains asso-
ciated with natural growth and restoration initiatives effectively offset 34.45% of the carbon
loss across the basin. In addition, the compositional shift from Eucalyptus-dominated mono-
cultures to a more diversified forest structure reflects a reorganization toward a balanced
and resilient carbon pool.

These findings demonstrate that green engineering has the potential to transform
infrastructure development from a carbon-intensive source into a managed ecosystem
capable of progressive recovery. Crucially, the proposed framework provides a scalable,
high-precision monitoring tool to quantify the efficacy of ecological restoration and forest
conservation, thereby directly supporting the United Nations Sustainable Development
Goal 15 (Life on Land) targets for sustainable forest management.

Future research should aim to refine causal attribution by integrating project redline
spatial constraints with land use transition matrices. Constructing a multi-factor attribution
model will allow for the quantitative decoupling of the independent contributions of
engineering construction, forest management, and natural growth to carbon dynamics.
Furthermore, extending the monitoring timeframe and incorporating LiDAR data will
be essential to fully characterize the long-term successional trajectory of the recovering
carbon pool.
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