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Abstract: Bamboo forests, as some of the integral components of forest ecosystems, have emerged
as focal points in forestry research due to their rapid growth and substantial carbon sequestration
capacities. In this paper, satellite-borne lidar data from GEDI and ICESat-2/ATLAS are utilized as
the main information sources, with Landsat 9 and DEM data as covariates, combined with 51 pieces
of ground-measured data. Using random forest regression (RFR), boosted regression tree (BRT), k-
nearest neighbor (KNN), Cubist, extreme gradient boosting (XGBoost), and Stacking-ridge regression
(RR) machine learning methods, an aboveground carbon (AGC) storage model was constructed at a
regional scale. The model evaluation indices were the coefficient of determination (R2), root mean
square error (RMSE), and overall estimation accuracy (P). The results showed that (1) The best-fit
semivariogram models for ¢je, fiem fudvir Pdem, and a,,4,; were Gaussian models, while those for h1;,
h2y7, h3p;, and h4,; were spherical models; (2) According to Pearson correlation analysis, the AGC
of Dendrocalamus giganteus showed an extremely significant correlation (p < 0.01) with ¢y, and pep,
from GEDJ, and also showed an extremely significant correlation with a,4,;, h1y7, h2y7, h3y7, and
h4y7 from ICESat-2/ ATLAS; moreover, AGC showed a significant correlation (0.01 < p < 0.05) with
faem and fy,3,; from GEDI; (3) The estimation accuracy of the GEDI model was superior to that of
the ICESat-2/ ATLAS model; additionally, the estimation accuracy of the Stacking-RR model, which
integrates GEDI and ICESat-2/ATLAS (R2 = 0.92, RMSE = 5.73 Mg/ha, p = 86.19%), was better
than that of any single model (XGBoost, RFR, BRT, KNN, Cubist); (4) Based on the Stacking-RR
model, the estimated AGC of Dendrocalamus giganteus within the study area was 1.02 x 107 Mg.
The average AGC was 43.61 Mg/ha, with a maximum value of 76.43 Mg/ha and a minimum value
of 15.52 Mg/ha. This achievement can serve as a reference for estimating other bamboo species
using GEDI and ICESat-2/ ATLAS remote sensing technologies and provide decision support for the
scientific operation and management of Dendrocalamus giganteus.

Keywords: Dendrocalamus giganteus; aboveground carbon storage; GEDI; ICESat-2/ATLAS; Landsat
9; Co-Kriging; Stacking-RR

1. Introduction

Aboveground carbon (AGC) storage is a crucial indicator that reflects the fundamental
traits of terrestrial ecosystems, their carbon sequestration capacity, and the assessment of
ecosystem quality, forest structural functions, and production potential. Consequently,
AGC has garnered significant attention and research interest within the academic commu-
nity in recent years [1]. Remote sensing technology fulfills the requirements for monitoring
and analyzing forest resources and ecological processes across various scales [2]. For AGC
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estimation at regional scales, passive remote sensing data suffer from data saturation is-
sues, leading to inaccurate biomass and carbon storage estimations, particularly in dense
forests [3,4]. Additionally, active remote sensing SAR data present challenges such as signal
penetration, sensitivity to vegetation humidity, and data saturation in thick forests, thereby
impacting the accuracy of AGC estimation with SAR data [5]. However, active remote sens-
ing lidar technology effectively addresses data saturation issues [6] and surpasses passive
remote sensing and microwave-based active remote sensing in measuring forest parame-
ters [7,8]. Currently, large-footprint spaceborne lidar data, primarily from ICESat-2/ATLAS
and GEDI, have become powerful tools for estimating regional-scale forest structure param-
eters [9]. However, the monitoring targets are predominantly focused on trees. For example,
Duncanson et al. [9] built biomass models of North American evergreen coniferous forest,
North American evergreen broad-leaved forest, North American woodland, and shrubland
based on GEDI, ICESat-2/ATLAS, and NISAR data. Silva et al. [10] devised an advanced
multi-sensor data fusion technique to produce forest aboveground biomass (AGB) maps
by integrating GEDI, ICESat-2/ATLAS, and NISAR data. The findings revealed that the
fused data approach significantly outperformed the estimations derived from either GEDI
or ICESat-2 data alone.

Currently, the estimation of bamboo biomass and carbon storage predominantly relies
on optical data, with limited research leveraging GEDI and ICESat-2/ ATLAS datasets. For
instance, Xu et al. [11] utilized Landsat TM and partial least squares regression (PLS) to
develop a biomass estimation model for a Phyllostachys violascens forest in Lin’an City. The
findings revealed that the model tended to underestimate actual biomass in the regions
of high biomass density. Based on Sentinel-2 data, Chen et al. [12] used random forests
to estimate the AGB of bamboo forests in Zhejiang Province, China. The results showed
that, when AGB was greater than 70 Mg/ha, Sentinel-2 data were similar to Landsat,
which could not solve the problem of saturation of bamboo AGB data. The model’s
highest estimation accuracy, represented by an R? value of 0.46, indicates a need for
further improvement in prediction accuracy. Wang [13] reported a prediction accuracy of
R? = 0.83 for the geographically weighted integrated regression (GWSR) model based on
Landsat 8 OLI data. Compared to four standalone models—random forest regression (RFR),
extreme random tree (ERT), support vector machine regression (SVR), and geographically
weighted regression (GWR)—the GWSR model showed a 19% increase in accuracy, offering
a novel approach to estimating bamboo biomass. Ensemble learning, a recent paradigm
in machine learning, is a popular algorithm designed to enhance model stability and
accuracy. This technique integrates multiple weak regressors into a robust regressor,
thereby improving the precision of regression outcomes [14]. Currently, ensemble learning
has addressed numerous practical application challenges due to its stable and efficient
characteristics. The principal categories of ensemble learning encompass bagging, boosting,
and stacking [15]. The stacking model has been widely applied across various fields in
recent years, demonstrating superior accuracy compared to single models [16]. However, it
remains underutilized in estimating bamboo biomass and carbon storage. Bamboo forests,
often referred to as the “second largest forests in the world”, possess efficient carbon
sequestration capabilities and significant carbon sink potential, playing a crucial role in
mitigating climate change [17]. Estimating bamboo carbon storage is crucial for China in
achieving its “carbon peak” and “carbon neutrality” goals.

Dendrocalamus giganteus, a member of Gramineae Bambusoideae Dendrocalamus, exhibits
superior material quality, robust reproductive capacity, rapid growth for forest and timber
production, high productivity, vigorous regeneration ability, and wide-ranging applications.
It is distributed across southeast to southwest Yunnan, China [18]. Teng Jiangnan [19] esti-
mated AGC storage based on eight representative species of Cluster bamboo in China. The
study indicated that Dendrocalamus giganteus had the highest carbon storage emission, and
remote sensing estimation of its carbon storage could offer a scientific basis for the operation
and management of dragon bamboo and the implementation of carbon sink projects.
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The novelty and practicability of the remote sensing estimation of AGC stocks in
bamboo forests based on GEDI and ICESat-2/ATLAS data, as well as the studies on the ap-
plication of the Stacking model in bamboo forest estimation, are relatively scarce. This study
focused on Yuxi City, Xinping County, Yunnan Province as the primary experimental area; it
utilized GEDI and ICESat-2/ ATLAS data as the main sources of information, with Landsat
9 and DEM data serving as auxiliary variables. In combination with the measured data
of 51 Dendrocalamus giganteus sample plots, based on the feature optimization of Pearson
correlation, the spatial expansion from “point” to “plane” of GEDI and ICESat-2/ATLAS
was realized using Co-Kriging (CK) interpolation in geostatistics. Single models of RFR,
BRT, KNN, Cubist, and XGBoost were constructed. The Stacking-RR model was adopted to
establish the Dendrocalamus giganteus AGC estimation model in the study area. The main
processes of this research encompass extracting and screening the light spot parameters
based on Python; downloading Landsat 9 and DEM data via GEE; achieving the spatial
extrapolation of discrete GEDI and ICESat-2/ATLAS information by using semi-variogram
analysis and CK interpolation; and constructing the optimal Dendrocalamus giganteus AGC
estimation model at the regional scale based on Rstudio. The research outcomes are bene-
ficial for providing reference paradigms for conducting the remote sensing estimation of
carbon storage for other bamboo species in the future.

2. Materials and Methods
2.1. Description of the Study Area

Xinping Yi and Dai Autonomous County are situated in the southwestern region
of Yunnan Province, nestled at the eastern foothills of the Atlas Mountains. It shares
borders with Eshan Yi Autonomous County to the east, Shiping County to the southeast,
Yuanjiang Hani Yi and Dai Autonomous County to the south, Mojiang Hani Autonomous
County to the southwest, Zhenyuan Hani Lahu Autonomous County to the west, and
Shuangbai County to the north, with the Lvzhi River serving as the boundary (Figure 1).
The county spans an area of 4223 km?, with forests covering 2356.71 hectares, constituting
55.8% of the total land area, and the forest coverage rate reached 70.99%. The county’s
terrain is elevated in the northwest and declines towards the southeast. The highest
elevation is found at Dameyanfeng, the main peak of the Ailao Mountains, reaching
3165.9 m, while the lowest elevation is 422 m, located in Nanhuesun Village, Mosha
Town. Influenced by altitude variations, the region exhibits a pronounced vertical climatic
gradient, which is classified into three distinct climate types: valley high-temperature zone,
mid-mountain warm-temperature zone, and alpine cold-temperature zone. The average
annual temperature is 17.4 °C, with an annual rainfall of 946.6 mm. The soil is characterized
by a deep, loose structure, and high fertility. The county is home to over 20 genera and
approximately 100 species of both naturally occurring and artificially cultivated bamboo.
Notably, Dendrocalamus giganteus occupies extensive natural forest areas and exhibits a
wide distribution [20].

2.2. Sample Site Survey Data

The field survey for this study was conducted in January 2024. Fifty-one circular plots
(r=12.5m, s = 490.63 m?) were established based on the principle of representativeness and
the ease of surveying the forest area. During the survey, RTK was utilized to pinpoint the
coordinates of the central point, and the equipment was maintained in a fixed solution state
during data collection. The coordinate consistency was verified through five consecutive
collections. Each plot’s diameter at breast height (DBH), plot location, and plant number
were meticulously recorded. The calculation of AGC for each plot involved three steps:
first, calculating the AGB of a single average standard tree; second, individual AGB was
multiplied with carbon content coefficient to obtain individual AGC; and, finally, deriving
the plot AGC based on the carbon storage of an individual plant and the number of plants
within the plot. The calculation formula is presented as follows:

(1) The AGB model of Dendrocalamus giganteus was as follows [21]:
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Bamboo stalk biomass
w = 0.145DBH>**%7 R? = 0.930, P < 0.01 (1)
Bamboo biomass
w = 0.0224DBH>?%¢, R? = 0.725, P < 0.01 )
Bamboo leaf biomass
w = 0.0196DBH"Y,R? = 0.736, P < 0.01 (3)
(2) The AGC calculation formula of Dendrocalamus giganteus was as follows:
Cr=Wx f 4)

where C; is Dendrocalamus giganteus AGC, f- is carbon coefficient, and the carbon coefficient
is 0.45 for bamboo rod, 0.45 for bamboo branch, and 0.43 for bamboo leaf [19].

Among the 51 plots, the minimum value, maximum value, mean value, and stan-
dard deviation of Dendrocalamus giganteus (Table 1) were 4.08 Mg/ha, 101.78 Mg/ha,
41.63 Mg/ha, and 20.55 Mg/ha, respectively.
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Figure 1. Overview of the study area: (a) The study area is located in southwest China, (b) Xinping

is part of Yunnan Province, and (c) Xinping DEM, the red circle, is a collection of 51 Dendrocalamus

giganteus plots.
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Table 1. Statistical table of field survey data.

. Minimum Maximum
Sample Size (N) (Mg/ha) (Mg/ha) Average (Mg/ha) SD (Mg/ha)
51 4.08 101.78 41.63 20.55
2.3. GEDI

On 5 December 2018, the GEDI satellite was successfully deployed to the International
Space Station, and it initiated scientific data acquisition in April 2019. The GEDI satellite
is equipped with three lasers: two full-power lasers capable of generating two distinct
beams each by adjusting the laser beam orientation, and one coverage laser that is split
into two beams, thus producing a total of four beams. These three lasers generate eight
distinct ground beam tracks, designated as BEAM0000, BEAM0001, BEAM0010, BEAMO0011,
BEAMO0101, BEAMO0110, BEAM1000, and BEAM1011. Each ground beam has a footprint
diameter of approximately 25 m. The distance between adjacent ground beam tracks is
60 m, while the distance between adjacent ground beam track groups is 600 m, resulting in
a total laser track width of 4200 m. GEDI Level 2 products comprise Level 2A and Level
2B. Level 2A primarily provides ground elevation data and relative vegetation elevation
metrics. Level 2B predominantly offers forest structural diversity indicators, including
vegetation coverage, leaf area index, and vertical leaf profile data [22-24]. The research
subject of this paper is Dendrocalamus giganteus AGC. The GEDI Level 2B product was
downloaded from the official website (https://www.earthdata.nasa.gov/, accessed on 20
January 2024), and the download period was from 1 January 2022 to 20 February 2023,
totaling 40 strips. There were 1788 light spots in the study area (Figure 2).
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Figure 2. Schematic diagram of GEDI and ICESat-2/ATLAS spots in the study area: (a) GEDI spots,
(b) ICESat-2/ ATLAS spots.

2.4. ICESat-2/ATLAS

The ICESat-2/ ATLAS satellite operates with an orbital configuration consisting of
three pairs of six beams, and a laser frequency of 10 kHz. It is capable of acquiring multi-
beam photon cloud data with an approximate diameter of 17 m and an along-track spacing
of 0.7 m. The vertical distance between adjacent orbits is approximately 3 km, while the
vertical separation between the strong and weak beams is about 90 m. The satellite revisits
the same location every 91 days. The satellite provides 21 data products, categorized
into three major types, designated ATLO1 to ATL21. This study utilizes two specific data
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products: ATLO3 (global geolocated photon data) and ATLO8 (land and vegetation height
data) [25]. All ATLO3 and ATLO08 data products covering the study area were obtained
from January 2022 to August 2023 for this study. A total of 44 ATLO03 records, comprising
132 orbits and 264 beams, were acquired. Similarly, 44 ATLOS records, also comprising
132 orbits and 264 beams, were obtained. The study data were downloaded from the
ICESat-2 website (https://nsidc.org/data/icesat-2/, accessed on 20 January 2024). A
total of 21,080 photon spots (Figure 2) were acquired. Following interpolation to derive
surface raster information in ArcGIS 10.5, the resolution was resampled to 25 m using the
resampling tool.

2.5. Landsat 9

Landsat 9, developed by the USGS and NASA, was successfully launched on 5 Novem-
ber 2021. Following an approximately 100-day commissioning period, the data collected
by Landsat 9 became freely accessible worldwide beginning in early 2022. Landsat 9 is
equipped with the OLI-2 and TIRS-2 instruments. The OLI-2 instrument captures nine
spectral bands across the visible, near-infrared, and mid-infrared spectra, enabling the
observation of vegetation, coastal areas, aerosols, water vapor, and clouds. The spatial
resolution is 30 m for bands 1 to 7 and 9, 15 m for band 8, and 100 m for bands 10 and
11. The TIRS-2 instrument on Landsat 9 measures thermal infrared radiation from the
land surface and outperforms its predecessor, Landsat 8, in both of its bands [26]. This
study utilizes Level 1 data from Landsat 9, processed and analyzed via the Google Earth
Engine (GEE) platform (http://developers.google.cn/, accessed on 20 January 2024). The
download period is from 1 January 2023 to 1 November 2023. The Gram-Schmidt Pan
Sharpening Tool was employed to fuse panchromatic images with a spatial resolution of
15 m with multispectral images at 30 m, followed by resampling the fused multispectral
images to a resolution of 25 m. The image resolution was adjusted to match the 25 m
resolution of GEDI and ICESat-2/ ATLAS data, and the feature parameters of single bands
and vegetation indices were extracted (Figure 3).
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Figure 3. Landsat 9: (a) b7, (b) ndvi. Note: b7: Short-Wave Infrared 2. ndvi: Normalized
vegetation index.

2.6. DEM
This study utilizes a Digital Elevation Model (DEM) with a 12.5 m spatial resolu-
tion, derived from the PALSAR sensor aboard the Advanced Land Observing Satellite-1

(ALOS-1). The DEM was resampled to 25 m to ensure compatibility with the resolutions of
the GEDI and ICESat-2/ ATLAS datasets (Figure 1).

3. Research Methods
The primary steps for estimating the AGC of Dendrocalamus giganteus within the
study area, utilizing spaceborne lidar data from GEDI and ICESat-2/ATLAS, are illus-

trated in Figure 4. These steps include extracting and filtering parameters from GEDI
and ICESat-2/ ATLAS via Python scripts, downloading Landsat 9 and DEM data using
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GEE, performing collaborative Kriging interpolation of principal and covariate variables,
constructing a regional Stacking model for estimation, evaluating model accuracy, and
mapping the spatial distribution of Dendrocalamus giganteus AGC.

ICESat-2/ Sample plot
Landsat 9 ]
GEDI ATLAS andsa DEM data
\ I I I
Y
Data . > AGB model P Sample AGC —
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L
v v L] L]
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main . .
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Sinel bined <
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[ I [ I ]

ten-fold cross
validation

root mean square
error

overall estimation
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I

coefficient of
determination
T

Stacking-RR

Dendrocalamus giganteus
AGC spatial cartography

Figure 4. Technology roadmap.

3.1. Optimization of Interpolation Variable Features

Before semivariogram analysis, it was imperative to conduct a Pearson correlation
analysis on the primary and secondary variables. Constructed utilizing SPSS 27.0 statistical
software, Table 2 reveals a highly significant correlation among the variable combinations at
the 0.01 level. Variables b7, ndvi, and dem were identified as suitable for co-regionalization.
The chosen primary and secondary variables included cgep, fiem, fudvir Pdem, and @i The
correlation coefficients of the other four parameters 11, h2, h3, and h4 with b7 were 0.15,
0.18, 0.07, —0.15, —0.23, —0.31, —0.30, —0.307, and —0.306 in turn.

Table 2. Information source variable description and correlation analysis.

Data Source Variable Description Cross Correlation
Name 4 Variable Coefficient
Total cover, defined as the percentage of the ground covered by "
GEDI . o . Cdem 0.15*
the vertical projection of canopy material.
f The foliage height diversity index is calculated by the vertical Jaem 0.18 **
foliage profile normalized by the total plant area index. Fdoi 0.07 **

4 Estimated Pgap(theta) for the selected L2A algorithm. Pdem —0.15**




Forests 2024, 15, 1440 8 of23
Table 2. Cont.
Variable .. Cross Correlation
Data Source Name Description Variable Coefficient
ICESat- Apparent surface ‘ _ -
2/ATLAS ¢ Reflectance. #ndvi 023
n The 98% height of all the absolute individual canopy heights N 031 %
referenced above the WGS84 ellipsoid. b7 ’
The minimum of relative individual canopy heights within the
W segment. Relative canopy heights have been computed by W 030 **
subtracting the canopy photon height from the b7 '
estimated terrain surface.
3 The median of individual absolute canopy heights within the 3 0307 **
segment referenced above the WGS84 Ellipsoid. b7 ’
" Mean of the individual absolute canopy heights within segment ” 0,306 **
referenced above the WGS84 Ellipsoid. b7 ’
Landsat 9 b7 Short-Wave Infrared 2.
ndvi Normalized vegetation index.
ALSO dem Elevation.

Note: ** indicates a significant correlation at the 0.01 level; c: cover; f: fhd_normal; p: Pgap_theta; a: asr;
h1: h_max_canopy_abs; h2: h_min_canopy; h3: h_median_canopy_abs; h4: h_mean_canopy_abs; c4,: cover col-
laborate with dem; f4,,,,: fhd_normal collaborate with dem; f,,4,;: fhd_normal collaborate with ndvi; p,,,: Pgap_theta
collaborate with dem; a,,4,;: asr collaborate with ndvi; hl,;: h_max_canopy_abs collaborate with b7; h2;;:
h_min_canopy collaborate with b7; h3);: h_median_canopy_abs collaborate with b7; h4;;: h_mean_canopy_abs
collaborate with b7.

3.2. Spaceborne Lidar Parameter Interpolation Method

The semi-variation function was also called the “semi-variance function.” The semi-
variation function was defined as the value of the regionalized variable Z(x) at points x
and x + h, being half of the difference between Z(x) and Z(x + &), which was called the
semi-variation function of the regionalized variable Z(x), namely,

1 N(h) 2
v(h) = Wzizl ((Z(xi) = Z(x; + 1)) )
where r(h) is the semi-variance function value; N(h) is the number of pairs of points in a
direction whose distance is equal to /; Z(x;) is the variable measured at x;; and Z(x; + h) is
the measurement of x;’s deviation from /.

3.2.1. Collaborative Kriging Method

CK is a method of linear unbiased optimal estimation using easy-to-obtain variables
to cooperate with hard-to-obtain variables, namely,

7* (xO) = :.1:1 )\aiZg(xi) + Z;n:l )tb]'Zb (x]-) (6)

where Z*(xp) is the estimated value at a certain position; Z,(x;) and Zy(x;) are the measured
values of principal variables and covariables, respectively; A, and Ay; are the weights of
measured values of principal variables Z, and covariable Z;; and n and m are the number
of measured values of the principal variable and covariate, respectively.
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3.2.2. Evaluation of Interpolation Accuracy

This study employed the GS+9.0 software to acquire the optimum semi-variance
function model and determined the most suitable model based on the coefficient of de-
termination (R?), residual square sum (RSS), and the ratio of block gold value to base
value (SR) [27]. The accuracy of CK was assessed by cross-validation based on the optimal
model [28], and the calculation formulas are

RSS =YY" (yi—1:)° 7)
_ G
SR = GrC (8)
A
|2 - 2w
ME = (9)
n
A A
|20 - 2] 160
MSE = (10)
n
r o(x)
ASE = # (11)
n a 2
RMSE = i=1 [Z(xi - Z(xl)] (12)
A 2
L 20 - 2 1/ 50
RMSSE = (13)

n
where y; is the measured value, 7; is the predicted value, # is the total number of samples,

A
Cp is the nugget value, Cy + C is the sill value, C is the partial sill value, Z(x;) is the

predicted value of the i at position x, Z(x;) is the observed value of the 7 at position x, o'(x;)
is the standard error, and 7 is the number of spots.

3.3. Dendrocalamus giganteus AGC Stacking-RR Model Establishment and Accuracy Evaluation

Stacking is an integrated learning methodology that integrates multiple distinct learn-
ers to achieve superior performance. In Stacking, data are typically trained with multiple
base learners, and the predictions generated by these base learners are provided as input to
a meta-learner for ultimate predictions [29].

In this research, random forest (RFR), boosted regression trees (BRT), k-nearest neigh-
bor (KNN), Cubist, and extreme gradient boosting (XGBoost) were employed as the base
model, and ridge regression (RR) was utilized as the meta-learner to construct the AGC
storage model. The technical route map, demonstrated in Figure 5, presents the overall
workflow of the study and the correlations among various steps. The main parameters of
each data source model are optimized through grid search, and the results are displayed
in Table 3.
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Figure 5. Model technology roadmap.
Table 3. Shows the grid search results of the main parameters for each data source model.
Data Source Model Parameter Value
GEDI RFR mtry, ntree 2,300
BRT n.trees, interaction. depth, shrinkage 10,000, 2, 0.01
KNN k-neighbors 2
Cubist Committees, neighbor 6,4
XGBoost Nrounds, max_depth, eta 50,2,0.1
RR lambda 0.1
ICESat-2/ATLAS RFR mtry, ntree 2,300
BRT n.trees, interaction. depth, shrinkage 10,000, 10, 0.01
KNN k-neighbors 2
Cubist Committees, neighbors 6,4
XGBoost Nrounds, max_depth, eta 50,3,0.1
RR lambda 0.1
GEDI+ICESat-2/ ATLAS RFR mtry, ntree 5,1000
BRT n.trees, interaction. depth, shrinkage 10,000, 4, 0.01
KNN k-neighbors 2
Cubist Committees, neighbor 6,6
XGBoost Nrounds, max_depth, eta 80,2,0.1
RR lambda 0.01

3.3.1. Base Model

(1) RFR

Random sampling was conducted through self-aggregation, selecting the optimal
features at each node for division. This method has demonstrated a high tolerance for
data noise and has effectively mitigated overfitting to a certain extent [30]. Regression
modeling using the RFR model was performed with the “randomForest” package in
Rstudio (version 4.2.2, Boston, MA, USA), a statistical software environment. In this model,
two crucial parameters were configured: the number of trees (ntree) and the number of
variables selected at each tree node (mtry).

(2) BRT

For a specified loss function (such as the squared error in regression) and a base
predictor, BRT aimed to identify an additive model that minimized the loss function [31].
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For regression problems, the BRT model achieved an improved model by employing a
weighted average of all base predictors” outcomes. The BRT model was constructed using
the Rstudio (version 4.2.2, Boston, MA, USA) language “gbm” package, and different
interaction depths (interaction.depth), shrinkage parameters (shrinkage) and number of
trees (n.trees) were selected to tune the model [32].

(3) KNN

KNN is categorized as a lazy machine learning algorithm. The core principle of the
kNN algorithm involves identifying the K nearest neighbors of a sample and estimating
the result by averaging their attributes. The KNN model was constructed using the “caret”
package in the Rstudio (version 4.2.2, Boston, MA, USA) programming language, which
includes its algorithm for this purpose. A crucial hyperparameter to be determined is “K”,
which specifies the number of nearest neighbors [33].

(4) Cubist

During the construction of the Cubist model, predictors are learned sequentially, with
the response variables for each base predictor adjusted based on the previous fitting results.
Subsequently, new rules are derived from these adjusted response variables [32]. The
Cubist software package in Rstudio (version 4.2.2, Boston, MA, USA) was utilized to set
two critical parameters: group size (committees) and the number of neighbors. Committees
denote the number of model iterations, while neighbors indicate the number of neighboring
points for each sample.

(5) XGBoost

The XGBoost model was designed to prevent overfitting while reducing computational
costs by simplifying and regularizing predictions so that they maintained optimal com-
putational efficiency. This was achieved through the simplification and regularization of
predictions, ensuring optimal computational efficiency. The fundamental concept involved
continuously adding trees and splitting features, learning a new function with each tree
addition. Each round of predictions was utilized to fit the residuals of the previous round,
predicting the sample score based on its characteristics. Upon completion of the training,
where n trees were obtained, each tree was associated with its corresponding leaf node,
with each leaf node representing a specific score. Ultimately, the predicted value for the
sample was derived by summing the corresponding scores of all trees [34]. In the Rstudio
(version 4.2.2, Boston, MA, USA) statistical software environment, the XGBoost package
was employed to implement this methodology. Three critical parameters were configured:
maximum depth per tree (Nrounds), number of trees (max_depth), and learning rate or
step size reduction (eta).

3.3.2. Metamodel

Several studies have demonstrated that excessively intricate meta-models may induce
model overfitting, thereby potentially compromising the predictive accuracy of Stacking
models [35]. In this study, ridge regression (RR) was utilized as the meta-learner. RR is
frequently employed to mitigate multicollinearity issues and represents an extension of the
ordinary least squares (OLS) method. By adjusting the coefficient of the regularization term,
it regulated the extent to which the coefficients of the feature variables were attenuated [36].
In the Rstudio (version 4.2.2, Boston, MA, USA) language environment, the five trained
models of RFR, BRT, KNN, Cubist, and XGBoost were first saved and loaded. Then, when
training the RR meta-learner, the grid search method was used to explore the optimal
regularization term coefficient. With the aid of RR, the aforementioned basic models were
integrated, and, ultimately, a highly performant strong learner was output.

3.3.3. Model Accuracy Evaluation

This study adopted the 10-fold cross-validation strategy. The basic idea of this strategy
was to divide the dataset into 10 equal parts. Nine of them were used for training the model
and one for testing the model. This process was repeated 10 times, and a different part
was selected as the test set each time. Finally, the results of each test were averaged. In the
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experiment, the fitting effect of the constructed regression model was evaluated through
the R?, root mean square error (RMSE), and overall estimation accuracy (P). The calculation
formulas of each accuracy evaluation index were as follows:

R2:1_ ?:1 (yi_]?i)z (14)
n —\2
ie1 (Vi =)
n ~ N2
RMSE = i=1 (]/l - yl) (15)
n
p= (1 - RAjSE > % 100% (16)

where y; is the actual value; §; is the estimate; i/ is the mean of the estimates; and # is the
number of samples.

4. Results
4.1. Correlation Analysis of Model Variables

The extraction of data parameters of GEDI and ICESat-2/ ATLAS served as the foun-
dation for establishing the model. Before establishing the regression model, it was indis-
pensable to carry out a correlation analysis of each parameter and screen out the correlated
parameters as the independent variable system of the model. With the assistance of the
statistical software SPSS 27.0, Pearson correlation analysis was performed on the AGC
of the measured sample plot data and the remote sensing variables. Nine variables were
found to be correlated, among which four groups of variables were GEDI parameters and
five groups were ICESat-2/ ATLAS parameters. The parameters of ¢z, and pg.,,, of GEDI
were significantly correlated at the 0.01 level, while the parameters of f;,,, and f,4,; were
significantly correlated at the 0.05 level. The parameters of a,,4,,;, h1p7, h2y7, h3p;, and h4y; of
ICESat-2/ ATLAS were significantly correlated at the 0.01 level. The results are presented
in Figure 6. The GEDI correlation coefficients, ranked from largest to smallest in absolute
value, were Cgep (0.43) > Peny (—0.41) > fo1 (0.35) > 401 (0.33), and the ICESat-2/ ATLAS
correlation coefficients, ranked from largest to smallest in absolute value, were a,,4,; (0.41) >
h2y7 (0.38) > h3y7 (0.37) and h4y; (0.37) > h1,; (0.36).
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Figure 6. Correlation matrix between AGC and remote sensing factors.

4.2. Interpolation Analysis

The variogram analysis was carried out through the G5+9.0 software, and the model
was selected based on the principle of a large R? and a small RSS. SR, the ratio of the
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nugget value to the sill value, reflects the degree of spatial variation and can describe the
strength or weakness of spatial autocorrelation. The smaller the SR, the stronger the spatial
autocorrelation. Generally, it can be divided into three grades: 0-25%, 25%-75% [37], and
more than 75%, representing the strong, medium, and weak autocorrelation of variables,
respectively. The larger the R2, the smaller the RSS, and the smaller the SR value, the
better the fitting effect. As can be known from Table 4, for the four groups of variables
of GEDI (Cgem, faems fudvir Pdem), the Gaussian model was the best, and the SR values were
all less than 25%, indicating a strong spatial autocorrelation of the variables. The R? of
the Gaussian model for the four groups of variables was the largest, and the RSS was the
smallest. Among ICESat-2/ATLAS, for one group of variables (a,4,;), the Gaussian model
was the best, with the largest R? and the smallest RSS, and the SR was within 0-25%. For
the other four groups of variables (h1y;, h2y;, h3p7, h4y7), the spherical model was the best,
and the SR was within 0-25%, indicating a strong spatial autocorrelation of the variables.
The R? of the spherical model was the largest, and the RSS was the smallest.

Table 4. Structural analysis of variation function of spot characteristic factors of GEDI and ICESat-
2/ATLAS.

Information

Source Modeling Factor model Co Co+C SR/% a/m RSS R?
Cros(sc';’a‘;‘able Gaussian 0.1 53.71 0.19 12,817.18 715 0.82
e
GEDI + DEM Spherical 0.1 53.52 0.19 16,100 777 0.81
Exponential 0.1 53.87 0.19 18,900 1226 0.71
-vari aussian . X R ,817. .
Crosif;’aglable G 0.1 93.09 0.11 12,817.18 2298 0.81
ent
GEDI + DEM Spherical 0.1 92.70 0.11 16,100 2503 0.80
Exponential 0.1 93.19 0.11 18,600 3933 0.70
Cmsf‘/;‘;ar)’able Gaussian 1.33 x 102 0.19 7.05 20,264.99 931 x 103 0.83
nauvt
Lgffsla:g Spherical 1.00 x 1074 0.19 0.05 24,500 1.01 x 1072 0.81
Exponential 1.00 x 1074 0.20 0.05 32,100 1.38 x 1072 0.76
-vari aussian —0. —54. 5 ,817. .
C“’S(Sp;’ar)lable G 0.1 54.87 0.18 12,817.18 681 0.83
lem
GEDI + DEM Spherical —0.1 —54.67 0.18 16,100 743 0.82
Exponential —0.1 —55.05 0.18 18,900 1205 0.73
-vari aussian —0. —30. . ,722. .
Crosa‘;a_r)lable G 0.01 30.65 0.03 14,722.43 308 0.81
ndot
IEEEZ;;/ tAgTLAS Spherical —0.01 —30.46 0.03 18,200 342 0.79
Exponential —0.01 —30.6 0.03 21,000 529 0.70
Cr“?,;;’;r;able Gaussian —7.70 x 103 —3.97 x 1072 19.40 19,745.38 416 x 1073 0.97
ISEEZ;Z tAgTLAS Spherical —4.00 x 1073 —3.98 x 102 10.05 24,500 326 x 107° 0.98
Exponential —1.00 x 10~* —4.07 x 1072 0.25 27,900 6.49 x 1075 0.96
Cross-variable Gaussian —7.40 x 1073 —3.94 x 1072 18.78 19,918.58 404 x 1073 0.97
(h247)
[CESat 2/ ATLAS Spherical ~3.00 x 103 ~3.95 % 102 7.59 24,400 321x105 098
Exponential —1.00 x 1074 —4.06 x 1072 0.25 28,800 6.67 x 107° 0.97
Cros(sl;‘s’;r)‘able Gaussian —8.09 x 103 —3.97 x 1072 20.39 24,100 4.00 x 1075 0.97
7
ICE-Sat 2/ ATLAS Spherical ~3.00 x 103 397 x 102 756 24,100 326x10° 098
Exponential —1.00 x 1074 —4.07 x 1072 0.25 28,200 6.52 x 107° 0.96
Cr"s(sl;;’jr)’able Gaussian —7.80 x 1073 —3.96 x 1072 19.70 19,918.58 404 x 1075 0.97
7
ICESat—2/ATLAS Spherical —2.90 x 1073 —3.97 x 1072 7.30 24,100 327 x 107° 0.98

+ Landsat 9

Exponential —1.00 x 10~* —4.07 x 1072 0.25 28,200 6.53 x 1075 0.96
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The optimal semi-variogram models for the four cross-variables of GEDI (Cgep1, fiem,
fudvir Pdem) and one cross-variable of ICESat-2/ ATLAS (a,,4,;) were Gaussian models. Their
model expressions were as follows:

0,h=0
r(h) = {0.1 +53.61<1 - e%) h>12,817.18 (17)
() = {0 ) e a8)
1492.99 (1 - em) h>12,817.18
r(h) = { L e (19)
133 x 1072 + 0.18(1 - em’gw) h > 20,264.99
r(h):{ 0,1 =0 20)
01— 54.77(1 - em’;w) h>12,817.18
r(h)—{ 0,1 =0 1)
01— 30.64(1 - elMZW) > 14,722.43

The optimal fitting semi-variogram models for the four cross-variables of ICESat-
2/ATLAS (h1y;, h2y7, h3p;, h4y;) were spherical. Their model expressions were as follows:

0,h=0
3
v(h) = { =290 x 10° = 3.68 x 1072 (3 5ty — S5l ), 0 < h < 24,100 (22)
—2.90 x 1073 4 3.68 x 1072, h > 24,100

0, h=0
v(h) = { —4.00 x 10° = 3.58 x 102 (3 5k — S35 ), 0 < h < 24,500 (23)
—4.00 x 1073 —3.58 x 102, h > 24,500

0,h=0
v(h) = § =300 x 107 = 3.65 x 102 (§ pglipy — il ), 0 < h < 24,400 (24)
—3.00 x 1073 — 3.65 x 1072, I > 24,400

0,h=0
y(h) = { —3.00 x 107 — 3.65 x 10-%%% - %%) 0<h<24,100 (25
—3.00 x 1073 — 3.65 x 1072, h > 24,100

4.3. Interpolation Result Graph and Accuracy Evaluation

As can be seen from Figure 7, the results obtained through the interpolation of dif-
ferent parameters were different. The results obtained by the a,,4,; interpolation of GEDI
parameters showed obvious blocky and patchy effects, while the planar data obtained by
the interpolation of other parameters presented a smooth state.

When the mean error (ME) and the mean squared error (MSE) were closer to 0, the
prediction values were less biased and the accuracy was higher. The closer the values
were to 0, the higher the validity of the fitting model, indicating that the CK interpolation
was more accurate. When the average standard error (ASE) was greater than the root
mean square error (RMSE), the prediction uncertainty was overestimated; conversely,
the prediction uncertainty was underestimated. The standardized root mean square error
(RMSSE) should approach 1. If its value was greater than 1, the uncertainty of the prediction
was underestimated; otherwise, it was overestimated [28].

The cross-validation results are shown in Table 5. Among the parameters of GEDI
and ICESat-2/ATLAS, except that the MSE of a,,4,; approached 0, the ME and MSE of other
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parameters were 0, and the validity of the fitting model was relatively high. The difference
between ASE and RMSE of the parameters of GEDI and ICESat-2/ ATLAS was 0.01-0.26,
the values were close, and the range of RMSSE was 0.85-1.16, approaching 1.
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Figure 7. Interpolation result: (a) is cjey;, (B) fiem, (€) fudvis () Paems (€) Angyi, (€) hlyz, (8) h2y7, (h) h3y7,

and (i) h4y;.

Table 5. Statistical analysis of cross-validation results.

Modeling Factor ME RMSE MSE RMSSE ASE
Cdem 0.00 0.31 0.00 0.97 0.32
Jaem 0.00 0.53 0.00 0.97 0.54
Frdoi 0.00 0.53 0.00 1.00 0.52
Pdem 0.00 0.31 0.00 0.97 0.32
Aty 0.00 0.07 —0.01 0.85 0.08
hly; 0.00 0.31 0.00 1.16 0.26
h2y7 0.00 0.31 0.00 1.15 0.26
h3y; 0.00 0.31 0.00 1.16 0.26
hdy; 0.00 0.30 0.00 1.06 0.29
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4.4. Model Effect Analysis

Remote sensing factors were screened through Pearson correlation analysis, and RFR,
BRT, KNN, Cubist, XGBoost, and Stacking-RR models were established. R%, RMSE, and P
were employed to evaluate the model accuracy, and the results are presented in Figure 8.
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Figure 8. Scatter diagram of the AGC model of Dendrocalamus giganteus. The models are RFR, BRT,
KNN, Cubist, XGBoost, and Stacking-RR. GEDI model (a—f), ICESat-2/ATLAS model (g-1), integrated
GEDI and ICESat-2/ ATLAS model (m-r).
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It can be known from Figure 8 that each model had the phenomenon of the over-
estimation of low values and underestimation of high values to varying degrees. This
might be due to the small number of samples with the low and high values of the AGC
of Dendrocalamus giganteus, which led to incomplete information contained in the sam-
ples. Based on the three evaluation indicators (R%, RMSE, and P) of the six models,
it was concluded that the Stacking-RR model integrating GEDI and ICESat-2/ATLAS
was the best. (1) The order of estimation accuracy of the models using only GEDI
from high to low was Stacking-RR (R? = 0.90, RMSE = 6.39 Mg/ha, P = 84.54%) > XG-
Boost (R? = 0.88, RMSE = 9.18 Mg/ha, P = 77.91%) > RFR (R? = 0.86, RMSE = 9.60 Mg/ha,
P =76.77%) > BRT (R? = 0.75, RMSE = 10.55 Mg/ha, P = 74.79%) > KNN (R? = 0.68,
RMSE = 11.91 Mg /ha, P = 71.33%) > Cubist (R? = 0.54, RMSE = 14.43 Mg/ha, P = 65.11%).
(2) The order of estimation accuracy of the models using only ICESat-2/ATLAS from
high to low was Stacking-RR (R? = 0.88, RMSE = 7.32 Mg/ha, P = 82.37%) > XGBoost
(R? =0.87, RMSE = 9.28 Mg/ha, P =77.67%) > RFR (R?> = 0.85, RMSE = 10.75 Mg/ha,
P =74.13%) > BRT (R? =0.72, RMSE = 11.40 Mg/ha, P = 72.56%) > KNN (R? = 0.62,
RMSE = 13.46 Mg/ha, P = 67.61%) > Cubist (R? = 0.48, RMSE = 15.22 Mg/ha, P = 63.36%).
(3) The order of estimation accuracy of the models integrating GEDI and ICESat-2/ATLA
from high to low was Stacking-RR (R? = 0.92, RMSE = 5.73 Mg/ha, P = 86.19%) > XG-
Boost (R? = 0.90, RMSE = 7.62 Mg /ha, P = 81.66%) > RFR (R? = 0.88, RMSE = 9.06 Mg/ha,
P =78.20%) > BRT (R?> = 0.79, RMSE =9.66 Mg/ha, P = 78.20%) > KNN (R? = 0.70,
RMSE = 11.21 Mg/ha, P = 72.73%) > Cubist (R? = 0.59, RMSE = 14.11 Mg/ha, P = 66.03%).

4.5. Spatial Distribution of the AGC Storage of Dendrocalamus giganteus

Based on GEDI and ICESat-2/ ATLAS as the main variables, with Landsat 9 and DEM
as the auxiliary variables, the grids of CK interpolation were employed as the input vari-
ables of the Stacking-RR model to obtain the spatial distribution prediction map of the
Dendrocalamus giganteus AGC in Xinping County, as shown in Figure 9. After conduct-
ing spatial mapping and classification, the AGC of Dendrocalamus giganteus in the study
area was 1.02 x 107 Mg, the average AGC was 43.61 Mg/ha, the maximum value was
76.43 Mg/ha, and the minimum value was 15.52 Mg/ha. It could be seen from the results
in the figure that the high-biomass areas of Dendrocalamus giganteus were mainly distributed
in the northwest (Gasazhen, Laochangxiang, and Shuitangzhen), and the distribution in
other places was more scattered, without obvious regularity. This result was consistent
with the distribution of Dendrocalamus giganteus subcompartments in the second-class forest
resource survey in 2016.
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Figure 9. Distribution map of Dendrocalamus giganteus AGC in Xinping County.
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5. Discussion and Conclusions
5.1. Discussion
5.1.1. Uncertainty Analysis of Data Sources

In recent years, there have been many studies on estimating forest AGC based on
spaceborne lidar GEDI and ICESat-2/ATLAS. Generally, the commonly used GEDI and
ICESat-2/ ATLAS have not eliminated the geographical positioning error caused by lidar
spots [25]. Due to the high cost of airborne lidar, it is difficult to achieve forest detection
tasks on a regional scale. Some studies indicated [38,39] that the horizontal geolocation
accuracy of ICESat-2/ATLAS was less than 5 m, and there was generally a positional
error of 2-3 m, while the GEDI data had a positional error of 10.2 m [40]. Compared with
ICESat-2/ATLAS, its positioning error in the horizontal direction was more obvious. This
could be corrected in the later stage with the help of high-precision airborne lidar data or
by using the joint adjustment of stereoscopic images [41]. Meanwhile, the model estimation
accuracy of ICESat-2/ATLAS in this study was lower than that of GEDI, which was
consistent with the research results of Silva et al. [10]. The reasons for this might first be that
ICESat-2/ATLAS adopted photon counting technology, emitted low energy of micro-pulses,
and could only receive a few signal photons for each pulse [42], with a short duration
and a weak signal [43], being vulnerable to noise and having poor penetration ability
through dense tree crowns [10], resulting in difficulties in extracting the tree crown [44]
and bringing huge challenges to data processing and estimation. While GEDI was the
first full waveform data specifically designed for studying forest structure, its emitted
pulse signal had high energy and long duration [42], and GEDI had stronger tree crown
penetration ability than ICESat-2/ ATLAS [45]. Secondly, in this study, the strong and weak
beams of ICESat-2/ATLAS in the study area were not distinguished for research. Existing
studies showed [46] that the estimation accuracy of forest aboveground biomass by strong
beams was higher than that by weak beams. Therefore, to reduce error transmission, the
strong and weak beams could be distinguished in the future to explore their influence on
the estimation accuracy of Dendrocalamus giganteus AGC. Additionally, when using the
subcompartment attribute data of the second-class forest resource survey in 2016 to screen
out the GEDI and ICESat-2/ATLAS spots distributed in the forested land of the study
area, there was a problem of inconsistent time, which might lead to a gap between the
effective spots screened out and the actual spots, having a certain impact on the accuracy
of carbon storage spatial mapping. Regarding Landsat 9, optical images are prone to the
light saturation effect in thick forests and are highly influenced by the environment. In this
article, additional remote sensing data are added to make up for the deficiencies of optical
images, so as to weaken the impact of external environmental factors. The study by Zhao
et al. [47] believed that the potential uncertainty of the remote sensing estimation model
might be caused by the different temporal, spatial, radiometric, and spectral resolutions of
the optical imager. Even at the same time and place, for the same feature object, the feature
variable values extracted from the optical image were also different. Based on Landsat 9,
this study conducted a correlation analysis of the parameters and variable features of GEDI
and ICESat-2/ATLAS and screened out ndvi and b7 as covariates; texture features will be
added in the future.

5.1.2. Geostatistical Analysis

This study explores a novel method for obtaining regional-scale AGC estimation
that is timely, efficient, cost-effective, and precise, utilizing GEDI and ICESat-2/ATLAS
data through spatial interpolation techniques. This method addresses the limitation of
discontinuous distribution in GEDI and ICESat-2/ATLAS lidar data by integrating multi-
source remote sensing data to produce continuous planar attribute products at the regional
scale. This approach offers a new perspective for large-scale or global forest AGC depiction.
Spatial interpolation predicts values at unknown locations based on observed values
at known locations, effectively leveraging the dense observation data from spaceborne
lidar. Liu et al. [48], utilizing the natural neighbor-guided interpolation (NNGI) method,
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combined GEDI and ICESat-2/ATLAS data to map forest canopy height distribution
across the entire area. Compared to GEDI verification footprints, UAV lidar verification
data, and field measurements, the R? for forest canopy height after NNGI interpolation
ranged from 0.55 to 0.60, with an RMSE between 4.88 and 5.32 m. In this study, GEDI
and ICESat-2/ATLAS parameters were used as primary variables, and Landsat 9 and
DEM as covariates. The best interpolation model was determined using GS+ software to
calculate the semi-variance function, resulting in higher accuracy [49]. Figure 7 illustrates
that the eight parameters of CK interpolation display a smooth state, while the a,4,; of
ICESat-2/ ATLAS exhibit distinct strip and island distribution characteristics, leading to
the underestimation or overestimation of AGC estimates. The interpolation effect of this
parameter is consistent with the findings of Yu et al. [50]. Existing studies [37,51] have
demonstrated that sequential Gaussian conditional simulation can mitigate the stripe effect.
Future work may consider sequential Gaussian simulation interpolation. Additionally,
spatial interpolation relies on the “First Law of Geography”, which posits that spatially
proximate points are more likely to have similar characteristic values, while distant points
are less likely to share similar values [52]. However, the AGC of Dendrocalamus giganteus
is influenced by local environmental factors such as climate, moisture, and soil. In future
research, factors with strong spatial autocorrelation, such as climate and soil, should be
comprehensively considered as covariates for estimation.

5.1.3. Uncertainty Analysis of Stacking-RR Model

In recent years, numerous studies have made use of complementary information
from multi-source remote sensing data to enhance the accuracy of forest AGC models.
Nevertheless, the estimation of bamboo forest AGC using the Stacking model constructed
based on GEDI and ICESat-2/ATLAS data remains insufficiently explored. Schwenker [53]
suggested that the accuracy of a single model was insufficient to effectively utilize all avail-
able information, as each algorithm had distinct advantages and disadvantages, leading
to various uncertainties in model errors. Therefore, integrating multiple base learners
is necessary. The Stacking model integrates the strengths of various learning models,
thereby enhancing performance robustness, reducing estimation uncertainty, and improv-
ing predictive accuracy [54]. In this study, we employed Pearson correlation analysis to
identify variables associated with AGC from an extensive set of remote sensing features.
We integrated five machine learning models and utilized RR as the meta-learner to de-
velop a remote sensing estimation model for the AGC of Dendrocalamus giganteus using
Stacking-RR ensemble learning. Our results demonstrate that the Stacking-RR ensemble
model enhances R? and p values while reducing RMSE. This model outperforms individual
machine learning models and aligns with previous findings [55]. Previous studies have
highlighted the importance of selecting appropriate base learners for the efficacy of the
Stacking model. Combining diverse base learners enhances the ability to correct errors
inherent in single models and mitigates the dependence on sample size [56]. Choosing
an appropriate number and type of base learners is also better than randomly selecting
base learners to construct an accurate Stacking model [57]. In this study, five models were
directly integrated. In the future, indicators such as correlation coefficient, covariance,
difference measure, chi-square measure, and mutual information could be used to measure
the diversity of base learners in Stacking [58]. Moreover, the meta-learner used to fit the
base learners would also affect the performance of the Stacking model [57]. Huang [59] et al.
compared the performance of 11 machine learning algorithms and selected XGBoost as the
optimal meta-model for Stacking integration, which improved model accuracy. Therefore,
in the future, the best meta-learner can be further optimized and selected to improve the
accuracy of the estimation of Dendrocalamus giganteus AGC. In addition, in non-parametric
model building, the optimization of model parameters is particularly important. The
uncertainty of remote sensing models and model parameters has a significant impact on
the accuracy of estimation results [60]. For the different information sources, forest types,
and spatial distributions of biomass and carbon stocks, the applicability of the values of
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model parameters was inconsistent [3]. The approach proposed in this study for estimating
the AGC of Dendrocalamus giganteus through the integration of GEDI and ICESat-2/ATLAS
data and the combination of the Stacking-RR model can effectively enhance the model’s
accuracy, reduce errors, and lower costs. This also offers an example of fusing multiple
data and models for the inversion of bamboo forest parameters at the regional scale.

5.2. Conclusions

Lidar can penetrate forest canopy and obtain more accurate vertical structure infor-
mation, which has great potential for improving the accuracy of forest AGC estimation.
In this study, we used preprocessed GEDI and ICESat-2/ATLAS data as primary vari-
ables, supplemented by Landsat 9 and DEM data as auxiliary variables. We employed
co-Kriging interpolation for spatial expansion and estimated the AGC of Dendrocalamus
giganteus using Stacking-RR, XGBoost, RFR, BRT, KNN, and Cubist models. The results
indicated that Gaussian models best fitted the semi-variograms for cze, faem, fudvis Pdem, and
Ay4yi- Spherical models best fitted the semi-variograms for hlyy, h2y;, h3y;, and h4;;. Sepa-
rate models were established based on the parameters from GEDI and ICESat-2/ATLAS.
The GEDI model outperformed the ICESat-2/ ATLAS model in estimation accuracy. The
integrated Stacking-RR model combining GEDI and ICESat-2/ATLAS data achieved su-
perior estimation accuracy (R? = 0.92, RMSE = 5.73 Mg/ha, p = 86.19%) compared to
single models: XGBoost (R?> = 0.90, RMSE = 7.62 Mg/ha, p = 81.66%), RFR (R? = 0.88,
RMSE = 9.06 Mg/ha, p = 78.20%), BRT (R? = 0.79, RMSE = 9.66 Mg/ha, p = 78.20%), KNN
(R? = 0.70, RMSE = 11.21 Mg/ha, p = 72.73%), and Cubist (R? = 0.59, RMSE = 14.11 Mg/ha,
p = 66.03%).

The research shows that integrating GEDI, ICESat-2/ATLAS data, combined with the
Stacking-RR model to estimate the AGC storage of Dendrocalamus giganteus can improve the
accuracy of the model and reduce the error, which can provide a reference for the inversion
of bamboo forest parameters by fusing various data and models at the regional scale.
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