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Savanna grasslands in dry-hot valleys play crucial ecological and productive

roles, yet accurate estimation of their aboveground biomass (AGB) remains

challenging due to rugged terrain, climatic variability, and intensive human

disturbances. To address this, we investigated the Yuanmou dry-hot valley in

Yunnan, China, by constructing a multi-source dataset that integrated remote

sensing indices, topographic factors, meteorological variables, and biodiversity

metrics. Three feature selection techniques were applied to identify key

predictors, and the selected variables were used to train ensemble machine

learning models. Of all tested model combinations, the Random Forest model

with Recursive Feature Elimination achieved the highest predictive accuracy, with

a coefficient of determination of 0.6975, a root mean square error of 89.3436 g/

m2, and a mean relative error of 0.7282. The most influential predictors included

temperature, latitude, biodiversity indices, and specific spectral bands and

vegetation indices. From 2019 to 2024, AGB in the study area exhibited an

overall increasing trend and showed increased spatial homogeneity, although

low-altitude areas consistently maintained lower biomass due to stronger

grazing and land-use pressures. These findings demonstrate the advantages of

integrating multi-source variables with machine learning in ecologically

heterogeneous regions. The proposed framework effectively reduced

redundancy, enhanced sensitivity to ecological drivers, and showed strong

adaptability to complex environments. The observed biomass dynamics further

highlight the positive effects of ecological restoration policies, while revealing

persistent trade-offs between conservation and land use in lowland zones.
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Overall, this study provides a practical methodological framework for improving

the accuracy and applicability of AGB estimation in savanna ecosystems, offering

valuable insights for ecological monitoring, policy implementation, and

sustainable grassland management.
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1 Introduction

Aboveground biomass (AGB) of grasslands refers to the total

biomass of all aboveground components of grassland vegetation-

such as stems, leaves, flowers, and fruits-within a specific time

period, typically a growing season or a full year. It reflects the

accumulation of plant matter in grassland ecosystems and serves as

a key indicator of their carbon sequestration potential and biomass-

carrying capacity (Zhao et al., 2014). Accurate estimation of

grassland AGB is essential for evaluating community growth

status, monitoring successional dynamics, and predicting long-

term ecosystem trajectories (Xue et al., 2017; Pan et al., 2024),

making it highly significant for ecological research. On the one

hand, grassland biomass plays a critical regulatory role in the global

carbon cycle, indicating the impact of climate change on grassland

ecosystems and revealing feedback mechanisms between vegetation

and atmospheric carbon concentrations (Fang et al., 2007; Piao

et al., 2009). On the other hand, the quantity of grassland biomass

determines the productivity of the ecosystem and directly influences

its structural and functional stability (Ni, 2002). Monitoring and

assessing grassland biomass therefore holds substantial practical

value for applications such as grassland fire risk management,

wildlife habitat evaluation, and biodiversity conservation (Hudak

and Brockett, 2004; Mutanga and Skidmore, 2004).

Grassland biomass estimation methods are generally

categorized into three types based on data sources: field-based

measurements, remote sensing-based estimation, and integrated

approaches that combine both. Among these, the harvest-based

clipping method-a traditional field measurement technique-was

widely employed in early studies. This method involves

systematically establishing sampling plots, harvesting all

vegetation within each plot, and then oven-drying and weighing

the samples to estimate regional grassland biomass (Wang et al.,

2025). Although the clipping method provides high accuracy for

small-scale and easily accessible areas, it has several notable

drawbacks, including long sampling cycles, high labor and

financial costs, and destructive impacts on the grassland

ecosystem. These limitations make it unsuitable for real-time,

accurate, and continuous monitoring across large or

topographically complex regions (Liu et al., 2006). Since the late

1970s, satellite remote sensing technology has advanced rapidly.

Many researchers, both domestic and international, have employed
02
remotely sensed vegetation parameters as predictive variables in

biomass estimation models (Zhang et al., 2022). For example,

Prince (1991) used NDVI data derived from NOAA satellites to

develop a linear regression model and revealed a strong correlation

between grassland primary productivity and NDVI. Similarly, Li

et al. (2007) constructed biomass estimation models based on the

relationships between NDVI, RVI, and vegetation biomass to assess

regional biomass levels. Currently, most remote sensing-based

biomass estimation approaches rely on in situ measurements to

establish statistical or regression relationships between remote

sensing indicators and ground-observed biomass data. These

relationships are then used to develop mathematical models for

estimating the AGB of grasslands (Jargalsaikhan et al., 2024). Owing

to their efficiency and scalability, these methods have provided a

scientific basis for large-scale assessments of grassland growth and

have supported the development of sustainable grassland resource

management strategies (Lyu et al., 2022; Wang et al., 2022).

Consequently, remote sensing-based approaches have become one

of the most widely adopted techniques in contemporary biomass

estimation research (Liang et al., 2010).

From a modeling perspective, statistical approaches for

estimating grassland AGB can be broadly categorized into

parametric regression models and non-parametric models.

Parametric models are based on the assumption that the data

follow a predefined distribution. These models estimate AGB by

formulating the relationship between remote sensing variables and

field-measured biomass using mathematical equations or functional

expressions (Roy et al., 1991; Purevdorj et al., 1998). Parametric

models offer advantages such as computational efficiency, structural

transparency, and ease of interpretation. However, their predictive

performance often declines when faced with complex nonlinear

relationships, and they typically exhibit limited generalization

capacity. In contrast, non-parametric models make no

assumptions about the underlying data distribution. Instead, they

learn directly from the data, constructing data-driven relationships

through algorithmic mechanisms. With the rapid advancement of

machine learning techniques, non-parametric models such as

Random Forest (RF), Support Vector Machine(SVM) and

Gradient Boosted Decision Trees (GBDT) have been widely

applied to AGB estimation. For instance, Zhao et al. (2022)

demonstrated that an RF model based on vegetation indices

significantly outperformed traditional parametric regression
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models. Similarly, Wu et al. (2024) compared multiple approaches

and found that machine learning algorithms consistently

outperformed statistical models in estimating AGB, with RF

showing the highest robustness.

Despite substantial progress in grassland AGB estimation, key

challenges remain in feature variable selection, model adaptability,

and accuracy enhancement. Current remote sensing-based studies

often rely on a relatively narrow range of input variables, with

modeling processes primarily dependent on traditional vegetation

indices. This limits the ability to comprehensively capture grassland

growth dynamics in ecologically complex environments. In

addition, the performance of different machine learning models

varies significantly across geographic regions, and their

generalization capabilities and integration efficiency for multi-

source data remain inadequate (Zhang et al., 2020). Therefore, it

is imperative to develop robust methodologies that can effectively

integrate multi-source remote sensing data, optimize feature

selection strategies, and improve both estimation accuracy and

regional adaptability.

Among various grassland types, Savanna grasslands in dry-hot

valley regions are particularly representative. Dry-hot valleys are

unique geographical units in southwestern China, shaped by factors

such as enclosed topography, deeply incised river valleys, and the

foehn wind effect. These factors contribute to a characteristic hot

and dry climate, marked by high temperatures, low humidity, and

distinct wet and dry seasons (Yang, 2007; Yang et al., 2016). Within

this ecological context, a distinct “valley-type Savanna grassland”

has developed, dominated by Poaceae herbs along with sparsely

distributed trees and shrubs. The plant community typically

exhibits three vertical strata-trees, shrubs, and herbaceous plants-

showing clear vertical layering and pronounced seasonal dynamics.

Common species include Heteropogon contortus and Bothriochloa

ischaemum (herbs), Vitex negundo and Clerodendrum cyrtophyllum

(shrubs), as well as Phyllanthus emblica and Quercus glauca (trees)

(Jin, 1999; Zhang et al., 2021). These grasslands are widely

distributed along slopes, alluvial fans, and piedmont terraces

within dry-hot valleys, often forming belt-like or patchy clusters.

They represent a typical native drought-tolerant vegetation type in

the arid regions of southwestern China (He et al., 2009). The

Yuanmou dry-hot valley in Yunnan Province serves as a

representative study area. In recent years, this ecosystem has

faced increasing pressures from climate change and human

activities, resulting in severe environmental challenges such as soil

erosion and biodiversity loss, thereby classifying it as a typical

ecologically fragile region (Zhang et al., 2020).Therefore, developing

a high-precision model for estimating the aboveground biomass of

Savanna grasslands holds substantial practical significance for

grassland management, growth monitoring, and ecological

conservation in dry-hot valley regions.

This study focuses on the Savanna grassland in the Yuanmou

dry-hot valley, Yunnan, and develops an AGB estimation method

that integrates multi-source feature variables, optimized feature

selection, and ensemble modeling approaches. Three feature

selection algorithms-Spearman’s correlation, Recursive Feature

Elimination (RFE), and Lasso regression-are combined with three
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machine learning models: RF, XGBoost, and GBDT. A

comprehensive remote sensing-based AGB estimation model for

the Savanna grassland in the Yuanmou dry-hot valley is

constructed, and its spatiotemporal distribution patterns are

analyzed. Notably, this study represents the first systematic

integration of multi-dimensional ecological variables and

comparative modeling analysis in the context of sparse tree

grasslands in dry-hot valleys. Unlike previous studies that

primarily focus on single approaches, such as NDVI combined

with RF or SVM, this research further explores feature combination

strategies and model adaptability through systematic comparisons.

The results demonstrate that the RFE-RF model exhibits strong

robustness and generalizability in addressing ecological

heterogeneity and the complex terrain characteristic of dry-hot

geomorphology, achieving high estimation accuracy and ecological

adaptability. These findings provide a scientific basis and data

support for dynamic monitoring, grassland resource management,

and ecological restoration of typical ecosystems in dry-hot valleys.
2 Materials and methods

2.1 Technical workflow

The technical workflow of this study is shown in Figure 1. The

overall process can be divided into four main steps: (1) Data

Acquisition: Integration of vegetation indices, original spectral

bands, topographic factors, meteorological variables, diversity

indices, and field observation data to construct the initial dataset.

(2) Data Preprocessing and Feature Selection: Remote sensing data

were subjected to atmospheric correction, resampling, and pixel

value extraction. Three feature selection methods were then applied

to identify the optimal feature combination. (3) AGB Estimation

Modeling: The selected feature sets were input into multiple

machine learning algorithms, generating nine AGB estimation

models. (4) Model Evaluation and AGB Inversion: Model

performance was evaluated using R², RMSE, and MRE, and the

best model was chosen for AGB inversion of Savanna grasslands,

followed by an analysis of its spatiotemporal distribution patterns.
2.2 Study area overview

This study focuses on the grasslands of the Yuanmou dry-hot

valley, located in the Chuxiong Yi Autonomous Prefecture of

Yunnan Province, China (101°35′–102°06′E, 25°27′–26°04′N).

The study area lies in a transitional zone between the Central

Yunnan Plateau and the Western Yunnan Plateau (Liu et al., 2024;

Zhang et al., 2025), and represents a typical section of the lower

reaches of the Jinsha River dry-hot valley (Figure 2). It includes all

areas within Yuanmou County situated at elevations below 1,600

meters (Zhang et al., 2000; Ou et al., 2015). Geographically, the

Yuanmou dry-hot valley exhibits a pronounced north–south

orientation, flanked by mountainous terrain on both sides. The

valley extends approximately 50 kilometers from north to south and
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spans about 15 kilometers from east to west, covering a total area of

2,021.47 km² (Zhang et al., 2000). The Yuanmou River, the primary

watercourse in the region, flows from west to east through the valley

and constitutes a major factor shaping the local geomorphological

pattern. Climatically, the region features a typical dry-hot valley

climate, characterized by an annual mean temperature of 21.9°C

and an average annual precipitation of 615.1 mm. The diurnal
Frontiers in Plant Science 04
temperature variation is significant, whereas annual temperature

variation is relatively limited. Summer temperatures often exceed

30°C and can surpass 35°C under extreme conditions, while winter

temperatures average around 5°C.

Precipitation in the Yuanmou dry-hot valley exhibits a distinct

seasonal pattern. The rainy season, from June to September,

accounts for over 90% of the annual total, characterized by
FIGURE 2

Overview map of the study area.
FIGURE 1

Technical workflow of AGB estimation in savanna grasslands. (a) Data Acquisition and Preprocessing, (b) Feature Selection and Modeling.
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intense but short-duration rainfall events. In contrast, the dry

season lasts from November to April, featuring minimal

precipitation and arid atmospheric conditions, which accentuate

the region’s characteristic dry-hot climate. This climatic regime

leads to an exceptionally high annual average evapotranspiration of

3,911.2 mm-approximately 6.4 times the annual precipitation-

resulting in a pronounced regional moisture deficit (Zhang et al.,

2023). Furthermore, both temperature and precipitation

demonstrate dramatic variations along elevation gradients,

establishing this area as one of the most representative dry-hot

valley regions in China. Shaped by the combined influence of

environmental and climatic factors, the Yuanmou dry-hot valley

has developed an ecosystem dominated by Savanna-type grasslands.

These grasslands display a typical vertical stratification of “tree–

shrub–grass” and are composed mainly of drought-tolerant,

heliophilous herbaceous species. The vegetation is distributed in

distinct belts along the valley slopes. In terms of climate, landform,

and vegetation composition, the Savanna grasslands in the

Yuanmou dry-hot valley exemplify the defining attributes of dry-

hot valley ecosystems. They serve as a representative model of

grassland-dominated ecological structures in such environments.
2.3 Data sources

2.3.1 Field-measured data
2.3.1.1 Ground-based biomass sampling

In accordance with the principles of systematic sampling,

comprehensive survey, and targeted verification, AGB data were

collected using 1 m × 1 m quadrats within the Savanna vegetation

zone below 1600 m elevation in the Yuanmou dry-hot valley during

August to October of 2019, 2020, 2021, and 2024. The dominant

species in the region include Bothriochloa pertusa, Heteropogon

contortus, and Phyllanthus emblica, which exhibit vigorous growth,

forming dense grass canopies and substantial litter layers that cover

the soil surface. Interspersed among these are various other

herbaceous species, contributing to a clearly stratified vertical

vegetation structure. Following the sampling methods and

technical protocols established by (Fang et al., 2009), multiple 30

m × 30 m randomly located plots were selected across the study

area. Within each plot, three independent 1 m × 1 m quadrats were

randomly established, with a minimum spacing of 15 meters

between them. The selected plots were composed of relatively

homogeneous grassland types. All aboveground plant material

within each quadrat was clipped at the soil surface. For each

quadrat, the sampling date, vegetation height, percent cover, fresh

biomass, and species composition (including species names and

individual counts) were recorded. The samples were bagged,

labeled, and transported to the laboratory, where they were oven-

dried at 65°C for 48 hours to determine dry biomass. The mean

value of the three quadrats in each plot was used to represent the

AGB of that plot. In total, 63, 27, 125, and 114 samples were

collected in 2019, 2020, 2021, and 2024, respectively. After data

cleaning and quality control, 283 valid samples were retained for use

in model development.
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Notably, the sample sizes collected across different years showed

significant variation, primarily influenced by multiple factors,

including the region’s complex topography, harsh climatic

conditions, and limited field access-especially during the COVID-

19 pandemic. To minimize potential biases caused by these sampling

discrepancies, standardized data cleaning procedures and consistent

selection criteria were applied during the preprocessing stage.

Furthermore, samples from all years were combined into a single

dataset, which was then randomly divided into training and testing

sets according to a fixed proportion for model validation. This

approach has been widely adopted in previous studies and has

proven effective in mitigating the effects of sample size imbalance,

thereby ensuring the accuracy and generalizability of the model.

2.3.1.2 Diversity indices

Diversity indices are widely used to quantify species richness

and the evenness of their distribution, offering essential data

support for analyzing the relationship between vegetation

structural characteristics and AGB. These indices are extensively

applied in ecological research and play a crucial role in AGB

estimation (Wang et al., 2024a). In this study, the Simpson index

(Simpson, 1949), Inverse Simpson index (Magurran, 2003), Pielou’s

evenness index (Pielou, 1966), and Shannon-Wiener index

(Shannon and Weaver, 1971) were selected as feature variables

and incorporated into the training dataset for the grassland AGB

estimation model. All diversity indices were calculated based on

field-measured vegetation data.

2.3.1.3 Meteorological data

Meteorological data were obtained from ten monitoring

stations established by the Yunnan Meteorological Bureau in

Yuanmou County, including temperature and precipitation

records from 2019 to 2024, along with the geographic coordinates

(latitude and longitude) of each station. Based on these observed

data and corresponding elevation information, spatial interpolation

was conducted using the ANUSPLIN software. ANUSPLIN is a

widely used tool for hydrometeorological interpolation across

various spatial and temporal scales because it effectively balances

the smoothness and accuracy of the interpolated surfaces. It is

particularly well-suited to regions with complex topography (Wang

et al., 2024b; Xiao et al., 2023). Therefore, this method was

employed in the present study to generate interpolated climate

surfaces. The outputs were subsequently processed in ArcGIS for

spatial clipping, yielding gridded datasets of annual mean

temperature (TEM) and annual total precipitation (PRE) at a

spatial resolution of 30 meters for the dry-hot valley region.

Finally, climate values corresponding to the year and location of

each sampling point were extracted using spatial analysis tools.

2.3.2 Remote sensing data
2.3.2.1 Sentinel-2 data acquisition

The Sentinel-2 satellite is equipped with the MultiSpectral

Instrument which captures imagery across 13 spectral bands

ranging from the visible to the shortwave infrared region, with a

swath width of 290 kilometers. The system operates in a sun-
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synchronous polar orbit, with a revisit period of 10 days for a single

satellite and 5 days when both Sentinel-2A and Sentinel-2B are

combined. In this study, Sentinel-2 surface reflectance products

with a spatial resolution of 10 meters, provided by the GEE

platform, were utilized for data preprocessing. Remote sensing

imagery acquired during the grassland growing season (August to

October) of 2019, 2020, 2021, and 2024 was selected. Images were

filtered based on a cloud cover threshold of less than 10%, yielding a

total of 360 valid Sentinel-2 scenes. To capture optimal vegetation

conditions, cloud masking was performed using the QA60 band and

the cloudMask function available in GEE. Subsequently, the

QualityMosaic function was applied to generate composite images

that represent the highest-quality pixels across the time series. Two

categories of remote sensing features were extracted from the

imagery: (1) original spectral bands and (2) vegetation indices.

These feature sets were then incorporated into the model

development process for estimating grassland aboveground biomass.

2.3.2.2 Original spectral bands

The Sentinel-2 satellite imagery includes 13 multispectral

bands, each designed for specific observational purposes. In this

study, Bands B1 through B12 were extracted from the Sentinel-2

data based on their respective spectral characteristics and functional

relevance for vegetation monitoring and analysis. Detailed

information on each band is provided in Table 1.

2.3.2.3 Vegetation indices

Vegetation indices (VIs) are derived by linearly or non-linearly

combining different spectral bands to quantitatively or qualitatively

represent vegetation coverage and growth conditions. They play a vital
Frontiers in Plant Science 06
role in evaluating grassland productivity and ecological functions. As a

widely applied remote sensing technique, VIs are extensively used in

vegetation cover monitoring, growth condition assessment, and

tracking ecological restoration or degradation processes. Numerous

studies have shown significant correlations between vegetation indices

and grassland aboveground biomass (Bao et al., 2008; Jin et al., 2014).

In this study, four spectral bands from Sentinel-2 imagery-blue (B2),

green (B3), red (B4), and near-infrared (B8)-were selected for

vegetation index calculation. Based on the spectral characteristics and

suitability of each index, a total of 30 vegetation indices, including

NDVI, RVI, and EVI, were computed. These indices were used to

evaluate vegetation cover status and monitor ecosystem dynamics.

2.3.2.4 DEM data acquisition

The 30-meter resolution Digital Elevation Model (DEM) and

administrative boundary vector data were obtained from the

Resource and Environment Science and Data Center of the

Chinese Academy of Sciences (https :/ /www.resdc.cn/

Default.aspx). The DEM data were preprocessed using ArcGIS

10.2 through mosaicking and spatial clipping to produce the

geospatial datasets required for this study. Based on the DEM of

the Yuanmou Dry-Hot Valley, a set of terrain-related physical

parameters-including latitude, elevation, slope, aspect, and surface

roughness-were derived using spatial analysis tools in ArcGIS 10.2.
2.4 Variable selection

A total of 53 initial modeling variables were constructed, including

12 original remote sensing spectral bands, 30 vegetation indices, 4
TABLE 1 Sentinel-2 spectral band information.

Band
Wavelength
range (µm)

Spatial
resolution (m)

Description

B1 (Aerosol) 0.433 - 0.453 60 Used for atmospheric correction, aerosol monitoring, and coastal zone studies

B2 (Blue) 0.459 - 0.525 10 Used for vegetation reflectance monitoring and land cover classification

B3 (Green) 0.543 - 0.578 10 Used for healthy vegetation monitoring and water turbidity analysis

B4 (Red) 0.650 - 0.680 10
Used for vegetation index calculation; sensitive to vegetation absorption
and reflectance

B5 (Red Edge 1) 0.698 - 0.713 20 Used for vegetation health monitoring; sensitive to chlorophyll content variation

B6 (Red Edge 2) 0.733 - 0.748 20 Used for monitoring vegetation structural characteristics

B7 (Red Edge 3) 0.773 - 0.793 20 Used for vegetation health assessment

B8 (NIR) 0.785 - 0.899 10
Used for vegetation indices; suitable for vegetation cover and
productivity assessment

B8A (Narrow NIR) 0.855 - 0.875 20 Used for more precise vegetation health monitoring

B9 (Water Vapor) 0.935 - 0.955 60 Used for water vapor content monitoring and atmospheric correction

B10 (Cirrus) 1.360 - 1.390 60 Used for cirrus cloud detection and image quality improvement

B11 (SWIR 1) 1.565 - 1.655 20
Used for soil moisture monitoring, crop classification, and
atmospheric correction

B12 (SWIR 2) 2.100 - 2.280 20
Used for surface mineral and soil information extraction; suitable for
disaster monitoring
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biodiversity indices, 5 topographic factors, and 2 meteorological

variables. To effectively eliminate redundancy among variables,

mitigate multicollinearity, and improve the predictive performance of

the model, three feature selection methods were applied: Spearman

correlation analysis (Cohen, 1988), RFE (Adorada et al., 2018), and

Lasso regression (Hastie et al., 2001). The specific procedures and

selection criteria for each method are outlined as follows:

2.4.1 Spearman correlation analysis
This method was used to evaluate the monotonic relationships

between each variable and the ground-observed AGB. Spearman’s

rank correlation coefficient (r) was calculated for each variable in

relation to the measured AGB, and the absolute values of the

coefficients were ranked in descending order. Variables with weaker

correlations were progressively excluded to form a preliminary feature

subset for subsequent modeling. Instead of using a fixed correlation

coefficient threshold, a feedback-based approach was adopted,

whereby the feature subset was dynamically adjusted according to

the variation trend of the root mean square error (RMSE) in machine

learning models constructed with different variable combinations. The

final optimal feature subset was determined based on the variable

combination that yielded the lowest RMSE.

2.4.2 Recursive feature elimination
This method employed a Random Forest regressor as the base

estimator and implemented Recursive Feature Elimination with

Cross-Validation (RFECV) to perform feature selection. In each

iteration, the least important feature-identified based on feature

importance scores-was eliminated using a step size of one.

Concurrently, 10-fold cross-validation was applied to evaluate

model performance using the negative mean squared error (neg-

MSE) as the assessment metric. The optimal number of features and

the corresponding feature subset were selected based on the

configuration that yielded the lowest RMSE. This method does

not require the manual setting of an importance threshold, thus

offering strong adaptability and robustness in model construction.

2.4.3 Lasso regression
Lasso regression incorporates an L1 regularization term to

simultaneously perform variable selection and coefficient

shrinkage. In this study, the LassoCV module was utilized to

automatically identify the optimal regularization parameter a
(alpha) via 10-fold cross-validation, upon which the final Lasso

model was constructed. Only features with non-zero regression

coefficients were retained, enabling sparse modeling. The optimal a
value determined in this study was 281.95. By penalizing the

coefficients of less informative features, Lasso regression drives

them toward zero, thereby achieving dimensionality reduction

while preserving the most predictive variables.

The three feature selection methods were applied independently,

with the selected variable subsets used to construct modeling schemes

for different input combinations. By comparing the estimation

accuracy and stability of models across these feature configurations,

we evaluated the applicability and effectiveness of each method in

feature extraction.
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The modeling variables used in this study encompass data from

multiple dimensions, each complementing the others in terms of

ecological indicators. Remote sensing raw bands and vegetation

indices directly reflect the spectral characteristics and growth status

of vegetation. Numerous studies have confirmed their strong

correlation with AGB, particularly in capturing spatial variations

in grassland biomass. Terrain factors, such as slope, aspect, and

surface roughness, influence plant growth by modulating solar

radiation, water distribution, and runoff processes, thus shaping

the microclimatic conditions that support vegetation development.

Meteorological factors, including annual mean temperature and

precipitation, serve as dominant environmental drivers at the macro

scale, directly impacting net primary productivity and vegetation

carbon accumulation rates. Additionally, diversity indices reflect the

complexity of community structure, including species richness,

evenness, and ecological stability. These are critical indicators for

assessing the resilience and recovery capacity of grassland

ecosystems, particularly in ecologically sensitive areas such as dry-

hot valley regions. In the Yuanmou dry-hot valley, characterized by

an arid climate, fragmented terrain, and significant ecological

transitions, relying on a single data source or variable type often

fails to fully reveal the mechanisms behind AGB formation.

Therefore, the integration of multi-source variables not only

enhances the model’s ability to explain spatiotemporal biomass

variations but also strengthens its adaptability and responsiveness

in the context of ecological heterogeneity.
2.5 Machine learning model construction

This study employed machine learning algorithms as the

primary predictive approach, utilizing three ensemble models: RF,

XGBoost, and GBDT. By combining these three machine learning

methods with three feature selection algorithms, a total of nine

remote sensing models for above-ground biomass estimation were

developed. For each model combination, a grid search was

performed to optimize key hyperparameters, with the goal of

achieving optimal predictive performance.

2.5.1 RF model construction
The RF algorithm, developed by Leo Breiman and Adele Cutler,

is an ensemble learning method that constructs multiple decision

trees and obtains the final prediction by averaging the outputs of all

trees (Reinermann et al., 2020). In this study, grid search was

employed to optimize the model parameters on training datasets

constructed using three different feature selection algorithms.

Among the key parameters, n_estimators refers to the number of

decision trees used in the ensemble, where increasing the number

generally improves model accuracy but excessively large values may

reduce computational efficiency. max_depth represents the

maximum depth of each decision tree, i.e., the maximum number

of layers from the root node to the leaf node; this parameter controls

the complexity of the trees, with deeper trees potentially causing

overfitting and shallower trees possibly leading to underfitting. The

optimal parameters of the RF model are summarized in Table 2.
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In Python 3.8, the Random Forest Regressor from the scikit-

learn (sklearn) library was employed to construct remote sensing

estimation models for grassland aboveground biomass using three

optimized training datasets derived from different feature selection

algorithms. The independent variables consisted of features selected

by these algorithms, while the measured biomass data served as the

dependent variable. The model randomly partitioned 90% of the

input data for training and reserved the remaining 10% as a test set

to evaluate model accuracy.

2.5.2 GBDT model construction
GBDT, proposed by Friedman in 2001, is designed to enhance

predictive performance by integrating multiple weak learners. This

approach iteratively optimizes the model via residual fitting,

progressively correcting errors to improve its fitting capability (Wang

et al., 2023). Grid search was used to tune parameters for the three

feature selection algorithms. Among these parameters, the learning rate

controls the contribution of each individual tree to the final prediction,

while n_estimators specifies the number of decision trees. The optimal

GBDT model parameters are summarized in Table 3.

The GBDT model was implemented using the Python GBDT

library. A remote sensing model for grassland above-ground biomass

estimation was developed based on three optimized feature-selected

training datasets and measured biomass data. These three optimized

feature sets were used as independent variables, while the measured

biomass values served as the dependent variable. The model

randomly selected 90% of the input data to form the training set,

with the remaining 10% used as the test set to assess model accuracy.

2.5.3 XGBoost model construction
XGBoost, developed by Tianqi Chen in 2014 as an

enhancement of the GBDT algorithm, iteratively trains a new

decision tree at each iteration by optimizing the gradient of the

prediction errors from the previous model, thereby progressively

reducing the overall error (Chen and Guestrin, 2016). Grid search

was employed to optimize the parameters of XGBoost to improve

its predictive performance in AGB estimation. The learning_rate

controls the step size of each iteration, while n_estimators denotes

the number of weak learners. The optimal parameters of the

XGBoost model are summarized in Table 4.
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The XGBoost model was implemented using the Python XGBoost

library. Remote sensing estimation models for grassland aboveground

biomass were developed based on three optimized feature-selected

training datasets and measured biomass data. These three optimized

feature sets served as independent variables, while the measured

biomass values were treated as the dependent variable. The model

randomly selected 90% of the input data to constitute the training set,

with the remaining 10% used as the test set to evaluate model accuracy.
2.6 Model accuracy comparison and
evaluation

Model accuracy was evaluated using the coefficient of

determination (R² Equation 1), root mean square error (RMSE,

Equation 2), and mean relative error (MRE, Equation 3) (Zhou

et al., 2023; Li et al., 2024). The corresponding calculation formulas

are provided below:

R2 = 1 −o
n
i=1(yi − byi)2

on
i=1(yi − yi)

2 (1)

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
on

i=1(yi − byi)2
n

s
(2)

MRE =
1
no

n

i=1

yi − ŷ i

yi

���� ����� 100% (3)

In the formulas, yi represents the observed value of the i-th sample,

ŷi denotes the predicted value of the i-th sample, y is the mean of the

observed values, and n is the total number of samples. The R² indicates

the goodness of fit between the model predictions and the observed

values, with values closer to 1 representing better model performance.

The RMSE quantifies the square root of the average squared differences

between predicted and observed values; lower RMSE values indicate

smaller prediction errors and improved model fit. The MRE expresses

the relative difference between predicted and observed values.
3 Results and analysis

3.1 Characteristics of aboveground
biomass in the savanna grasslands of
Yuanmou dry-hot valley

Statistical analysis was performed on AGB sample data collected

within the study area from 2019 to 2024, with the results
TABLE 3 Important hyperparameters of the GBDT model.

Parameter
Spearman
correlation

RFE
Lasso

regression

learning_rate 0.1 0.3 0.1

n_estimators 50 50 200
TABLE 4 Important hyperparameters of the XGBoost model.

Parameter
Spearman
correlation

RFE
Lasso

regression

learning_rate 0.1 0.1 0.3

n_estimators 50 50 100
TABLE 2 Important hyperparameters of the RF Model.

Parameter
Spearman
correlation

RFE
Lasso

regression

n_estimators 200 150 200

max_depth None 14 None
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summarized in Table 5. Overall, significant differences were

observed in the mean, maximum, and minimum AGB values

across different years, reflecting considerable spatiotemporal

variability in vegetation growth conditions within the region.

Notably, the average AGB in 2020 was 305.24 g/m², markedly

higher than in other years, whereas the mean AGB in 2019 was

comparatively low at 53.13 g/m².

At the plot scale, the distribution of maximum and minimum

AGB values reflects differences in management intensity and

ecological conditions among sample sites. In 2024, the maximum

AGB reached 814.43 g/m², indicating the presence of plots with

high biomass, while the minimum AGB was only 19.89 g/m²,

revealing low-biomass plots likely influenced by environmental

factors, which contributed to substantial variability in AGB across

plots. Additionally, the maximum AGB in 2020 was 607.36 g/m²,

significantly higher than in 2019 and 2021, whereas the minimum

was 89.79 g/m², indicating the persistence of locally degraded plots.

Spatial heterogeneity is a major factor driving AGB differences both

temporally and spatially. The standard error of AGB in 2021 was

9.38 g/m², markedly lower than in other years, suggesting more

uniform vegetation growth across plots that year. Conversely, the

standard error in 2020 was relatively high at 25.35 g/m², reflecting

pronounced variability in growth conditions among the

sample plots.
3.2 Feature selection results

Important variables were selected using three feature selection

methods: Spearman correlation analysis, RFE, and LASSO

regression. The feature selection results are summarized in Table 6.

According to the selection results, Spearman correlation, RFE,

and LASSO regression identified 35, 9, and 11 optimal feature

variables, respectively. The features selected by the RFE method

were relatively balanced across different categories, including

topographic factors, diversity indices, remote sensing indices, and

climatic factors. Among them, latitude (N) and temperature were

identified as key topographic and climatic variables influencing the

variation in AGB of grasslands in the dry-hot valley region. Although

latitude exhibits relatively small variation within the study area, it
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remains an important indicator of local microclimates and vegetation

types, affecting plant growth potential and community distribution

patterns. The Yuanmou Dry-Hot Valley is characterized by high

temperatures, low precipitation, and large diurnal temperature

variations. Temperature directly influences plants’ photosynthetic

efficiency, transpiration rate, and water use efficiency, thereby

exerting a direct effect on grassland aboveground biomass. The

Simpson, Shannon-Wiener, and Pielou indices were used to

quantify species richness, evenness, and stability within the

vegetation communities, reflecting the complexity of ecosystem

structure. In this harsh climatic environment with significant

human disturbance, the stability and adaptability of community

structure play a crucial role in shaping AGB. Additionally, spectral

bands B1, B5, B11, and the Green-Red Vegetation Index (GRVI) were

identified as important factors affecting grassland AGB. Spectral

information has consistently been a key feature in AGB inversion,

showing strong correlations with biomass.
3.3 Comparison of model accuracy for
grassland aboveground biomass estimation

AGB estimation models were developed by combining the

optimal feature sets derived from three feature selection methods-

Spearman correlation, RFE, and LASSO regression-with three

machine learning algorithms: RF, XGBoost, and GBDT. This

resulted in a total of nine model combinations. The performance

of each model on the test dataset is presented in Table 7.

Overall, the RF model exhibited the greatest adaptability to

different feature selection methods, achieving consistently high

predictive accuracy with both RFE and Spearman’s correlation-

based feature sets. In contrast, the SVM model showed higher

sensitivity to the choice of feature selection method, with notably

poorer performance when using features selected by the LASSO.

The XGBoost model performed best when combined with the RFE-

selected features. Among the nine model combinations evaluated,

the RFE-RF combination achieved the best overall performance,

with the highest goodness-of-fit (R² = 0.6975). Therefore, this

model was selected to estimate grassland aboveground biomass in

the Yuanmou Dry-Hot Valley region.
TABLE 5 Statistical summary of measured AGB values from sample plots
in 2019–2021 and 2024.

Statistical
indicators

Year
2019

Year
2020

Year
2021

Year
2024

Number of samples 63 27 125 114

Mean (g/m²) 53.13 305.24 172.62 187.82

Maximum (g/m²) 181.49 607.36 578.60 814.43

Minimum (g/m²) 0.4 89.79 22.98 19.89

Standard error 5.024 25.35 9.38 14.94
TABLE 6 Optimal variable selection results from three feature
selection algorithms.

Method Selected variables

Spearman
correlation
analysis

RDVI、Temperature、EVI、B12、GNDVI、NDWI、CVI、
GRVI、GCI、B8、B7、ARVI、RVI、B8A、MSR、PRI、
MNLI、NDVI、EVI2、TSAVI、GSAVI、OSAVI、SAVI、
TNDVI、MSAVI、MSAVI2、B6、Simpson、RGBVI、B9、
B3、B5、B4、B2、B 1

RFE
N、Simpson、Shannon.Wiener、Pielou、B1、B5、B11、
GRVI、Temperature

Lasso
regression

elevation、TVI2、B2、B5、B6、B7、B8A、B9、B12、
TVI、Precipation
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3.4 Spatiotemporal distribution patterns of
grassland biomass

3.4.1 Temporal variation
Figure 3 illustrates the estimated AGB of savanna grasslands in

the Yuanmou dry-hot valley, derived using the RFE-RF model. A

comparative analysis of the spatial distribution maps from different

years (2019–2024) reveals a sustained upward trend in AGB and a

progressively more spatially balanced distribution. This trend

reflects a clear spatiotemporal response in grassland productivity,

indicating an ongoing ecological recovery process driven by the

combined influence of anthropogenic activities and natural factors

within the dry-hot valley ecosystem. In 2019 (Figure 3a), the initial

year of the study period, AGB levels were generally low. Red and

orange zones were widely distributed across the central,

southwestern, and northwestern regions of the study area,

indicating that AGB values were predominantly below 150 g/m²,

with a considerable proportion falling below 100 g/m². These low

values signify sparse vegetation cover and limited biomass

accumulation, suggesting that ecosystem functioning was

substantially constrained. Regions with relatively higher AGB

were sparsely distributed, mainly confined to the eastern margin

and specific river terrace areas. This spatial pattern is indicative of a

typical degradation structure, characterized by “low-value

dominance with isolated high-value patches.” In 2020 (Figure 3b),

a slight overall increase in AGB was observed, along with a

noticeable expansion in green and cyan zones. The area

corresponding to moderate AGB values (150–250 g/m²)

expanded, indicating initial signs of productivity recovery and a

shift toward moderate biomass levels. Compared to 2019, regions

with low AGB (<100 g/m²) were significantly reduced, suggesting

that early-stage ecological restoration interventions-such as grazing

exclusion, reduced stocking rates, and improvements in local

environmental conditions-had begun to exert a measurable

positive effect on grassland conditions. However, patches of low

biomass persisted, particularly in areas characterized by complex

topography, indicating that the full restoration of ecosystem

functioning had not yet been achieved. In 2021 (Figure 3c), the
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spatial distribution of AGB experienced a significant shift, marked

by a pronounced enhancement in grassland productivity. Green,

cyan, and blue areas expanded rapidly throughout the study area,

indicating a substantial increase in regions where AGB exceeded

200 g/m². Notably, areas with exceptionally high biomass values

(>250 g/m²) emerged for the first time as contiguous patches,

primarily concentrated in the northwestern, eastern, and southern

margins. This marked increase reflects a notable improvement in

vegetation growth conditions, likely driven by the sustained

implementation of ecological restoration measures, and signals a

significant strengthening of ecosystem functioning. By 2024

(Figure 3d), this recovery trajectory had become further

consolidated. Medium- to high-biomass zones (AGB between

200–250 g/m² and above) were widely distributed across the

entire region, suggesting the emergence of a more spatially

homogeneous and ecologically stable grassland structure. In

contrast, low-biomass areas (<100 g/m²) became increasingly

sparse, occurring only sporadically in central terrace zones and in

regions with steep or rugged topography. Degraded patches were

significantly diminished in both size and frequency. Overall, the

2024 AGB distribution exhibited a successional pattern

characterized by the “dominance of medium-to-high biomass

values with only marginal persistence of low-biomass zones,”

indicating that the savanna grassland ecosystem had entered a

relatively stable phase of ecological recovery.

Taken together, from 2019 to 2024, the AGB of savanna

grasslands in the Yuanmou dry-hot valley displayed a significant

upward temporal trend. The spatial configuration evolved from an

initial pattern characterized by “low biomass and fragmentation” to

a more advanced stage defined by “medium-to-high biomass and

spatial continuity.” This transformation was especially evident in

2021 and 2024, when grassland productivity showed remarkable

improvement. These findings suggest that, under the constraints of

a dry-hot climatic regime, the regional savanna grassland ecosystem

exhibits a notable degree of resilience and intrinsic self-restoration

capacity. The observed positive trajectory can be attributed to the

synergistic influence of improved climatic variability, the phased

implementation of grassland management policies, and the long-
TABLE 7 Accuracy evaluation of AGB estimation under different algorithm combinations.

Feature selection
algorithm

Evaluation metrics RF XGBoost GBDT

Spearman correlation

R2 0.6264 0.5773 0.6591

RMSE 99.2946 105.6116 94.8422

MRE 1.1172 0.9415 1.1064

RFE

R2 0.6975 0.6940 0.6487

RMSE 89.3436 89.8636 96.2793

MRE 0.7282 0.5178 0.7166

Lasso regression

R2 0.5875 0.5254 0.6953

RMSE 104.3353 111.9124 88.1884

MRE 1.3897 1.3793 0.9650
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term enforcement of ecological restoration initiatives-all of which

have collectively contributed to the enhancement of ecosystem

recovery and stability.

As shown in Table 8, the maximum AGB values exhibit an

overall increasing trend, rising from 425.750 g/m² in 2019 to

509.943 g/m² in 2024. In contrast, the minimum values display

greater year-to-year variability, with markedly higher minima in

2020 and 2024-particularly in 2020, which recorded a substantial

increase. The mean AGB values reflect the general trajectory of

grassland biomass. From 2019 to 2020, there was a significant rise of

approximately 62 g/m². After 2021, the mean value experienced a
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slight decline, followed by a modest rebound in 2024, suggesting

relative stability in grassland biomass during this period. The

standard deviation (SD) data reveal that spatial variability in AGB

decreased in 2020 and remained relatively low in subsequent years.

The sharp decline in SD in 2020 indicates a notable reduction in

spatial heterogeneity of biomass across the region. In contrast, 2019

exhibited a relatively high SD, implying greater ecological

imbalance or geographical heterogeneity, which resulted in a

more uneven AGB distribution. Overall, across the four-year

period, grassland AGB demonstrated moderate interannual

fluctuations, characterized by a gradual increase in mean biomass
FIGURE 3

Estimated aboveground biomass of grasslands: (a) 2019; (b) 2020; (c) 2021; (d) 2024.
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and a decline in spatial variability, reflecting an overall trend of

increasing biomass and improving spatial uniformity.

3.4.2 Spatial variation
Based on the biomass change trends and significance testing

from 2019 to 2024 in the Yuanmou Dry-Hot Valley (Figure 4), the

AGB of Savanna grasslands exhibits a distinct spatial gradient. As

shown in Figure 4a, the overall trend during this period is

dominated by biomass recovery. Areas of degradation are mainly

located in the lower parts of the valley, concentrated at lower

elevations, and are prominently distributed along river channels

and valley bottoms. Stable grasslands are more uniformly

distributed across the landscape, primarily situated in mid-

elevation zones. In contrast, recovery zones are predominantly
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found at higher elevations within the valley and represent the

most spatially extensive class. Figure 4b presents the results of the

Mann-Kendall significance test for trend detection. Significant

change areas (highlighted in blue) are predominantly

concentrated in the northern, central, and western parts of the

Dry-Hot Valley, which aligns with the spatial patterns of notable

biomass increase observed in Figure 3. These regions correspond to

areas with relatively favorable topographic and ecological

conditions, as well as zones where ecological restoration measures

have been intensively implemented in recent years. In contrast,

non-significant change areas (shown in green) are mainly

distributed in the southern and southeastern parts of the study

area, where grassland productivity remained relatively stable during

the observation period.

The spatial correspondence between Figures 4a, b is partially

consistent but also reveals some mismatches that merit further

interpretation. In Figure 4a, degraded grasslands (red) are primarily

concentrated in low-altitude areas such as valley bottoms and

riverbanks, indicating declining biomass trends. However, many

of these areas correspond to non-significant change zones (green) in

Figure 4b, suggesting that although a downward trend is observed,

the magnitude or consistency of the change is insufficient to reach

statistical significance. This mismatch may result from interannual

variability in climatic conditions, such as irregular rainfall or
FIGURE 4

Biomass change trends and validation in the Dry-Hot Valley from 2019 to 2024. (A) Biomass change trend. (B) Significance test of biomass change
trend.
TABLE 8 Statistical summary of estimated grassland AGB results (g/m2).

Year Maximum Minimum Mean
Standard
Deviation

2019 425.750 23.262 133.573 72.208

2020 430.925 64.912 195.825 55.263

2021 426.817 27.488 177.679 54.627

2024 509.943 56.361 179.889 54.243
frontiersin.org

https://doi.org/10.3389/fpls.2025.1648539
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org


Chen et al. 10.3389/fpls.2025.1648539
temperature fluctuations, which can obscure clear trend signals over

a relatively short time series (2019–2024). Furthermore, lowland

areas are often subject to frequent land use disturbances-such as

grazing, farming, or settlement expansion-leading to fluctuating

biomass levels that challenge trend detection methods. In contrast,

high-altitude regions showing clear recovery trends in Figure 4a

generally align with significant change areas in Figure 4b (blue),

reflecting effective ecological restoration or reduced anthropogenic

pressure. This indicates that long-term and stable vegetation

improvement, particularly in areas with favorable topography and

less human disturbance, is more likely to be captured as statistically

significant. These findings highlight the importance of considering

both ecological processes and human activities when interpreting

biomass dynamics.
4 Discussion

4.1 Estimation models for Savanna
grassland aboveground biomass in the dry-
hot valley

By constructing non-parametric estimation models centered on

RF, GBDT, and XGBoost, and combining three feature selection

methods-Spearman’s correlation, RFE, and Lasso regression-this

study estimates the AGB of the Savanna grassland in the Yuanmou

dry-hot valley. The results show that the RFE-RF combination

outperforms all other model combinations, achieving the highest

estimation accuracy and stability. The RFE algorithm recursively

eliminates variables with low predictive contributions, ultimately

selecting an optimal feature set with strong explanatory power. This

reduces model redundancy and enhances the model ’s

responsiveness to key ecological factors. The key variables

identified by RFE include temperature, latitude, diversity index,

and certain remote sensing bands and vegetation indices-factors

that are closely related to AGB in the dry-hot valley Savanna

ecosystem and align well with existing research. Previous studies

have highlighted that climatic factors are the primary constraints on

vegetation growth in dry-hot regions. For example, Hanan et al.

(Sankaran et al., 2005) pointed out that in arid savannas,

temperature variations influence the effective use of water,

thereby regulating the community’s net primary productivity.

During the modeling process, Random Forest demonstrated its

advantage in handling high-dimensional, nonlinear, and noisy

remote sensing data. By randomly sampling both the data

samples and variables to generate multiple diverse decision trees

and using an ensemble strategy to effectively mitigate overfitting,

Random Forest can stably extract the dominant factors influencing

AGB variation in complex ecosystems. This method shows strong

adaptability and practicality in the fragmented terrain and

ecologically disturbed environment of the dry-hot valley,

providing a reliable approach for high-precision remote sensing

monitoring and ecological assessment of Savanna-type grasslands.

In summary, the dry-hot valley region is characterized by

dramatic topographical fluctuations, diverse disturbance types,
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and highly heterogeneous ecosystems, with complex nonlinear

interactions among variables. Traditional linear models are

insufficient for accurately capturing the biomass response

mechanisms in such an environment. To address this challenge,

this study constructs a comprehensive variable system integrating

multi-source information, including remote sensing, climate,

terrain, and biodiversity. Based on the “ecological mechanism-

driven” approach, this model effectively enhances its

responsiveness to grassland growth conditions and improves its

accuracy in representing spatial variations. On this basis, a

systematic comparison of three feature selection methods and

three types of ensemble models was performed. The results show

that the RFE-RF model outperforms the others in estimation

accuracy, robustness, and generalization ability. It effectively

meets the modeling needs of the complex ecological and

geomorphological landscape of the dry-hot valley, demonstrating

strong regional adaptability and potential for wider application.

This provides reliable technical support for the long-term

monitoring and dynamic assessment of Savanna grasslands.

Building upon this model, further analysis of the spatiotemporal

variations of AGB will contribute to a deeper understanding of the

response mechanisms of grassland ecosystems in dry-hot regions to

climate and environmental changes.
4.2 Distribution pattern of Savanna
vegetation in the dry-hot valley estimated
by the model

Based on the estimation results of the optimal model, the AGB

of the Savanna grassland in the Yuanmou dry-hot valley showed an

overall upward trend from 2019 to 2024, reflecting the initial

success of regional ecological restoration. This trend is closely

linked to the ongoing implementation of grassland ecological

governance policies in Yunnan Province in recent years. As a

typical example of dry-hot regions, Yuanmou has long faced

challenges such as land degradation and the ecological

vulnerability of grasslands. To tackle these issues, the region has

implemented various measures, including returning grazing lands

to grassland, closed management, ecological compensation, and

grassland protection subsidies and rewards, which have effectively

promoted grassland resource management and ecological

restoration (Yunnan Provincial Department of Agriculture and

Rural Affairs, 2021). In terms of spatial distribution, AGB shows

a significant gradient along elevation, with lower biomass observed

in low-altitude areas, which are more heavily impacted by human

disturbances such as high-intensity grazing, frequent land use, and

grassland fragmentation (He et al., 2023). These elevation

differences reflect spatial variations in human activity accessibility

and disturbance intensity. Low-altitude areas, due to better

transportation and higher land values, often become concentrated

zones for agriculture and livestock, further exacerbating vegetation

degradation. This, combined with the limited disturbance resistance

of the Savanna ecosystem, increases the risk of degradation

(Gebremedhn et al., 2023).From an ecological perspective, the
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Yuanmou dry-hot valley is located in a typical arid climate zone,

characterized by low annual precipitation and uneven seasonal

distribution, which exacerbates water stress on grassland

vegetation. Moreover, the Savanna ecosystem, being a transitional

type between herbaceous and shrubland vegetation, is highly

sensitive to water-heat conditions, terrain factors, and human

disturbances. While initial management efforts have yielded some

positive results, a lack of sustained investment and monitoring

mechanisms may undermine the stability of ecological restoration.

Therefore, it is recommended to establish a multi-scale monitoring

system, strengthen the integration of remote sensing and ground

surveys, and promote a comprehensive grassland management

model that combines policies, technology, and management efforts.

In summary, the spatiotemporal dynamics of biomass in the

Savanna grassland of the Yuanmou dry-hot valley not only reflect

the positive impacts of ecological policies but also highlight the

conflicts between grassland utilization and conservation in low-

altitude areas. Moving forward, it is crucial to enhance grassland

classification and regulation, implement zoned management, and

establish long-term monitoring systems. This will support the

transition from extensive utilization to more refined management,

ultimately improving the sustainability of ecosystem services in dry-

hot regions.
4.3 Limitations and future directions

Developing high-precision models for grassland biomass

estimation is essential for the effective monitoring and sustainable

management of grassland ecosystems. However, the accuracy of

biomass estimates is strongly influenced by both the quality of

multi-source data and the strategies used for their integration. For

instance, temporal discontinuities caused by missing annual data

may limit a model’s ability to capture interannual variability in

grassland productivity. In addition, the uneven temporal

distribution of field samples can lead to overfitting or underfitting

during model calibration. A key challenge, therefore, is to establish a

methodological framework that not only identifies and retains the

most informative variables but also effectively conveys their

ecological relevance to appropriate machine learning algorithms.

To address this, the present study introduces an integrated

modeling framework that combines multiple feature selection

methods with a suite of machine learning models for biomass

estimation in ecologically heterogeneous regions. To mitigate the

impact of sample imbalance, we applied techniques such as data

standardization and proportional partitioning of field samples into

randomized training and testing sets. These approaches

substantially improved the transferability and generalizability of

the optimized models across regions with diverse ecological

conditions. Looking ahead, future research should focus on

further integrating multi-source remote sensing datasets—

including hyperspectral, microwave, and LiDAR—and enhancing

their compatibility with process-based ecological models. Such

efforts are expected to strengthen the robustness and expand the
Frontiers in Plant Science 14
applicability of high-precision biomass estimation frameworks

across complex grassland landscapes.
5 Conclusion

This study developed a remote sensing-based modeling framework

specifically tailored to the unique ecological characteristics of

the savanna grassland ecosystem in the Yuanmou dry-hot valley.

Unlike conventional approaches that often rely on a single vegetation

index or a single modeling technique, our framework addresses

the complexity and heterogeneity inherent in dry-hot valley

ecosystems. A comprehensive, multidimensional feature set was

constructed, incorporating five categories of key ecological drivers:

remote sensing spectral bands, vegetation indices, diversity indices,

topographic factors, and climatic variables. This integrative feature set

captures the diverse environmental conditions and ecological gradients

influencing AGB dynamics in the region. To enhance model

performance and reduce redundancy, three feature selection

techniques-Spearman’s rank correlation, RFE, and Lasso regression-

were combined with three ensemble learning models: RF, GBDT and

XGBoost. This combination yielded nine modeling pathways, which

were systematically organized into a reproducible workflow: Feature

Selection → Model Construction → Accuracy Evaluation. Model

assessment results indicated that the RFE-RF model performed best

under the highly heterogeneous, topographically complex, and

disturbance-prone conditions of the dry-hot valley. It achieved an R²

of 0.6975, an RMSE of 89.3436 g/m², and anMRE of 0.7282, suggesting

strong robustness and generalization capability. These results

underscore its suitability for biomass estimation in arid to semi-arid

environments and ecologically fragile transition zones characterized by

spatial complexity and nonlinear ecological responses. Based on

model outputs, AGB in the savanna grasslands showed a consistent

upward trend between 2019 and 2024, with annual mean values of

133.573 g/m² (2019), 195.825 g/m² (2020), 177.679 g/m² (2021), and

179.889 g/m² (2024). Although a slight decline was observed in 2021

compared to 2020, the overall biomass level remained relatively high,

indicating that grassland productivity has improved under the

continued implementation of ecological management strategies

across the region. In terms of spatial patterns, grassland dynamics in

the study area were predominantly characterized by recovery trends,

particularly in the high-altitude zones of the western and northern

regions. These areas exhibited both notable increases in aboveground

biomass and statistically significant change, likely driven by favorable

topographic conditions and the implementation of ecological

restoration measures. In contrast, degraded grasslands were mainly

distributed in low-lying river valleys and valley bottoms in the southern

and eastern parts of the study area. However, many of these

degradation zones did not exhibit statistically significant trends,

suggesting high interannual variability and frequent anthropogenic

disturbances, such as grazing or land conversion, that mask long-term

patterns. Stable grasslands were distributed relatively evenly across

mid-altitude regions, reflecting localized ecological resilience under

moderate environmental stress. These findings emphasize the potential
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for natural ecological recovery in environmentally fragile regions-

particularly when supported by targeted management interventions,

long-term monitoring, and integrated modeling strategies.
Data availability statement

The original contributions presented in the study are included

in the article/supplementary material. Further inquiries can be

directed to the corresponding author/s.
Author contributions

CC: Investigation, Methodology, Formal Analysis, Writing –

review & editing, Writing – original draft. WX: Funding acquisition,

Project administration, Supervision, Writing – review & editing,

Conceptualization. GH: Supervision, Project administration,

Investigation, Funding acquisition, Writing – review & editing.

HF: Resources, Project administration, Writing – review & editing,

Supervision. LS: Writing – review & editing, Supervision, Resources,

Project administration. YZ: Visualization, Investigation, Writing –

original draft, Data curation. ZD: Writing – original draft,

Investigation, Visualization, Data curation. JG: Data curation,

Writing – original draft, Investigation, Visualization. XY:

Investigation, Supervision, Writing – review & editing. KY: Writing

– review & editing, Investigation, Supervision, Resources.
Funding

The author(s) declare financial support was received for the

research and/or publication of this article. This research was

supported by the Yunnan Science and Technology Plan Key

Project (Grant No. 202401AS070638), the Yunnan Province

Innovation Team Project (Grant No. 202305AS350003), and the

Major Scientific and Technological Project of Yunnan Province:

Research on Key Technologies of Ecological Environment

Monitoring and Intelligent Management of Natural Resources in

Yunnan (Grant No. 202202AD080010). Additional support was

provided by the Research and Development on Soil Erosion

Prevention Technologies project (Grant No. 202205AK070026-

01) of the Yunnan Key Laboratory of Soil Erosion Prevention and

Green Development; the Establishing Yuanmou as a Technological

Innovation County for Rural Revitalization project (Grant No.
Frontiers in Plant Science 15
202304BT090025-04) funded by the Yunnan Provincial

Department of Science and Technology under the Yunnan

Innovation Guidance and Sci-Tech Enterprise Cultivation

Program; and the Jinsha River Dry-Hot Valley Vegetation Station

project (Grant No. 2025-YN-18) under the Yunnan Ecological

Monitoring Network.
Acknowledgments

The authors would like to express their sincere gratitude to

Associate Professor WX and Dr. GH for their valuable suggestions

and guidance during the manuscript preparation. We also thank the

Tropical Eco-Agriculture Research Institute of the Yunnan

Academy of Agricultural Sciences in Yuanmou County, Yunnan

Province, for providing the field samples and offering support

throughout the subsequent sampling process.
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Generative AI statement

The author(s) declare that no Generative AI was used in the

creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.
References
Adorada, A., Permatasari, R., Wirawan, P. W., Wibowo, A., and Sujiwo, A. (2018).
“Support vector machine - recursive feature elimination (SVM-RFE) for selection of
microRNA expression features of breast cancer,” in 2018 2nd International Conference on
Informatics and Computational Sciences (ICICoS) (Semarang, Indonesia: Institute of Electrical
and Electronics Engineers, Piscataway, NJ), 1–4. doi: 10.1109/ICICOS.2018.8621708

Bao, A., Cao, X., Chen, X., and Xia, Y. (2008). “Study on models for monitoring of
aboveground biomass about Bayinbuluke grassland assisted by remote sensing,” in
Remote Sensing and Modeling of Ecosystems for Sustainability V. Eds. W. Gao and H.
Wang (SPIE - Int. Soc. Optical Engineering, Bellingham, WA), 70830R. doi: 10.1117/
12.791724

Chen, T., and Guestrin, C. (2016). “XGBoost: A scalable tree boosting system,” in
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (KDD ‘16) (Association for Computing Machinery, New
York, NY), 785–794. doi: 10.1145/2939672.2939785
frontiersin.org

https://doi.org/10.1109/ICICOS.2018.8621708
https://doi.org/10.1117/12.791724
https://doi.org/10.1117/12.791724
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.3389/fpls.2025.1648539
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org


Chen et al. 10.3389/fpls.2025.1648539
Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences. 2nd ed
(Hillsdale, NJ: Lawrence Erlbaum Associates). doi: 10.4324/9780203771587

Fang, J., Guo, Z., Piao, S., and Chen, A. (2007). Terrestrial vegetation carbon sinks in
China 1981–2000. Sci. China Ser. D Earth Sci. 50, 1341–1350. doi: 10.1007/s11430-007-
0049-1

Fang, J., Wang, X., Shen, Z., Tang, Z., He, J., Yu, D., et al. (2009). Main content,
methods, and technical standards for vegetation community surveys. Biodivers. Sci. 17,
533–548. doi: 10.3724/SP.J.1003.2009.09253

Gebremedhn, H. H., Ndiaye, O., Mensah, S., Fassinou, C., Taugourdeau, S.,
Tagesson, T., et al. (2023). Grazing effects on vegetation dynamics in the savannah
ecosystems of the Sahel. Ecol. Process. 12, 54. doi: 10.1186/s13717-023-00468-3

Hastie, T., Tibshirani, R., and Friedman, J. (2001). The Elements of Statistical
Learning: Data Mining, Inference, and Prediction. (New York, NY: Springer).
doi: 10.1007/978-0-387-21606-5

He, G., Shi, Z., Yan, B., Yang, H., Sun, Y., Wang, Y., et al. (2023). Effects of enclosure
on interspecific associations in plant communities of dry-hot valley savannas. Acta
Pratacult. Sin. 32, 1–14. doi: 10.11686/cyxb2022080

He, J., Su, C., Shu, L., and Yang, Z. (2009). LUCC study in the dry-hot valley of the
Jinsha River based on 3S technology: A case study of Yuanmou County, Yunnan
Province. J. Mt. Sci. 27, 341–348.

Hudak, A. T., and Brockett, B. H. (2004). Mapping fire scars in a southern African
savannah using Landsat imagery. Int. J. Remote Sens. 25, 3231–3243. doi: 10.1080/
01431160310001632666

Jargalsaikhan, M.-E., Ichikawa, D., Nagai, M., Indree, T., Katiyar, V., Munkhtur, D.,
et al. (2024). Aboveground biomass estimation and time series analyses in Mongolian
grasslands utilizing PlanetScope imagery. Remote Sens. 16, 869. doi: 10.3390/
rs16050869

Jin, Z. (1999). The floristic study on seed plants in the dry-hot valleys in Yunnan and
Sichuan. Guihaia 19, 1–14. doi: 10.3969/j.issn.1000-3142.1999.01.001

Jin, Y., Yang, X., Qiu, J., Li, J., Gao, T., Wu, Q., et al. (2014). Remote sensing-based
biomass estimation and its spatio-temporal variations in temperate grassland,
Northern China. Remote Sens. 6, 1496–1513. doi: 10.3390/rs6021496

Li, H., Li, F., Xiao, J., Chen, J., Lin, K., Bao, G., et al. (2024). A machine learning
scheme for estimating fine-resolution grassland aboveground biomass over China with
Sentinel-1/2 satellite images. Remote Sens. Environ. 311, 114317. doi: 10.1016/
j.rse.2024.114317

Li, C., Xiao, J., Cao, Z., Shi, Y., and Yang, Z. (2007). Estimating grassland biomass
using MODIS data. Arid Zone Res. 24, 386–391. doi: 10.13866/j.azr.2007.03.018

Liang, W., Yang, Y., Cheng, J., and Gao, Y. (2010). Research on establishing
mathematical models for estimating forage yield. Bull. Soil Water Conserv. 30, 138–
142. doi: 10.13961/j.cnki.stbctb.2010.05.045

Liu, Z., Huang, J., Wu, X., Dong, Y., Wang, F., and Liu, P. (2006). Hyperspectral
remote sensing models for grassland biomass estimation. Trans. Chin. Soc Agric. Eng.
22, 111–115. doi: 10.3321/j.issn.1002-6819.2006.02.025

Liu, Z., Huang, T., Wu, Y., Zhang, X., Liu, C., Yu, Z., et al. (2024). Aboveground
biomass inversion of forestland in a Jinsha River dry-hot valley by integrating high and
medium spatial resolution optical images: A case study on Yuanmou County of
Southwest China. Ecol. Inform. 83, 102796. doi: 10.1016/j.ecoinf.2024.102796

Lyu, X., Li, X., Dang, D., Dou, H., Wang, K., and Lou, A. (2022). Unmanned aerial
vehicle (UAV) remote sensing in grassland ecosystem monitoring: A systematic review.
Remote Sens. 14, 1096. doi: 10.3390/rs14051096

Magurran, A. E. (2003).Measuring Biological Diversity. (Chichester, UK: John Wiley
& Sons). Available online at: https://www.wiley.com/en-us/Measuring%2BBiological%
2BDiversity-p-9781118687925.

Mutanga, O., and Skidmore, A. K. (2004). Integrating imaging spectroscopy and
neural networks to map grass quality in the Kruger National Park, South Africa. Remote
Sens. Environ. 90, 104–115. doi: 10.1016/j.rse.2003.12.004

Ni, J. (2002). Carbon storage in grasslands of China. J. Arid Environ. 50, 205–218.
doi: 10.1006/jare.2001.0902

Ou, C., Zhu, Q., and Sun, Y. (2015). Research progress on landscape pattern in the
dry-hot valleys of Southwest China. West. J. For. Sci. 44, 137–142. doi: 10.16473/
j.cnki.xblykx1972.2015.06.028

Pan, T., Ye, H., Zhang, X., Liao, X., Wang, D., Bayin, D., et al. (2024). Estimating
aboveground biomass of grassland in central Asia mountainous areas using unmanned
aerial vehicle vegetation indices and image textures – A case study of typical grassland
in Tajikistan. Environ. Sustain. Indic. 22, 100345. doi: 10.1016/j.indic.2024.100345

Piao, S., Fang, J., Ciais, P., Peylin, P., Huang, Y., Sitch, S., et al. (2009). The carbon
balance of terrestrial ecosystems in China. Nature 458, 1009–1013. doi: 10.1038/
nature07944

Pielou, E. C. (1966). The measurement of diversity in different types of biological
collections. J. Theor. Biol. 13, 131–144. doi: 10.1016/0022-5193(66)90013-0

Prince, S. D. (1991). Satellite remote sensing of primary production: comparison of
results for Sahelian grasslands 1981-1988. Int. J. Remote Sens. 12, 1301–1311.
doi: 10.1080/01431169108929727

Purevdorj, T. S., Tateishi, R., Ishiyama, T., and Honda, Y. (1998). Relationships
between percent vegetation cover and vegetation indices. Int. J. Remote Sens. 19, 3519–
3535. doi: 10.1080/014311698213795
Frontiers in Plant Science 16
Reinermann, S., Asam, S., and Kuenzer, C. (2020). Remote sensing of grassland
production and management-A review. Remote Sens. 12, 1949. doi: 10.3390/
rs12121949

Roy, P. S., Jonna, S., and Pant, D. N. (1991). Evaluation of grasslands and spectral
reflectance relationship to its biomass in Kanha National Park (M.P.), India. Geocarto
Int. 6, 39–45. doi: 10.1080/10106049109354291

Sankaran, M., Hanan, N. P., Scholes, R. J., Ratnam, J., Augustine, D. J., Cade, B. S.,
et al. (2005). Determinants of woody cover in African savannas. Nature 438, 846–849.
doi: 10.1038/nature04070

Shannon, C. E., and Weaver, W. (1971). The Mathematical Theory of
Communication. (Urbana, IL: University of Illinois Press).

Simpson, E. H. (1949). Measurement of diversity. Nature 163, 688–688. doi: 10.1038/
163688a0

Wang, C.-J., Huang, S.-F., Wu, C.-P., Wang, G.-N., Wang, L., Zhang, Y.-K., et al.
(2024a). Linear relationships between aboveground biomass and plant species diversity
during the initial stage of degraded grassland restoration projects. Ecol. Evol. 14,
e70128. doi: 10.1002/ece3.7012

Wang, H., Liu, J., Liu, X., and Wang, D. (2024b). Study on digital watershed model of
the Qinghai Lake Basin based on ANUSPLIN. Water Resour. Prot. 40 (4), 82–91.
doi: 10.3880/j.issn.1004-6933.2024.04.010

Wang, W., Ma, Q., Huang, J., Feng, Q., Zhao, Y., Guo, H., et al. (2022). Remote
sensing monitoring of grasslands based on adaptive feature fusion with multi-source
data. Remote Sens. 14, 750. doi: 10.3390/rs14030750

Wang, H., Shao, W., Hu, Y., Cao, W., and Zhang, Y. (2023). Assessment of six
machine learning methods for predicting gross primary productivity in grassland.
Remote Sens. 15, 3475. doi: 10.3390/rs15143475

Wang, J., Wei, K., Li, Z., Wang, Y., Tang, J., and Zhu, B. (2025). Effects of mowing on
root biomass, soil properties, microbial biomass, and microbial diversity in grasslands:
A meta-analysis. Land Degrad. Dev. 36, 1483–1491. doi: 10.1002/ldr.5439

Wu, H., An, S., Meng, B., Chen, X., Li, F., and Ren, S. (2024). Retrieval of grassland
aboveground biomass across three ecoregions in China during the past two decades
using satellite remote sensing technology and machine learning algorithms. Int. J. Appl.
Earth Obs. Geoinf. 130, 103925. doi: 10.1016/j.jag.2024.103925

Xiao, X., Zheng, C., Ding, C., Fan, C., Bai, Y., Lin, L., et al. (2023). Comparison and
evaluation of meteorological element interpolation methods based on ANUSPLIN in
the Loess hilly region. Arid Zone Res. 40, 1575–1582. doi: 10.13866/j.azr.2023.10.04

Xue, J., Ge, Y., and Ren, H. (2017). Spatial upscaling of green aboveground biomass
derived from MODIS-based NDVI in arid and semiarid grasslands. Adv. Space Res. 60,
2001–2008. doi: 10.1016/j.asr.2017.07.016

Yang, Z. (2007). Study on vegetation landscape dynamics and vegetation restoration
in the Yuanmou dry-hot valley. (Beijing, China: Chinese Academy of Forestry).

Yang, J., Zhang, Z., Shen, Z., Ou, X., Geng, Y., and Yang, M. (2016). Research
progress on vegetation and environment in the dry-hot valleys of Yunnan. Biodivers.
Sci. 24, 462–474. doi: 10.17520/biods.2015251

Yunnan Provincial Department of Agriculture and Rural Affairs (2021). 14th Five-Year
Plan for Grassland Protection and Construction in Yunnan Province. Available online at:
http://nync.yn.gov.cn/html/2021/nyyw_1013/42030.html (Accessed June 5, 2025).

Zhang, D., He, G., and Long, H. (2020). Grassland plant characteristics and grassland
resource conservation and utilization in the dry-hot valleys of Yunnan. J. Trop. Agric.
Sci. 40, 38–46. doi: 10.12008/j.issn.1009-2196.2020.07.007

Zhang, Y., Huang, J., Jin, Y., Wang, J., Zhao, Y., Feng, Q., et al. (2022). Research
progress on aboveground biomass estimation models for grasslands. Acta Pratacult.
Sin. 30, 850–858. doi: 10.11733/j.issn.1007-0435.2022.04.010

Zhang, C., Huang, C.-H., Liu, M., Hu, Y., Panero, L., Luebert, F., et al. (2021).
Phylotranscriptomic insights into Asteraceae diversity, polyploidy, and morphological
innovation. J. Integr. Plant Biol. 63, 1273–1293. doi: 10.1111/jipb.13078

Zhang, J., Wang, D., Wang, Y., and Wen, A. (2000). Discussion on ecological
environment changes in the Yuanmou dry-hot valley. Sci. Geogr. Sin. 20, 148–152.
doi: 10.13249/j.cnki.sgs.2000.02.010

Zhang, B., Xiong, D., Liu, L., Tang, Y., Zhang, B., and Li, X. (2023). Spatiotemporal
variation of soil moisture in gully beds in dry-hot valleys. Res. Soil Water Conserv. 30,
83–90. doi: 10.13869/j.cnki.rswc.2023.01.002

Zhang, B., Zhao, X., Dong, Y., Xiong, D., and Li, X. (2025). Morphological
characteristics and influencing factors of gully headwall scour holes in Yuanmou
Dry-hot Valley region, Southwestern China. Catena 249, 108721. doi: 10.1016/
j.catena.2025.108721

Zhao, Y., Hou, M., Feng, Q., Gao, H., Liang, T., He, J., et al. (2022). Remote sensing
estimation of aboveground biomass of natural grasslands in Menyuan, Qinghai based on
Landsat 8 and random forest. Acta Pratacult. Sin. 31, 1–14. doi: 10.11686/cyxb2021454

Zhao, F., Xu, B., Yang, X., Jin, Y., Li, J., Xia, L., et al. (2014). Remote sensing estimates
of grassland aboveground biomass based on MODIS net primary productivity (NPP):
A case study in the Xilingol Grassland of Northern China. Remote Sens. 6, 5368–5386.
doi: 10.3390/rs6065368

Zhou, Y., Liu, T., Batelaan, O., Duan, L., Wang, Y., Li, X., et al. (2023).
Spatiotemporal fusion of multi-source remote sensing data for estimating
aboveground biomass of grassland. Ecol. Indic. 146, 109892. doi: 10.1016/
j.ecolind.2023.109892
frontiersin.org

https://doi.org/10.4324/9780203771587
https://doi.org/10.1007/s11430-007-0049-1
https://doi.org/10.1007/s11430-007-0049-1
https://doi.org/10.3724/SP.J.1003.2009.09253
https://doi.org/10.1186/s13717-023-00468-3
https://doi.org/10.1007/978-0-387-21606-5
https://doi.org/10.11686/cyxb2022080
https://doi.org/10.1080/01431160310001632666
https://doi.org/10.1080/01431160310001632666
https://doi.org/10.3390/rs16050869
https://doi.org/10.3390/rs16050869
https://doi.org/10.3969/j.issn.1000-3142.1999.01.001
https://doi.org/10.3390/rs6021496
https://doi.org/10.1016/j.rse.2024.114317
https://doi.org/10.1016/j.rse.2024.114317
https://doi.org/10.13866/j.azr.2007.03.018
https://doi.org/10.13961/j.cnki.stbctb.2010.05.045
https://doi.org/10.3321/j.issn.1002-6819.2006.02.025
https://doi.org/10.1016/j.ecoinf.2024.102796
https://doi.org/10.3390/rs14051096
https://www.wiley.com/en-us/Measuring%2BBiological%2BDiversity-p-9781118687925
https://www.wiley.com/en-us/Measuring%2BBiological%2BDiversity-p-9781118687925
https://doi.org/10.1016/j.rse.2003.12.004
https://doi.org/10.1006/jare.2001.0902
https://doi.org/10.16473/j.cnki.xblykx1972.2015.06.028
https://doi.org/10.16473/j.cnki.xblykx1972.2015.06.028
https://doi.org/10.1016/j.indic.2024.100345
https://doi.org/10.1038/nature07944
https://doi.org/10.1038/nature07944
https://doi.org/10.1016/0022-5193(66)90013-0
https://doi.org/10.1080/01431169108929727
https://doi.org/10.1080/014311698213795
https://doi.org/10.3390/rs12121949
https://doi.org/10.3390/rs12121949
https://doi.org/10.1080/10106049109354291
https://doi.org/10.1038/nature04070
https://doi.org/10.1038/163688a0
https://doi.org/10.1038/163688a0
https://doi.org/10.1002/ece3.7012
https://doi.org/10.3880/j.issn.1004-6933.2024.04.010
https://doi.org/10.3390/rs14030750
https://doi.org/10.3390/rs15143475
https://doi.org/10.1002/ldr.5439
https://doi.org/10.1016/j.jag.2024.103925
https://doi.org/10.13866/j.azr.2023.10.04
https://doi.org/10.1016/j.asr.2017.07.016
https://doi.org/10.17520/biods.2015251
http://nync.yn.gov.cn/html/2021/nyyw_1013/42030.html
https://doi.org/10.12008/j.issn.1009-2196.2020.07.007
https://doi.org/10.11733/j.issn.1007-0435.2022.04.010
https://doi.org/10.1111/jipb.13078
https://doi.org/10.13249/j.cnki.sgs.2000.02.010
https://doi.org/10.13869/j.cnki.rswc.2023.01.002
https://doi.org/10.1016/j.catena.2025.108721
https://doi.org/10.1016/j.catena.2025.108721
https://doi.org/10.11686/cyxb2021454
https://doi.org/10.3390/rs6065368
https://doi.org/10.1016/j.ecolind.2023.109892
https://doi.org/10.1016/j.ecolind.2023.109892
https://doi.org/10.3389/fpls.2025.1648539
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	A study on the remote sensing estimation and spatiotemporal distribution patterns of aboveground biomass in savanna grasslands of the Yuanmou dry-hot valley
	1 Introduction
	2 Materials and methods
	2.1 Technical workflow
	2.2 Study area overview
	2.3 Data sources
	2.3.1 Field-measured data
	2.3.1.1 Ground-based biomass sampling
	2.3.1.2 Diversity indices
	2.3.1.3 Meteorological data

	2.3.2 Remote sensing data
	2.3.2.1 Sentinel-2 data acquisition
	2.3.2.2 Original spectral bands
	2.3.2.3 Vegetation indices
	2.3.2.4 DEM data acquisition


	2.4 Variable selection
	2.4.1 Spearman correlation analysis
	2.4.2 Recursive feature elimination
	2.4.3 Lasso regression

	2.5 Machine learning model construction
	2.5.1 RF model construction
	2.5.2 GBDT model construction
	2.5.3 XGBoost model construction

	2.6 Model accuracy comparison and evaluation

	3 Results and analysis
	3.1 Characteristics of aboveground biomass in the savanna grasslands of Yuanmou dry-hot valley
	3.2 Feature selection results
	3.3 Comparison of model accuracy for grassland aboveground biomass estimation
	3.4 Spatiotemporal distribution patterns of grassland biomass
	3.4.1 Temporal variation
	3.4.2 Spatial variation


	4 Discussion
	4.1 Estimation models for Savanna grassland aboveground biomass in the dry-hot valley
	4.2 Distribution pattern of Savanna vegetation in the dry-hot valley estimated by the model
	4.3 Limitations and future directions

	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


