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Abstract: Carbon absorption and storage in forests is one of the important ways to mitigate climate
change. Therefore, it is essential to use a variety of remote-sensing resources to accurately estimate
forest aboveground biomass (AGB) in dry-hot valley regions. In this study, satellite images from
the Sentinel-1A, Sentinel-2A, and Gaofen-2 satellites were utilized to estimate the forest AGB in
Yuanmou County, Yunnan Province, China. Different combinations of image data, based on selected
variables of stepwise regression and their performance in constructing linear stepwise regression
(LSR) and random forest (RF) models, were explored. The results showed that: (1) after adding
the polarized values of the synthetic aperture radar backscatter coefficients, the combination fitting
effect was significantly improved; (2) the fitting effect of the Sentinel-1A + Sentinel-2A + Gaofen-
2 data combination was superior to the other combinations, indicating that the effective extraction
of forest horizon and vertical information can improve the estimation effect of the forest AGB; and
(3) the RF model exhibited superior fitting performance compared to the LSR model across all
permutations of remotely sensed image datasets, with R2 values of 0.71 and 0.65, and RMSE values of
30.67 and 33.79 Mg/ha, respectively. These findings lay the groundwork for enhancing the precision
of AGB estimation in dry-hot valley areas by integrating Sentinel-2A, Sentinel-1A, and GF-2 imagery,
providing valuable insights for future research and applications.

Keywords: aboveground biomass; Sentinel-1A; Sentinel-2A; GF-2; dry-hot valley

1. Introduction

Forest above-ground biomass (AGB) plays a fundamental and indispensable role
in the global carbon cycle and contributes to the mitigation of global climate change
[1–3]. Hence, it is important to be able to estimate the forest AGB accurately and rapidly.
However, traditional methods of biomass estimation in the field are destructive, time-
consuming, and spatially limited, although the results tend to be accurate [4]. However,
the remote-sensing assessment of AGB has the advantages of remote-sensing technology,
with its multi-temporal, multi-scale, multi-sensor, and rapid monitoring, which can easily
overcome the limitations of traditional AGB survey methods [5–7]. Therefore, using remote-
sensing technology to achieve high-precision estimates of forest AGB has become a hot
research topic [8].

Due to the excellent characteristics of different remote-sensing datasets, they are
widely used in the fields of forestry, snow cover, agriculture, medicine, oceans, regression,
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and others [9–11]. By estimating forest AGB, we can help manage and protect our forest
resources more effectively, as well as cope with today’s growing challenges of climate
change. Studies have utilized various remote sensing datasets to improve the precision
of AGB estimation, spanning from local to global scales [7]. Santoro et al. [12] combined
multiple synthetic-aperture radar (SAR) satellite observations from around 2010 to generate
a global aboveground living biomass dataset that could have a significant impact on climate,
carbon, and socioeconomic modeling, and provide a basis for future estimates of carbon
stock changes. Among these, multispectral remote-sensing data possess the benefits of
being both multi-temporal and multi-resolution, providing rich spectral information, with
advanced technology utilizing infrared bands sensitive to plant data, this method has been
extensively employed in estimating forest biomass [13,14]. The Sentinel-2A (S2) satellites
are open-source, with rich band information, moderate spatial and temporal resolution,
and a wide detection range. The S2 possesses a 10-m spatial resolution along with 13 bands,
and its unique three “vegetation red edge” bands can provide more data support for the
monitoring of surface planting [15,16]. In addition, the high spatial resolution multi-spectral
images from the Gaofen-2 (GF-2) satellite can represent vegetation information well and
have been gradually utilized in remotely sensed biomass estimation studies [17–19]. The
GF-2 has a high spatial resolution and can realize a more-detailed extraction of forest
feature information and provide more-detailed spatial information, which is suitable for
small-scale vegetation biomass monitoring and change analysis. These data sources have
found extensive application in remote-sensing estimations of forest AGB [20–22]. However,
researchers have found that optical sensor data suffers from homonyms and homographs,
and that saturation is another major issue contributing to the poor performance of AGB
estimation, especially in forest stands in areas of high heterogeneity [23]. In response,
SAR benefits from its capability to penetrate through the forest canopy, enabling the
acquisition of trunk-related information, is not affected by the weather, is able to operate
under all weather conditions and holds significant promise for estimating forest AGB
[24–26]. In addition, SAR can improve the saturation value of optical remote sensing to
some extent. Sentinel-1A (S1) images can obtain forest vertical information. Because of
the interaction between the microwave signal and the forest, forest structure information
can be obtained, which is helpful to the study of forest biomass [27]. Although different
degrees of success have been achieved in forest AGB remote-sensing estimation based on
GF-2, S2, and S1 images, there are still limitations to obtaining forest biomass information
based on single images [28,29]. By combining multi-spectral data with SAR data for AGB
estimation, the fitting performance can be effectively improved. Multiple investigations
have demonstrated that integrating various remote-sensing techniques can mitigate the
limitations of individual sensors. This integration offers complementary benefits that can
enhance the precision of forest AGB estimation [30–32]. For example, Forkuora et al. [33]
utilized S1 and S2 for remotely estimating the AGB in dryland forests and found that
combining these data with SAR data could improve the estimates. Zhu et al. [34] combined
multi-source datasets (GF-2, GF-3 SAR, and a digital surface model [DSM]) to estimate
the AGB of mangrove forests, thereby producing higher estimation accuracy. Regarding
spatial resolution, spectral variability, and obtaining the vertical structure of forest stands,
GF-2, S2, and SAR images are superior. However, there is a scarcity of research that has
delved into the efficacy of using a combination of three images concurrently—-GF-2, S1,
and S2—-in estimating forest AGB. Hence, we integrated three types of image features with
the aim of improving the precision of the AGB estimation.

Model choice and effectiveness are key to accurately estimating forest biomass via
remote-sensing data [6,35]. Hence, selecting an appropriate model is of the utmost im-
portance. Parametric and non-parametric algorithms have commonly been employed in
AGB estimation [36]. Parametric models perform well on small datasets, have an intu-
itive understanding of the relationships between variables, and are easy to interpret. The
parametric model employs various functions, including linear, power, and exponential, to
establish correlations among AGB and independent variables. The linear stepwise regres-
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sion (LSR) algorithm employs significance tests to discern crucial variables in modeling,
thus improving the estimation accuracy of the parametric model to some degree. Therefore,
it has become a common biomass modeling algorithm [7]. Moreover, machine-learning
algorithms exhibit greater flexibility, robustness, and generalization capabilities when han-
dling large-scale datasets. These algorithms can effectively capture the intricate nonlinear
relationship between variables of remote-sensing data and forest AGB. This leads to a
significant enhancement in accuracy, providing more reliable estimates for forest AGB [37].
Random forest (RF), for instance, is widely applied in AGB remote-sensing estimation due
to its adjustability, robustness, high precision, and fast efficiency [38,39].

The dry-hot valley of the Jinsha River is located in Southwestern China. It is an
ecologically fragile area known for its sparse vegetation cover, high evapotranspiration,
and severe soil erosion [40]. It has the unique savanna vegetation of a dry-hot valley,
characterized by sparse trees, shrubs, and herbs along the slopes [41]. After an extensive
literature review, few estimates of the AGB in dry-hot valley forests were found. There
has been no comprehensive study on the AGB of dry-hot valley forests using the three
kinds of multi-source remote sensing described above. Therefore, the objectives aimed for
in this study were: (1) to explore the fitting performance of different image combinations
(S1 + S2, S1 + GF-2, S2 + GF-2, S1 + S2 + GF-2) in forest AGB estimation in a dry-hot
valley; and (2) to compare the fitting effect of the LSR and RF under the various image
combinations.

2. Material and Methods

The research process flowchart is illustrated in Figure 1. This study involved: (1) collect-
ing GF-2, S1, and S2 remote-sensing images along with field sample plot data; (2) extracting
remote-sensing data by pre-processing and correlation; (3) selecting the stepwise regres-
sion variable; (4) combining the datasets of the remote-sensing factors from the different
data sources; (5) constructing models and performing evaluations; and (6) forecasting and
cartographically representing the spatial distribution of within the research region.

2.1. Study Area

The study area spanned an administrative area of approximately 2020 km2 in Yuanmou
County in Yunnan Province, China. The study area stretches 50 km from east to west.
Additionally, it extends 85 km from north to south. Its geographical location lies between
101◦35′–102◦6′ E and 25◦23′–26◦6′ N (Figure 2) [41]. Here, the Jinsha River runs through a
typical dry-hot valley, the lowest elevation of which is 898 m and the highest is 2836 m. The
area experiences clear distinctions between dry and wet seasons, with an average yearly
temperature recorded at 21.9 ◦C and the highest temperature reaching above 40 ◦C. The
region experiences a mean yearly evaporation of 3847.8 mm, significantly surpassing the
mean yearly rainfall of just 634 mm. Thus, the average annual evaporation is much greater
than the annual precipitation [42]. The zonal vegetation in the Jinsha River dry-hot valley
includes subtropical semi-humid evergreen broad-leaved forests and coniferous forests.
There are large areas covered with shrubs and grasslands, while smaller areas are planted
with eucalyptus trees.
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2.2. Materials
2.2.1. Field Data Collection and Biomass Calculation

Data were collected from the plots based on the distribution of tree species and geograph-
ical characteristics in August 2022, the data were gathered from trees with a diameter at breast
height (DBH) exceeding 5 cm. There were 78 plots (10 m × 10 m) in total dedicated to the
tree survey. Each plot’s centroid coordinates were documented using real-time kinematic
positioning, following the World Geodetic System 84 standard [43]. The tree survey mainly in-
cluded information on the tree species, tree height, DBH, and crown width. The arrangement
of the sampling sites is depicted in Figure 2. The plots were selected to cover the primary
distribution areas of tree species in Yuanmou County. The tree species recorded included
Pinus yunnanensis Franch., Eucalyptus L’Hér, Quercus franchetii Skan., Pinus armandii Franch.,
Keteleeria fortunei (A. Murray bis) Carrière., Phyllanthus emblica L., Alnus nepalensis D. Don.,
Ternstroemia gymnanthera (Wight et Arn.) Beddome., and Dalbergia hupeana Hance., among
others. The allometry equation of prevalent tree species in Yunnan Province was utilized to
calculate the forest AGB based on Tang et al. [42], Luo et al. [44], and Xu et al. [45], with the
forest AGB of the individual trees being calculated. Table 1 displays the formulas used to
calculate the biomass of the trees. For those species with no specific growth allometric equa-
tions, similar species, or equations derived from evergreen deciduous forests and deciduous
broad-leaved forests, were used. The minimum biomass value per unit area for our plots was
1.86 Mg/ha, the maximum being 184.11 Mg/ha, and the average 60.53 Mg/ha.

Table 1. Biomass calculation of tree species.

Species Equation Source

Pinus yunnanensis
Total stem : W = 0.058 × D2.433

Tang et al. [42]Total branch : W = 0.003 × D2.807

Total leaf : W = 0.0026 × D1.986

Eucalyptus spp. lgW = 0.6614 × lg
(

D2 × H
)
− 1.445

Xu et al. [45]
Quercus spp. W = 0.22999D1.39183 × H0.57393

Huashan pine
Total stem : W = 0.058 × D2 × b

Total branch : W = 0.058 × D2 × b
Total leaf : W = 0.058 × D2.214

Oil cedar W = 0.4156 × D2.0817

Luo et al. [44]

Acacia W = 0.324 × D2.156

Evergreen deciduous forest
Total stem : W = 0.551287 + 0.004034 × D3

Total branch : W = 0.7361 + 0.04034 × D2

Total leaf : W = −1.3657 + 0.4336 × D

Deciduous broadleaf forest
Total stem:W = 0.1793 × (−0.619 + D)2

Total branch:W = −0.8228 + 0.421 × D
Total leaf:W = −0.01156 + 0.0070544 × D3

Note: W denotes biomass (kg), D represents the diameter at breast height (cm), H represents tree height (m), and
b is the parameter.

The formula for calculating the unit-area biomass in the plots is as follows:

Biomass = ∑n
k=0 (W × 1000)/100 (1)

where biomass represents the biomass per unit area (in Mg/ha); n stands for the number of
trees of a specific species in the plot; and W denotes the biomass of an individual tree (in Mg).

2.2.2. Obtaining and Pre-Processing the Imagery

Remote-sensing data were collected simultaneously with the ground surveys, with
the Sentinel series data images (S1 and S2) acquired from the Google Earth Engine (GEE)
platform. The S2 satellite data were derived from “COPERNICUS/S2_SR” in the GEE. The
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S1 data were derived from the “COPERNICUS/S1_GRD” dataset in the GEE. The prepro-
cessing of remote sensing images holds significant importance for subsequent research
endeavors. Therefore, we pre-processed the download at the same time. The S1 offered
dual-polarization C-band data at a frequency of 5.405 GHz. We used 30-m digital elevation
model (DEM) data and the Doppler terrain correction method in the SNAP toolbox for
the terrain correction of S1. We processed the S1 data using the S1 toolbox to obtain the
vertical–vertical (VV) and vertical–horizontal (VH) modes. Additionally, we resampled the
spatial resolution of S1 and S2 to match the sample size of 10 m × 10 m.

The GF-2 images utilized in this study were obtained from the Patrol Satellite Tech-
nology Co., LTD., Kunming, Yunnan Province, China. These images constitute a remote-
sensing dataset with a resolution of 4 m. They have found extensive application in land-use
surveys for remote-sensing monitoring, as well as in monitoring the atmospheric envi-
ronment, urban planning, and assessing disaster resources. The GF-2 images comprise a
panchromatic band with a resolution of 1 m and four multispectral bands, each with a reso-
lution of 4 m. Pre-processing of the images involved radiometric calibration, atmospheric
correction, geometric correction, and cropping of the imagery using ENVI 5.3.1 software.
The GF-2 images were standardized to match the ground survey size (i.e., 10 m × 10 m)
through resampling.

2.2.3. Extraction of Remote-Sensing Variables

The majority of related research findings have indicated a notable correlation between
AGB and vegetation indices and textural features based on remote sensing [7,46,47]. The
vegetation index and texture characteristics have found extensive application in the assess-
ment of forest AGB. In different texture metrics, the gray co-occurrence matrix proposed by
Haralick [48] has been widely used. To include a variety of textural features, we selected
the eight most commonly used remote-sensing images. The GF-2 and S2 remote-sensing
images contained textural information for window dimensions of 3 × 3, 5 × 5, 7 × 7, and
9 × 9 pixels. Calculation of the vegetation index was performed in ENVI5.3, following
relevant studies [42,44,45]. From this, we calculated the relevant vegetation index, texture
characteristics, VV, and VH, as shown in Table 2.

Table 2. Variable extraction calculation.

Image Source Feature Variable Description Source

Original bands B1, B2, B3, B4, B5, B6, B7, B8, B8A, B9, B10, B11, B12

Hashemi et al. [49],
Miura et al. [50],
Schlerf et al. [51]

S2

RVI B8/B4
PSSRa B7/B4
DVI B8 − B4
WDVI B8 − 0.5 × B4
IPVI B8/(B8 + B4)
NDVI (B8 − B4)/(B8 + B4)
NDVI45 (B5 − B4)/(B5 + B4)
MTCI (B6 − B5)/(B5 − B4)
GNDVI (B7 − B3)/(B7 + B3)
IRECI (B7 − B4)/(B5/B6)
PVI sin(45◦) × B8 − cos(45◦) × B4
SAVI 1.5 × (B8 − B4)/8 × (B8 + B4 + 0.5)
ARVI B8 − (2 × B4 − B2)/B8 + (2 × B4 − B2)
MCARI [(B5 − B4) − 0.2 × (B5 − B3)] × (B5 − B4)
PEIP 700 + 40 × [(B4 + B7)2 − B5]/(B6 − B5)
S2REP 705 + 35 × [(B4 + B7)/2 − B5] × (B6 − B5)
TSAVI 0.5 × (B8 − 0.5 × B4 − 0.5)/(B4 − 0.15 + 0.5 × B8)
MSAVI (2 − NDVI × WDVI) × (B8 − B4)/8 × (B8 + B4 + 1 − NDVI × WDVI)
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Table 2. Cont.

Image Source Feature Variable Description Source

GF-2

ratio band B342 = (B3 + B4)/B2, B243 = (B4 + B2)/B3, B234 = (B2 + B3)/B4, B23 =
B2/B3, B13 = B1/B3, B341 = (B3 + B4)/B1, B1423 = (B1 + B4)/(B3 + B2)

DVI NIR − RED
NDVI (NIR − RED/NIR + RED)
GNDVI (NIR − GREEN)/(NIR + GREEN)
EVI 2.5(NIR − RED)/(NIR + 6.0NIR − 7.5BLUE + 1.0)
SAVI 1.5(NIR − RED)/(NIR + RED + 0.5)

S2/GF-2 Texture features
(3 × 3, 5 × 5, 7 × 7, 9 × 9)

Mean (ME), Variance (VA), Homogeneity (HO), Contrast (CON),
Dissimilarity (DI), Entropy (EN), Angular Second Moment (ASM),
Correlation (COR)

Cutler et al. [52]

S2 VV, VH Sentinel-1A polarization backscattering coefficient Van Phamet et al. [26]

2.3. Methods
2.3.1. Modeling Algorithms

The stepwise regression model was used both for screening the important predictors
and fitting the model. In addition, we conducted an RF importance selection. Ultimately,
the RF model was also applied to compare the model-fitting performance of the stepwise
regression.

2.3.2. Important Variables Selection

Stepwise regression is widely recognized as a commonly employed method in screen-
ing important variables from redundant variables [53,54]. The stepwise regression model
incorporates feature variables sequentially, subjecting each to individual significance testing.
At a significance level of 0.05, the variables chosen through stepwise regression comprised
the ultimate combination of the model [55]. To ensure model accuracy, we assessed the
collinearity among the features in each variable set, guaranteeing dependable outcomes.
Multicollinearity suggests a significant correlation among the predictor variables. In this
case, we used the variance inflation factor (VIF) to assess the level of collinearity between
the feature variables. To reduce the estimation bias in the model, VIF less than or equal to
10 is usually used as the threshold for identifying and solving collinearity problems [56].
If any predictor variable exhibited a VIF value beyond a predetermined threshold, this
would suggest considerable collinearity that may necessitate its removal from the model to
alleviate potential biases [57].

2.3.3. Linear Stepwise Regression

Linear stepwise regression is a commonly employed algorithm for parameter esti-
mation in AGB estimation [58]. Its advantage lies in its ability to select relevant variables
for inclusion in the regression model, particularly when dealing with a large number of
explanatory variables. At the heart of the algorithm lies the fundamental concept that,
according to the contribution of explanatory variables to the dependent variables, the
algorithm progressively incorporates significant variables into the regression equation,
introducing them sequentially, and the insignificant variables are eliminated after the intro-
duction of new variables [58]. The software IBM SPSS Statistics 25 was used to screen out
the more significant factors. The remote-sensing factors served as independent variables,
while the biomass acted as the dependent variable. An LSR model was established, and its
formula is given in Equation (2) [59].

Y = β0 + β1X1 + β2X2+ . . .+βnXn + ε (2)

where Y = biomass; β0 = constant term; X1, X2, . . ., Xn = predictor variables; β1, β2, . . ., βn
= regression coefficients associated with their respective variables; ε = random residuals
satisfying the assumption of a random normal distribution; and n = number of predictor
variables.
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2.3.4. Random Forest

Random forest—-a technique introduced by Breiman—-employs an ensemble learning
approach by combining predictions from numerous classification and regression trees,
enhancing the overall model performance [60]. Multiple random samples are obtained
through bootstrap sampling, and corresponding decision trees are established through
these samples, respectively, thus forming an RF. These have good accuracy, robustness,
and an easily interpretable feature-selection process. This approach has found extensive
application across diverse fields, encompassing forest biomass remote sensing estimation
among others, and has shown favorable learning performance [61–63]. The RF model was
executed utilizing the RF package in the R-4.3.2 programming language. In the RF, we
used “grid search” in R for parameter fine-tuning. This method involves searching through
a specified combination of parameters to identify the optimal model parameters. We
utilized cross-validation to evaluate the model’s performance, selecting the best-performing
combination of parameters as the optimal parameters [64].

2.4. Model Evaluation

During the cross-validation phase using a constrained sample pool, the predictive
accuracy of the models is gauged using two metrics: the coefficient of determination (R2)
and the root-mean-squared error (RMSE). The respective formulae given below.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (3)

RMSE =

√
∑n

i=1(ŷi − yi)
2

n
(4)

where n represents the number of sample observations; yi denotes the actual value; ŷi
represents the estimated values; and yi represents the mean of the observed sample.

3. Results
3.1. Variable Screening

Following the stepwise regression variable screening, 19 variables were chosen for model
construction. These variables encompassed 3 vegetation indices, 13 texture features, and
2 band combinations. Only images captured in the VH polarization mode were included in
our modeling strategy. The predictors involved in the modeling are provided in Table 3.

Table 3. Selected variables from various sensors.

Sensor Variables

S1 S1_VH
S2 S2_CON_b12_3 × 3, S2_REP, S2_ASM_b8_3 × 3, S2_COR_b2_3 × 3, S2_ME_b2_9 × 9

GF-2 GF_CON_b4_7 × 7, GF_EN_b4_7 × 7, GF_DI_b4_7 × 7,
GF-B23, GF_ASM_b1_5 × 5, GF_EN_b1_5 × 5, GF_DI_b1_5 × 5

S1 + S2 S2_REP, S2_ME_b5_9 × 9, S2_GNDVI, S2_ASM_b8_3 × 3, S2_RVI, S1_VH, S2_COR_b2_3 × 3
S1 + GF-2 GF_VA_b4_7 × 7, GF_CON_b4_7 × 7, S1_VH, GF_B13
S2 + GF-2 S2_REP, S2_COR_b2_3 × 3, GF_B13, S2_CON_b12_3 × 3, S2_ME_b2_9 × 9
S1 + S2 + GF-2 S2_REP, GF_VA_b2_5 × 5, S2_RVI, S2_NDVI, S2_ME_b5_9 × 9, S2_ASM_b8_3 × 3, S1_VH, S2_COR_b2_3 × 3, GF-B23

After selecting variables step by step, RF is used to sort different remote sensing variables,
as shown in Figure 3. Only VH appeared in S1. Of the S2 variables, the S2_REP variable was
the most important. Among the GF-2 variables, the most important were GF_CON_b4_7 × 7,
GF_DI_b4_7 × 7, and GF_EN_b1_5 × 5. In the S1 + S2 variable combination, the S2_REP and
S2_ME_b5_9×9 variables were the most important. In the
S1 + GF-2 variable combination, the variable importance ranks as follows: GF_VA_b4_7 × 7,
GF_CON_b4_7× 7, S1_VH, and GF_B13. When the S2 + GF-2 variables were combined, S2_REP
and S2_COR_b2_3 × 3 were more important. Among the three variable combinations, the top
three variables ranked in order of importance were GF-B13, GF_VA_b2_5 × 5, and S2_REP.
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3.2. Model Fitting

Drawing from the correlation analysis between forestAGB and the independent vari-
ables, the variables utilized in the stepwise regression process are detailed in Table 3. The
stepwise regression model obtained after linear stepwise fitting is shown in Table 4.

Table 4. Construction of LSR model.

Group Expressions

S1 Y = 289.684 + 11.979 × S1_VH
S2 Y = − 2.437 × 105 + 3.457 × 102 × S2_REP − 22.55 × S2_COR_b2_3 × 3 + 42.12 × S2_CON_b12_3 × 3 + 8.705 × S2_ME_b2_9 × 9 − 23.96 × S2_ASM_b8_3 × 3

GF-2 Y = − 152.2074 + 45.2420 × GF-B23 + 78.4102 × GF_EN_b1_5 × 5 + 0.1851 × GF_DI_b1_5 × 5 + 10.5578 × GF_CON_b4_7 × 7 − 74.0780 × GF_DI_b4_7 × 7
S1 + S2 Y = − 3.778 × 105 + 8.578 × S1_VH + 5.362 × 102 × S2_REP − 54.14 × S2_RVI + 1.077 × 102 × S2_GNDVI − 17.30 × S2_COR_b2_3 × 3 − 23.86 × S2_ASM_b8_3 × 3 + 36.99 × S2_ME_b5_9 × 9

S1 + GF-2 Y = 205.099 + 10.880 × S1_VH + 7.770 × GF_CON_b4_7 × 7 + 21.239 × GF_B13 − 9.367 × GF_VA_b4_7 × 7
S2 + GF-2 Y = − 2.175 × 105 + 3.086 × 102 × S2_REP − 24.42 × S2_COR_b2_3 × 3 + 42.90 × S2_CON_b12_3 × 3 + 19.11 × GF_B13 + 8.594 × S2_ME_b2_9 × 9

S1 + S2 + GF-2 Y = − 3.469 × 105 + 8.099 × S1_VH + 4.924 × 102 × S2_REP − 69.48 × S2_RVI + 1.015 × 102 × S2_NDVI − 19.98 × S2_COR_b2_3×3 + 32.58 × GF-B23 + 3.659 × GF_VA_b2_5 × 5 − 23.15 × S2_ASM_b8_3
× 3 + 34.24 × S2_ME_b5_9 × 9

The outcomes of the 10-fold cross-validation process are presented in Figure 4. The
modeling accuracy of the AGB using single remote-sensing data was compared. The
ranges of R2 were from 0.18 to 0.47, with the accuracy of the S1 LSR model being 0.25,
with an RMSE of 48.33 Mg/ha. These values surpassed those derived from the RF model
constructed with AGB using S1 (R2 = 0.18, RMSE = 52.30 Mg/ha). For the S2 image, the
LSR model had an R2 of 0.46 with an RMSE of 42.29 Mg/ha, which is smaller than that
of the RF model (R2 = 0.47, RMSE = 38.98 Mg/ha). In the case of the GF-2 image, the RF
model yielded an R2 value of 0.35 and an RMSE of 46.45 Mg/ha, whereas the LSR model
attained an R2 of 0.33 and an RMSE of 46.81 Mg/ha. In terms of modeling accuracy, S2 was
the best, having more spectral information and more vegetation indices, while GF-2 was
the second best, having the highest possible resolution, which was better able to reflect the
vegetation, while S1 was the worst due to the shorter C-band, which did not reflect the
comprehensive spatial information of the forest well.
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This demonstrates that combining S1, S2, and GF-2 yielded an R2 of 0.71 and a RMSE of
30.67 Mg/ha using the RF model and a 0.65 R2 with 33.79 Mg/ha RMSE for the LSR model
(Figure 4). The S1 + S2 blend was the runner-up in forecasting the forest AGB, securing a
0.67 R2 and a 35.26 Mg/ha RMSE in the RF model, and a 0.57 R2 with a 34.70 Mg/ha RMSE
in the LSR model. Under the S1 + GF-2 combination, the R2 and RMSE of the RF model were
0.62 and 34.07 Mg/ha, and the R2 and RMSE of the LSR model were 0.61 and 35.57 Mg/ha,
respectively. Under the S2 + GF-2 condition, there was no notable distinction observed in
the R2 or RMSE values between the LSR and RF models. To sum up, the combined use
of optical and SAR satellite data showcased the utmost precision, boasting an R2 value of
0.71 and an RMSE of 30.67 Mg/ha. Thus, the model utilizing both optical and SAR data
demonstrated superior accuracy. These findings indicate that integrating remote-sensing
images, particularly combining optical and SAR data, is crucial for significantly enhancing
AGB estimation accuracy.

3.3. Mapping

Figure 5 illustrates the mapping outcomes of forest biomass estimation derived from
individual remote sensing sources (S1, S2, GF-2), as well as the amalgamation of multiple
remote sensing sources (S1 + S2, S1 + GF-2, S2 + GF-2, and S1 + S2 + GF-2) within the
Yuanmou dry-hot valley region obtained via remote sensing techniques. From Figure 5,
it is evident that the inversion outcomes for the seven cases exhibited a similar distribu-
tion pattern for both high and low AGB values. The single remote-sensing estimations
gave mainly low values, the heterogeneity was poor, and there may have been a serious
underestimation of high values, with the S1 heterogeneity and sensitivity being the worst.
For the combined images, the S1 + S2 + GF-2 combination had high heterogeneity and
sensitivity, whereas S2 + GF-2 was the worst. Overall, the AGB estimation results indicate
that the greatest amount of biomass was found in the south and east of Yuanmou, with
the smallest amount mainly being concentrated in the foothills and alongside river valleys
with lower elevations and slopes. Leveraging multiple remote sensing sources proved to
be more effective than solely relying on individual remote sensing datasets. The results
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obtained from combining S1, S2, and GF-2 (S1 + S2 + GF-2) were particularly meaningful
for understanding the biomass distribution in this region.
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Figure 5. Forest AGB estimations for Yuanmou County using various remote-sensing sensors:
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from S1 + S2; (e) inverted map from S1 + GF-2; (f) inverted map from S2 + GF-2; and (g) inverted
map from S1 + S2 + GF-2.

4. Discussion
4.1. Importance Analysis of the Variables

After sorting the RF variables based on their importance, it was found that VH had
high importance in the backscattering coefficient of S1. Manh Van Pham’s [26] study also
showed that the VH model had a good fitting effect with the multiple linear regression
model [26]. Among the S2 variables, S2_NDVI, S2_REP, S2_RVI, and S2_GNDVI all con-
tained red-edge bands in the planting coverage index, with the red-edge bands having a
more significant effect on vegetation monitoring [16]. The GNDVI estimates that the AGB
potential of dryland forests is greater than that of the NDVI. This finding aligns with the
results reported in the study conducted by David et al. [65]. Among the GF-2 variables,
GF-B23 and GF_B13 contributed significantly to the estimation of forest AGB. In addition,
12 variables were selected from the texture features, indicating that these were important
contributors to the estimation of AGB. Earlier research has also indicated the significant
contribution of texture features in forest AGB estimation [66,67].

4.2. Single Remote-Sensing Comparison

Our findings revealed that S2 gave the highest performance in estimating forest AGB
when considering single remotely sensed data, with the RF model recording an R2 of
0.47 and an RMSE of 38.93 Mg/ha, while the LSR model had an R2 of 0.46 and RMSE of
42.29 Mg/ha. The forest AGB estimation accuracy derived from the S2 data exceeded that
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from the GF-2 and S1 (SAR) data [33,68]. The excellent performance of the S2 data can
be attributed to its relatively high spatial resolution and rich band information. Texture
details and vegetation indices from the S2 data have been shown to notably enhance its
performance [69,70]. Another important factor was that the 10 m × 10 m resolution of
the S2 images matched the 10 × 10-m ground sample plots we used, thus theoretically
eliminating the presence of mixed pixels. Consequently, the high temporal and spatial
resolution multi-spectral data of S2 gave a better estimation accuracy. The GF-2 data gave
poor results in the forest AGB estimation, even though GF-2 theoretically had a higher
resolution. However, we resampled the GF-2 data, which resulted in a loss of spectral
information. Resampling inevitably changes the information content of the image and
introduces pixel localization and geometric accuracy errors [70]. In addition, there may
have been more single-attribute pixels in a single pixel of the GF-2 data. This scaling
phenomenon may result in estimation inaccuracies across various spatial resolutions [70].
The S1 data gave the worst estimation performance. This may be because the C-band
is affected by complex terrain in rugged mountainous areas, thus affecting its ability
to improve AGB estimations [33,71]. However, this might be due to the fact that the
acquisition of remote-sensing data coincided with the region’s rainy season, leading to
increased environmental humidity. Studies have demonstrated that backscattering intensity
is also influenced by ambient temperature and humidity [72–74]. Yu and Saatchi [75] used
L-band backscattering characteristics to observe 11 different forest biomes worldwide. They
noted that the relationship between L-band backscattering and AGB may be significantly
influenced by forest type and environment. In addition, this study did not incorporate the
texture features of S1 into the test. Recent comparative studies have found that the texture
information of S1 makes a better contribution to forest AGB [76,77]. The effectiveness of
texture information will be further explored in future studies.

4.3. Combination Comparison

In our study, the AGB model combining the S1, S2, and GF-2 imagery had higher
estimation accuracy than using S1, S2, or GF-2 imagery alone. Integrating variable factors
from diverse remote-sensing data sources can offer a more comprehensive description
of the data. The integration of optical and SAR data showed the advantage of the acqui-
sition of both vegetation spectral traits and canopy structure information [69,76,77]. As
shown in Figure 4, the S1 SAR and optical data (S2, GF-2) gave the best performance in
forest biomass estimation in the Yuanmou area, with the RF model obtaining the highest
R2 (0.71), which was better than for the combinations S1 + S2, S1 + GF-2 or S2 + GF-2, prov-
ing that integrating all the different types of sensors improved the estimation significantly.
Backscattering can improve the retrieval of forest parameters [27]. Our findings align with
those of Zhu et al. [34], who effectively estimated the forest AGB of China’s largest artificial
mangrove forest by integrating GF-2, GF-3 SAR, and unmanned aerial vehicle DSM data,
yielding optimal results.

Moreover, multi-source data can be used effectively on a global scale. Hu et al. [78]
used multiple data to make a global forest AGB map with a spatial resolution of 1 km for
the first time, which is in good agreement with other published AGB distributions. Prior
research has indicated that integrating SAR data with other types of data enhances forest
AGB estimation, particularly when combined with optical imagery [52,69]. This discrepancy
can be ascribed to variations in imaging methodologies, data attributes, and informational
richness across the systems (e.g., SAR provides structural information, whereas optical
data provide canopy density and vegetation condition information) [33]. We found that
in combination with the SAR polarization values, S1 + S2 and S1 + GF-2 produced better
estimations than S2 + GF-2. Other studies using S1 and S2 data for AGB estimation have
obtained similar results. Naidoo et al. [79] showed that integrating S1 and S2 data enhanced
the precision of forest AGB estimation in contrast to relying on a single sensor. Ignoring
S2 and integrating S1 and GF-2, the two models can estimate forest AGB well and the results
are not dissimilar. The R2 of the RF model was 0.01 higher than that of the LSR model, and
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the RMSE was 0.5 Mg/ha lower. These results show that the integration of optical data and
SAR data can simultaneously obtain the advantages of vegetation spectral characteristics
and canopy structure information. Our study shows that the integration of different remote-
sensing datasets produces better results than using a single remote-sensing dataset. Fang
et al. [80] had similar results to those from our study, with multi-sensor combinations
outperforming single sensors and, in most cases, non-parametric models outperforming
parametric models. Non-parametric models are more widely used. David et al. [65] used
S1 and S2 to estimate the AGB of a national park in a tropical savannah forest and adopted
the RF algorithm to obtain the best performance model, with the R2 value reaching 0.95.
This is better than the RF estimation effect of combining S1 and S2 found in our study, which
may be affected by different regions and terrain. Li et al. [81] integrated the remote-sensing
images from GF-2 and S2, effectively harnessing these data to enhance the precision of
coniferous forest stock volume estimation. Using four different remote-sensing images, they
demonstrated that fusion images based on GF-2 and S2 could improve forest stock volume
estimation performance and provide new insights for optical image fusion and adaptive
modeling [82]. In our next study, we will explore the estimation effect of image fusion in
forest AGB. The combination of S1, S2, and GF-2 imagery used in our study provides new
insights into the complementary nature of multi-source imagery for more accurate future
forest AGB estimations in different woodland areas in dry-hot valley regions.

4.4. Limitations and Future Research

The dry-hot valley we studied is mainly situated in the Hengduan Mountain region
of Southwestern China. The valley is deep, the topographic heterogeneity is high, the
climate is hot and dry, and the vertical zonal differentiation of the natural environment is
obvious [83]. Although the topography, vegetation, and climate of dry-hot river valleys
are similar, the methodological system used in our study has not yet been used to estimate
the forest biomass in other dry-hot river valleys. We intend to extend the method to other
dry-hot river valley areas that may have different forest types or environmental conditions
to further evaluate its effectiveness. This will help to verify the applicability and reliability
of the method and provide a wider range of applications for future research.

Although combining multiple remote-sensing data sources gave a relatively higher
forest AGB estimation accuracy, several limitations persisted when employing remote
sensing for AGB estimation. Sensor errors, such as atmospheric correction and noise, and
spatial resolution errors, including cloud cover and mountain shadow, will cause detail
loss, while spectral resolution errors will affect optical data acquisition, complex terrain
and ground object mixing errors will lead to ground object misjudgment, all of which will
cause errors [6]. Although some errors cannot be avoided completely, we should minimize
them to improve the accuracy and reliability of AGB estimation. In future studies, we will
incorporate factors, such as spatial information, a DEM, temperature, precipitation, and
other SAR data with longer bands, into the model. We will study higher-resolution DEM
data for SAR terrain correction. The rise of various models and different algorithms, such
as machine learning, deep learning, U2net, Yolo, etc., are widely used in forest firefighting,
the medical Internet of Things, target detection, and other fields [84–87]. We will explore
their applications in forestry while investigating trends in forest AGB over time to assess
forest health and the value of deforestation. In addition, we will explore alternative data
sources, like lidar and UAVs, to enhance forest AGB estimation accuracy.

5. Conclusions

It is crucial to investigate how accurately forest AGB estimation fits when employing
a combination of diverse remote-sensing data in dry-hot valley regions. Here, 78 plots,
located in Yuanmou County, Yunnan Province, China, were sampled for ground data that
were then compared to remote-sensing data from one active and two passive sources. To
compare the fitting effects of the parametric and non-parametric models, LSR and RF
models were constructed. These led to the following findings:
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1. The combination of the GF-2, S1, and S2 remote-sensing datasets improved the estima-
tion performance of forest AGB, the estimation effect being in the order S1 + S2 + GF-2
> SI + S2>S1 + GF-2 > S2 + GF-2, with S1 + S2 + GF-2 having the best prediction effect,
containing tectonic information from the horizontal and vertical lines. With both
their high resolution and multiple bands, the three different sensors provided richer
information. These findings demonstrate that combining optical and SAR images can
enhance estimation accuracy.

2. The RF gave the best fitting performance compared to the LSR for all four combinations
(S1 + S2 + GF-2, S1 + S2, S1 + GF-2, S2 + GF-2), with the R2 and RMSE values for both
evaluation models being 0.71 and 0.65, and 30.67 and 33.79 Mg/ha, respectively.

In conclusion, the precision of forest biomass retrieval by combining optical remote-
sensing images and SAR data is better than that of a single dataset. The estimation methods
presented here can help forest resource managers better understand structure and biomass,
and thus develop more effective conservation and management strategies. Accurate esti-
mates of forest biomass can provide important data for the calculation of carbon emissions
and absorption, help assess the impact of forests on climate change, and offer a scientific
foundation for the development of pertinent policies.
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