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ARTICLE INFO ABSTRACT

Article history: @) checkforupdates ~ GT€EN vegetation biomass is a key ecological indicator reflecting ecosystem
productivity, rangeland condition, and responses to climate variability,

Received: 02 April, 2026 particularly in arid and semi-arid environments. In Mongolia, where vast

Revised: 15 July, 2026 grassland and desert-steppe ecosystems support both biodiversity and pastoral

Accepted: 27 July, 2026 livelihoods, spatially explicit biomass information is essential for ecological

monitoring and conservation-oriented land management. Traditional field-based
biomass measurements, however, are labor-intensive and limited in spatial
coverage. In this study, we estimated aboveground biomass of green vegetation
across Mongolia using moderate-resolution remote sensing data and machine
learning methods to support large-scale ecological assessment. Three spectral
bands and nine vegetation indices derived from Moderate Resolution Imaging
Spectroradiometer MODI13A1 data from August 2021 were combined with
field measurements from 275 monitoring sites. Random forest, artificial neural
network, and extreme gradient boosting \ models were trained and optimized
using grid-search hyperparameter tuning and evaluated through cross-validation.
Among the tested models, Random forest achieved the highest predictive
accuracy (R>=0.88, MAE = 68.45 kg ha!, RMSE = 109.93 kg ha™!), followed by
extreme gradient boosting (R* = 0.80, MAE = 87.47 kg ha™!, RMSE = 143.09 kg
ha™'), while artificial neural network showed comparatively lower performance.
The resulting biomass maps reveal pronounced spatial variability linked to
Mongolia’s climatic and ecological gradients. Our findings demonstrate that
machine learning methods combined with remote sensing provide an efficient
framework for estimating vegetation biomass across Mongolia under the
environmental conditions represented by the August 2021 dataset. The generated
biomass products offer valuable ecological insights and can support rangeland
monitoring, conservation planning, and assessments of ecosystem vulnerability
under ongoing climate change.
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INTRODUCTION respiration, transpiration, and surface albedo,
Vegetation plays a crucial role in the health vegetation acts as a key regulator of the water
of terrestrial ecosystems, serving as a vital and biogeochemical cycles governing the Earth’s
component in the water cycle, energy cycle, surface. Its development is intricately linked to
and carbon cycle (Nyamsuren et al., 2019). a myriad of natural environmental factors and
Through processes such as photosynthesis, human activities, reflecting the impacts of climate
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change and anthropogenic influences (Meng et
al., 2020). Numerous elements shape the growth
of vegetation, with climate change exerting a
substantial influence. Factors suchas precipitation,
air  temperature, and relative humidity
significantly affect the effective accumulation of
temperature and available moisture, ultimately
regulating plant photosynthesis, respiration,
and the decomposition of soil organic carbon
- processes that are pivotal in determining
vegetation development and distribution (He et
al., 2020).

In Mongolia, the progression of vegetation
is fundamentally driven by the prevailing
temperature and  precipitation  conditions
(Jamiyansharav et al., 2018). The intensity and
impact of climate constraints on vegetation vary
distinctly, governed by diverse factors including
topography, latitude, and air circulation. The
climatic gradient transitions from cold semi-
humid conditions in the north to a warmer, arid
climate in the south, creating a clear latitudinal
zonation of vegetation. This is further refined
by altitudinal zonation in the mountainous
regions. Moving from north to south, vegetation
zones transition from the dense taiga to the arid
expanses of the Gobi Desert. The taiga, sub-
taiga, and fragmented forests found in the forest-
steppe region represent the southern boundary of
the expansive Euro-Siberian boreal forest. The
extensive grasslands dominate the landscape of
the Mongolian-Chinese steppe. The distributions
of the various vegetation zones, types of boreal
forests, and tree-lines are significantly influenced
by critical factors such as air temperature,
evapotranspiration, and precipitation (Klinge et
al., 2018).

Vegetation biomass, defined as the total weight
of plant material, is a key ecological indicator
frequently measured in environmental studies
(Portela et al., 2020). Closely associated with
aboveground biomass (AGB), vegetation
production plays a vital role in the global
carbon cycle and significantly contributes to the
regulation of terrestrial carbon sinks (Lin et al.,
2023). However, accurately estimating biomass
is particularly challenging in heterogeneous
landscapes and varied environmental conditions,
demanding precise and reliable measurement
techniques (Kumar et al.,, 2015). Biomass

assessment can be carried out using traditional
ground-based methods and modern remote
sensing (RS) technologies (Chiarito et al., 2021).
While ground-based approaches often involve
labor-intensive processes and are limited in
spatial coverage (Chen et al., 2021), RS-based
methods offer scalable, cost-effective, and
efficient alternatives for large-area monitoring
and change detection (Amarsaikhan et al. 2023).
In the past decade, there has been a substantial
advancement in the use of RS for the estimation
and mapping of AGB. The development of RS
techniques has provided powerful tools for
rapid assessment and continuous monitoring of
biomass dynamics at various scales (Lourenco,
2021). Among the diverse RS data sources
available, multiresolution optical imagery
stands out due to its broad accessibility and
applicability. Commonly used datasets range
from low-resolution sensors like the Advanced
Very High Resolution Radiometer (AVHRR) and
Moderate Resolution Imaging Spectroradiometer
(MODIS), to medium-resolution platforms such
as Landsat, Satellite for Observation of Earth
(SPOT), and Sentinel-2, and high-resolution
systems including IKONOS, QuickBird, and
WorldView (Amarsaikhan et al. 2023). Numerous
techniques have been developed for estimating
biomass using optical data, including machine
learning algorithms such as Random forest
(RF), support vector machines, neural networks,
Cubist, K-Nearest Neighbor, and Bayesian
network, as well as various statistical models
like linear and nonlinear regression. Different
forms of vegetation indices are frequently used
in combination with these models to enhance
predictive performance (Mills, 2011; Matiza et
al., 2024).

In Mongolia, RS-based biomass estimation
has a long history, beginning in the mid-1980s.
One of the earliest studies by Adyasuren (1989)
investigated the correlation between field-based
biomass measurements and RS data reflectance
values. Since then, various studies have adopted
both traditional statistical and advanced modeling
techniques to assess vegetation biomass across
the country (Amarsaikhan et al. 2023). Kogan
et al. (2004) utilized vegetation health indices
from AVHRR to detect biomass anomalies in
pasturelands. Sternberg et al. (2011) analyzed
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normalized difference vegetation index (NDVI),
alongside field data to examine desertification
trends in a dryland region. Lamchin et al.
(2016) integrated NDVI, the Topsoil Grain Size
Index, and land surface albedo to evaluate land
surface conditions and assess desertification in
a steppe ecosystem. More recently, Otgonbayar
et al. (2018) compared Partial Least Squares
Regression (PLSR) and RF for estimating pasture
biomass in Mongolia, concluding that PLSR
offered more accurate predictions.
Environmental monitoring in Mongolia often
requires rapid assessment of vegetation biomass
to support timely and informed decision-making.
Although high-resolution satellite datasets
provide detailed information, their processing
is typically time-intensive. As a more efficient
alternative, moderate-resolution satellite data
can offer quick, albeit less precise, estimations.
This study investigates the potential of the RF,
artificial neural network (ANN), and extreme
gradient boosting (XGB) techniques to estimate
green vegetation biomass across Mongolia under
small-scale mapping conditions. The models
were trained using original spectral bands and
vegetation indices derived from MODI3A1
satellite data. Their performance was compared
to determine the most effective method for fast
and reliable biomass estimation.

Beyond its role as a biophysical variable, green
vegetation biomass is a fundamental indicator of
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ecosystem functioning, rangeland condition, and
ecological resilience. In Mongolia’s arid and semi-
arid environments, spatial and temporal variability
in biomass reflects the combined influences
of climate variability, grazing pressure, land
degradation, and ecological recovery processes.
Spatially explicit biomass estimation using RS
is therefore critical for ecological monitoring,
conservation planning, and sustainable rangeland
management at regional and national scales.

MATERIALS AND METHODS

Study area

The territory of Mongolia constitutes the
northern boundary of the Central Asian drylands.
Steppe vegetation predominates across much of
the region, acting as a transition zone between
the Siberian taiga and the Great Gobi Desert.
Vegetation zones are distinctly arranged according
to latitudinal and altitudinal gradients, reflecting
the patterns of climatic zonation (Wesche et
al., 2016). In northern Mongolia and the upper
mountains of central Mongolia, mountain taiga,
consisting of coniferous trees, forms continuous
forested areas. Moving southward, the taiga
evolves into sub-taiga, which is characterized by
a mixture of coniferous and deciduous broad-leaf
trees. In central Mongolia, the landscape features
steppe in the basins and forest-steppe on the
mountains. This region, with its semiarid climate,
exemplifies a forest-steppe transition ecotone. In
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Fig. 1. Vegetation zones of Mongolia (Source: Klinge and Sauer, 2019)
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the high mountains, dense alpine shrub vegetation
and meadows yield to the periglacial zone of frost
debris. Along rivers and areas with groundwater
access through capillary rise, lush azonal
grasslands and trees such as poplar, willow, and
elm are predominant (Klinge and Sauer, 2019).
Fig. 1 shows a map that illustrates the various
vegetation zones in Mongolia.

The country can be divided into five distinct
regions based on variations in climate,
geomorphology, vegetation, and hydrology.
These regions include: the Eastern Mongolian
steppe region, characterized by a semi-humid
to semi-arid climate, flat terrains, and extensive
basins, featuring steppe and desert-steppe with
interior drainage; the Gobi-Altai and southern
Mongolian desert, which experiences a semi-
arid to arid climate, encompassing wide basins
and high mountains, and is home to desert steppe
and desert landscapes with interior drainage; the
Mongolian Altai in western Mongolia, ranging
from semi-humid to arid conditions, marked by
high mountains in the west and a broad basin with
large interior lakes to the east, supporting steppe,
forest steppe, and alpine meadows; the Khangai
Mountains in central Mongolia, exhibiting a
semi-humid to semi-arid climate, characterized
by high mountains and intra-mountain basins,
which host meadow steppe, forest-steppe, and

alpine meadows; and finally, the Khuvsgul Lake
area and Khentii region in northern Mongolia,
noted for its humid to semi-humid conditions,
comprising mountainous landscapes with small
valleys, along with taiga, forest-steppe, and
steppe regions with external drainage (Klinge
and Sauer, 2019).

Satellite and field data sets

In the present study, we selected a 16-day average
data of Level-3 MODI13A1 of MODIS from
August 2021 to estimate the vegetation biomass
of Mongolia (Fig. 2). MODIS is a satellite sensor
mounted on the National Aeronautics and Space
Administration Terra and Aqua satellites. It
continually collects data in 36 spectral channels
with global coverage every 1 to 2 days. The spatial
resolution of the acquired data ranges from 250
m to 1 km. Its exceptionally broad spectral range
enables MODIS data to be used in studies across
many different disciplines. MODI13A1 contains
12 layers, including NDVI, enhanced vegetation
index, vegetation index quality indicator, blue
reflectance, red reflectance, near-infrared (NIR)
reflectance, short-wave infrared (SWIR) view
zenith angle, sun zenith angle, and relative
azimuth angle, composite day of the year and
pixel reliability.

To estimate vegetation biomass using RS data, we
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Fig. 2. Locations of the sampling sites positioned on the MODIS image
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utilized both field-based biomass measurements
and spectral information from satellite imagery.
The field data was supplied by the Information and
Research Institute of Meteorology, Hydrology,
and Environment of Mongolia, which manages
nationwide vegetation onitoring. They conduct
annual biomass assessments across various
monitoring plots using standardized techniques
such as line-point intercept, gap intercept, air-
dry biomass collection at a 1 cm clipping height,
and photo documentation (SDC and GGP, 2015).
Trained meteorological staff collect the biomass
samples annually. Once collected, the samples
are sealed in plastic bags and transported to
meteorological stations for analysis. In the
laboratory, the field-measured biomass is dried,
and the dry weight is determined. This value is
then divided by the surface area of the plot, and
expressed in kilograms per hectare (kg ha™).
Locations of the selected 275 sampling sites
positioned on the MODIS image are shown in
Fig. 2.

Determination of indices

Vegetation and soil characteristics are critical
components in  understanding terrestrial
ecosystem functioning and assessing land surface
biophysical parameters. Vegetation, in particular,
plays a vital role in regulating energy exchanges,
nutrient cycling, and hydrological processes.

RS technologies have become indispensable for
monitoring these dynamics due to their ability to
provide consistent, large-scale, and temporally
frequent observations. Among the most
effective RS tools are vegetation indices, which
are mathematical transformations of spectral
reflectance data designed to enhance the signal
of vegetation-related variables while minimizing
background noise from soil, atmospheric
interference, or illumination conditions (Huete et
al., 2002; Dorigo et al., 2007).

Vegetation indices are typically computed using
combinations of spectral reflectance values in the
visible and NIR regions of the electromagnetic
spectrum. Recent advancements in sensor
technology have allowed researchers to develop
a diverse array of vegetation indices tailored to
specific objectives, such as assessing chlorophyll
content, vegetation cover, biomass, and water
stress (Amarsaikhan et al., 2023). These indices
serve as valuable input variables in empirical
and machine learning models used to estimate
vegetation characteristics at multiple spatial
and temporal scales (Altanchimeg et al., 2022).
In our study, we determined 9 spectral indices
commonly used in vegetation analysis (see Table
1). These indices were calculated using spectral
bands from the blue, red, and NIR ranges of the
electromagnetic spectrum (Enkhtuya et al., 2022).

Table 1. Vegetation indices used for the study

No. | Acronym Index Formula
1 NDVI Normalized Dii;tl“greince Vegetation (NIR-Red)/(NIR +Red)
) ATSAVI Adjusted Transformed Soil-Adjusted | 1.22"(py;-1.22°p,-0.03)/(1.22  p .t p,-1.22°0.03+0.08 -
Vegetation Index (1+1.22%)
Blue-Wide Dynamic Range
3 | BWDRVI Vegetatifm ndox (0.1 PPy )01 p it Py
NIR — Red
4 EVI Enhanced Vegetation Index 2.5 NIRT 6 ( Red — 7; ,)Blue D
5 DVI Difference Vegetation Index Par ~ Prea
6 kNDVI Kernel NDVI tanh(NDVT?)
7 TVI Transformed Vegetation Index Z;I; — gzz +05
Optimized Soil Adjusted Vegetation . NIR —Red
8 OSAVI P IndJex & A+ 116) p VR + 0.6
9 | NNIR Normalized Near Infrared NTR
ormalized Near Infrare (VIR T Red 7 Blue)
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Advanced classification methods

In the current study, we used such advanced
classification techniques as a RF, ANN, and
XGB for estimation of the vegetation biomass in
Mongolia.

The RF classifier is a popular ensemble method
that generates multiple decision trees by
randomly selecting subsets of both training
samples and variables. Each decision tree is
structured hierarchically, with nodes divided
based on selected features and specific splitting
criteria. This method is widely adopted in RS and
geospatial fields due to its strong classification
performance and reliability. One of its key
strengths is its capability to process large and
complex datasets effectively, while also being
relatively resistant to noise and outliers. In RF,
around two-thirds of the data are randomly chosen
to train each tree, while the remaining third is
used to evaluate the out-of-bag error rate and to
determine the importance of different variables
(Amarsaikhan et al., 2024).

The ANN is a machine learning model inspired
by the structure and function of the human brain.
They comprise interconnected nodes known as
neurons, which are organized into layers. Each
neuron receives input signals, processes them
using an activation function, and generates an
output signal that can be relayed to other neurons
within the network. A multi-layer perceptron is a
specific type of feed-forward ANN that includes
multiple layers of neurons. In an multi-layer
perceptron, neurons typically utilize nonlinear
activation functions, enabling the network to
learn complex patterns from the given data. This
method has been extensively applied in RS digital
image processing, and its architectural flexibility,
along with its capacity to approximate any
function under specific conditions, establishes it
as an essential component in the field of neural
network research (Chan et al., 2023).

The XGB is a supervised ensemble learning
algorithm that supports both classification and
regression tasks, and is based on the framework
of gradient-boosted decision trees. It offers an
effective alternative for modeling a response
variable using a set of explanatory variables. As
a representative of modern ensemble methods,
XGB improves predictive performance while
mitigating overfitting during model training

(Ahmetoglu and Das, 2022). The algorithm
constructs regression trees sequentially, with each
new tree trained to minimize the residual errors
from the previous iteration. This iterative process
allows the model to incrementally enhance
prediction accuracy by integrating outputs from
earlier trees. To further prevent overfitting, XGB
employs a pruning mechanism that removes low-
contributing decision nodes, thereby simplifying
the model without significantly compromising its
predictive capability (Zhang et al., 2023).

The selected machine learning methods have
been used to estimate the vegetation biomass in
the entire area of Mongolia. In each model, the
vegetation indices along with 3 spectral bands
were considered to be independent variables
and field measured biomass values were the
dependent variable. For implementation of the
models, Python algorithm was used.

RESULTS

Mongolia is characterized by a wide range of
natural and geographical zones, each supporting
unique vegetation communities and associated
biomass levels. This natural diversity is reflected
in the field-measured AGB data collected across
the country. Therefore, the biomass values
measured at 275 field measurement points
ranged from 10 kg/ha to 1530 kg/ha. The average
biomass across all sites was calculated to be
322.95 kg/ha, indicating considerable variation in
vegetation density and productivity. The standard
deviation of 320 kg/ha further underscores the
heterogeneity of biomass distribution across
different landscapes. In addition to biomass, the
study involved 12 other variables. To ensure
comparability and minimize the effects of scale
differences among variables, these 12 variables
were normalized using feature scaling techniques,
resulting in standardized values ranging between
-1 and +1. A summary of the descriptive statistics
for both the biomass and these normalized
variables is presented in Table 2.

As part of the analytical approach, the study
aimed to identify which spectral features derived
from RS data were most strongly associated with
ground-measured biomass. The list of spectral
bands and vegetation spectral indices used is
provided in Table 1. To quantify the relationships
between biomass and these spectral indicators,
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Pearson correlation coefficients were computed
and summarized in the form of a correlation
matrix, shown in Fig. 3. The result revealed that
several vegetation indices had relatively strong
linear relationships with biomass. Notably, four
indices such as the Enhanced Vegetation Index
(EVI), Adjusted Transformed Soil-Adjusted
Vegetation Index (ATSAVI), Blue-Wide
Dynamic Range Vegetation Index (BWDRVI),
and Optimized Soil-Adjusted Vegetation Index
(OSAVI) demonstrated correlation coefficients
(r) equal to or greater than 0.56, suggesting a
moderate to strong positive correlation with
biomass. In addition, another group of indices,
namely, the Normalized Difference Vegetation
Index (NDVI), Kernel Normalized Difference
Vegetation Index (kKNDVI), Triangular Vegetation
Index (TVI), and Normalized Near-Infrared Index
(NNIR), showed even stronger associations, with
correlation values reaching 0.60. These indices
appear to be the most effective in capturing
variations in AGB among the RS variables
evaluated.

On the other hand, some variables exhibited
weaker or negative correlations with biomass.
The Difference Vegetation Index (DVI), for
instance, yielded relatively lower correlation

value compared to other indices, indicating
limited usefulness in biomass estimation in this
context. Among the individual spectral bands,
the NIR band (Band 2) showed the weakest
positive relationship with biomass, with a
correlation coefficient of only 0.11. Meanwhile,
the Red (Band 1) and Blue (Band 3) bands were
negatively correlated with AGB, with coefficients
of -0.56 and -0.55, respectively. These negative
correlations suggest that higher reflectance in
the Red and Blue bands is associated with lower
biomass, which aligns with known spectral
behavior of healthy vegetation absorbing more in
these wavelengths.

Following the establishment of correlation
patterns between field-measured biomass and
a set of spectral indices, machine learning
techniques were employed to construct more
complex, non-linear models that could effectively
predict biomass. These models aimed to capture
the intricate relationships between the dependent
variable-actual field-measured biomass-and the
independent variables. To ensure optimal model
performance, a tuning process was conducted
for the number of trees used in each ensemble-
based algorithm. This was a critical step, as the
number of trees in ensemble models such as RF

Table 2. Statistics for biomass measurements and dependent variables

Variables (ﬁiﬁg) (kl\g/iﬁla) (li\;/z[ /11);1) Standeg((;}l)lz;/iation Kurtosis | Skewness | Samples

Biomass 322.95 10.00 1530.00 321.00 3.02 1.78 275

Variables Mean | Minimum | Maximum | Standard Deviation | Kurtosis | Skewness | Samples
Band 1 (B1: Red) 0.13 0.05 0.25 0.04 -0.69 0.41 275
Band 2 (B2: NIR) 0.27 0.16 0.38 0.04 0.44 -0.18 275
Band 3 (B3: Blue) 0.07 0.02 0.13 0.02 -0.43 0.57 275
NDVI 0.37 0.08 0.74 0.16 -0.99 0.09 275
kNDVI 0.40 0.08 0.97 0.19 -0.54 0.38 275
EVI 0.23 0.05 0.49 0.10 -0.75 0.18 275
DVI 0.14 0.03 0.28 0.06 -0.66 0.03 275
TVI 0.93 0.76 1.11 0.09 -1.05 -0.04 275
ATSAVI 0.17 -0.09 0.47 0.13 -0.94 0.02 275
BWDRVI -0.38 -0.68 0.12 0.16 -0.41 0.34 275
NNIR 0.59 0.42 0.81 0.09 -0.89 0.12 275
OSAVI 0.56 0.12 1.09 0.23 -0.94 0.06 275
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Fig. 3. Correlation coefficients matrix for the selected variables and biomass

or XGB significantly affects model accuracy and
computational efficiency.

The biomass estimation was carried out using a 10-
fold cross-validation procedure to evaluate model
robustness and reduce overfitting. This method
involves partitioning the dataset into ten equal
subsets. The modeling process is repeated over ten
iterations, and in each iteration, nine subsets are
used for training the model while the remaining
one is used for validation. The process rotates
such that each subset is used once as a validation
set. Performance metrics are calculated at each
iteration and then averaged to provide a more
reliable estimate of model performance.

To further enhance the predictive capability
of the selected machine learning algorithms, a
hyperparameter tuning process was performed.
This involved using a grid search strategy, which
systematically tests multiple combinations
of hyperparameter values to determine the
configuration that yields the best performance.
The optimized hyperparameters for each model
are presented in Table 3. For parameters not
explicitly tuned during this process, the default
settings provided by the respective algorithms
were retained. All modeling and machine learning
tasks were executed within a Python environment
using Jupyter Notebook, which provided an

interactive and flexible platform for data analysis
and visualization. Prior to modeling, data
preprocessing and spatial data preparation tasks
were conducted using ArcGIS 10.8.

Table 3 outlines the key hyperparameters used
in tuning the machine learning models applied
in this study. Among them, the n_estimators
parameter (default = 100) specifies the number of
individual trees to be constructed in an ensemble-
based learning method. In boosting algorithms,
this also corresponds to the number of boosting
iterations or rounds. The value assigned to this
parameter must be a positive integer (i.e., greater
than zero). While the default is 100, adjusting
this value can influence both the performance
and the generalization ability of the model. The
max_features hyperparameter defines how many
features the model considers when determining
the optimal split at each node of a decision
tree. This setting affects the randomness and
diversity of the trees in the ensemble and can
play a significant role in reducing overfitting and
improving model accuracy.

Another critical hyperparameter is eta, also known
as the learning rate (default = 0.3). This parameter
controls the magnitude of updates during each
boosting round. A smaller eta value results in
more conservative updates, often requiring more
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Table 3. Ranges of tuned hyperparameters

Algorithm Library Tuned Hyperparameter
hyperparameters configurations
oy n_estimators (10, 30, 50, 100, 200)
RF ikit-learn — (A 2
Scikit-lea max_features (3,5,7.9,12)
XGB xgboost eta (0.01, 0.02, 0.5, 0.1)
ANN Scikit-learn hidden_layer sizes 3), (4), (5), (6), (7), (8)
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boosting rounds to reach a similar level of error
reduction as higher learning rates. While a lower
learning rate can lead to better generalization, it
also increases training time. For neural network-
based models, the hidden layer sizes parameter
was used to define the architecture of the network.
This parameter indicates the number of neurons
in each hidden layer. Tuning this parameter
is essential, as it directly impacts the model’s
capacity to capture complex patterns in the data.
In the present study, we used different search
values for the hyperparameter configurations.
After conducting a comprehensive statistical
analysis of the relationships between the field-
observed AGB measurements and RS-based
variables across 275 sampling points distributed
throughout Mongolia, we proceeded to apply
three machine learning algorithms to model and
predict biomass values. Each of these models
was trained using a 10-fold cross-validation (CV)
procedure to ensure reliable model evaluation
and generalizability. The input features used for
model training included three selected spectral
bands and nine spectral indices that had been
identified through earlier correlation analysis as
being significantly associated with AGB.

After the models were trained and validated,
their outputs were used to generate biomass
distribution maps across the study region
(Fig. 4). The visual representation of these
predictions enables more intuitive interpretation
of model outputs and supports spatial analysis of
ecosystem conditions. To quantitatively evaluate
and compare the predictive performance of the
RF, ANN, and XGB models, we employed three
widely recognized statistical indicators: the
coefficient of determination (R?), mean absolute
error (MAE), and root mean square error (RMSE)
(Amarsaikhan et al., 2024).

R? is commonly interpreted as a measure of how
well the model aligns with the observed data, with
a higher coefficient indicating a better fit. MAE

represents the average of the absolute differences
between the actual and predicted values. On
the other hand, RMSE offers insights into the
model’s performance by comparing the actual
differences between the estimated and observed
values, with smaller values indicating better
model performance (Nyamjargal et al., 2019).
Table 4 summarizes both the training performance
and cross-validation performance of the evaluated
machine-learning models. Based on the training
dataset, the RF model achieved the highest
coefficient of determination (Training R?=0.88),
followed by XGB (Training R?>=0.80) and ANN
(Training R*=0.61). However, the 10-fold cross-
validation results showed that the XGB model
achieved the highest predictive performance
(CV R*=0.67), slightly outperforming RF (CV
R?=0.62) and ANN (CV R?*=0.44). These results
indicate that RF provided the best fit to the
training data, whereas XGB exhibited superior
predictive performance and generalization ability
under cross-validation.

Although RF achieved the highest training
accuracy metrics, the XGB model obtained
the highest cross-validation score, indicating
superior predictive robustness and generalization
capability. Therefore, considering both model
fitting and validation performance, XGB can be
regarded as the most reliable model among the
three. Furthermore, linear regression analyses
were conducted to evaluate the relationship
between observed and predicted biomass values
obtained from the fitted models (Fig. 5). The
resulting regression coefficients describe the
goodness-of-fit of the fitted models rather than
their cross-validation performance. As shown in
Fig. 5, XGB exhibited the strongest regression
relationship (R?=0.897), closely followed by RF
(R*=0.895), whereas ANN showed the weakest
relationship  (R>=0.431), indicating greater
dispersion of the predicted values.

Table 4. Summary statistics for the selected biomass prediction methods.

RF ANN XGB

Training R? 0.88 0.61 0.80
Training MAE (kg/ha) 68.45 158.94 87.47
Training RMSE (kg/ha) 109.93 241.66 143.09

10 fold CV R? 0.62 0.44 0.67
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Fig. 5. Regression relationship between observed and
(a) RF, (b) ANN, and (c) XGB

DISCUSSION

Recent research has delved deeply into various
machine learning techniques aimed at accurately
estimating pasture biomass utilizing RS data. A
study by Amarsaikhan et al. (2023) conducted a
comparative analysis of three prominent machine
learning algorithms, namely, RF, Support vector
machines, and PLSR within the forest-steppe
ecosystem of Mongolia. Their results revealed that
the PLSR approach consistently outperformed the
other models, achieving an impressive predictive
accuracy with an R? value of 0.899 and a RMSE
0f 10.560 g/m?. In comparison, the Support vector
machines model achieved a solid, yet slightly
lower performance with an R? of 0.837 and an
RMSE of 12.881 g/m? while the RF approach
yielded the least favorable results, exhibiting a
predictive accuracy of R>=0.823 and an RMSE
of 13.430 g/m>.

In a related investigation, Otgonbayar et al.
(2018) explored biomass estimation across
Mongolia’s vast grassland expanse by applying

predicted biomass values obtained from the fitted models:

both PLSR and RF models and integrating
selected spectral indices into their analysis. Their
findings indicated that while the PLSR model
maintained a satisfactory alignment between
predicted and observed biomass values (R*=0.750,
RMSE=101.10 kg/ha), the RF model performed
marginally better with metrics indicating R?
0.764 and an RMSE of 98.00 kg/ha.

However, the variability in the RMSE values
reported in this study was significantly greater
than those presented by Amarsaikhan etal. (2023),
suggesting possible inconsistencies stemming
from differing geographic extents, variations
in data resolution, or environmental conditions
influencing biomass detection. In contrast, our
current study observed RF as the most accurate
model, yielding an R? of 0.88, with an RMSE of
109.93 kg/ha. These discrepancies underscore
the sensitivity of model performance to various
input variables, including data structure, and
radiometric properties of the pixel values.
Vegetation indices have traditionally been
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derived from reflectance measurements within
the visible and NIR regions of the electromagnetic
spectrum, primarily due to the robust correlation
between NIR reflectance and vegetation structure
or biomass. The growing availability of advanced
satellite sensors equipped with SWIR bands has
initiated a more comprehensive investigation into
the potential of SWIR-based indices.

For instance, Hill et al. (2016) employed linear
unmixing of the two-dimensional response
envelope of NDVI and ratio (SWIR) 32
indices derived from optical data to retrieve
fractional cover of photosynthetic vegetation,
non-photosynthetic vegetation, and bare soil
for tropical savannah. In a study on accurately
modeling the biomass of arid steppe areas in
Algeria, Benseghir and Bachari (2021) utilized
various vegetation indices that combined visible
and NIR OLI bands, visible and SWIR OLI
bands, as well as NIR and SWIR OLI bands.
Despite these innovative advancements, research
efforts such as those by Amarsaikhan et al. (2023)
have illustrated that SWIR-based indices do not
consistently achieve greater accuracy compared
to traditional NIR-based indices. Consequently,
our current study emphasizes the importance
of utilizing visible and NIR spectral bands to
ensure reliable and accurate biomass estimation
outcomes.

Ecological and conservation implications of
green vegetation biomass mapping

Green vegetation biomass is widely recognized as
a fundamental ecological variable that integrates
plant productivity, resource availability, and
overall ecosystem health. In grassland-dominated
systems, such as those covering much of
Mongolia, aboveground biomass serves as an
effective proxy for net primary productivity and
forage availability, while also reflecting key
ecological processes including soil moisture
dynamics, nutrient cycling, and vegetation
structure. Consequently, spatial patterns of
biomass derived from remote sensing provide
critical insights into ecosystem functioning across
climatic gradients, enabling the identification
of areas experiencing ecological stress, land
degradation, or vegetation recovery (Portela et
al., 2020).

Mongolia’s rangelands support both pastoral

livelihoods and globally significant steppe
ecosystems. However, these landscapes are
increasingly threatened by climate variability,
overgrazing, and land degradation. Spatially
explicit biomass maps generated using machine
learning and remote sensing offer a powerful
tool for identifying vulnerable grazing areas,
monitoring forage availability, and supporting
adaptive rangeland management strategies. By
enabling rapid assessment of biomass conditions
over large areas, the approach presented in this
study can contribute to early warning systems
for pasture degradation and inform sustainable
livestock management practices.

Variability in vegetation biomass is closely linked
to climate drivers, particularly precipitation
and temperature, which strongly regulate plant
growth in Mongolia’s dryland ecosystems
(Jamiyansharav et al., 2018). Spatial biomass
estimation using moderate-resolution satellite
data provides an effective means to evaluate
ecosystem responses to climate anomalies, such
as droughts or extreme temperature events. The
modeling framework developed in this study
can therefore support long-term ecological
monitoring by enabling consistent assessment
of biomass dynamics and ecosystem resilience
under ongoing climate change (He et al., 2020).
From a conservation perspective, vegetation
biomass strongly influences habitat quality and
species distribution across Mongolia’s diverse
ecosystems. Areas characterized by persistently
low or declining biomass may indicate habitat
degradation, reduced ecosystem services, or
increased desertification risk, particularly in
environmentally sensitive dryland regions.
Conversely, regions exhibiting stable or
increasing biomass may represent resilient
ecosystems or successful land-management
outcomes, and integrating biomass maps with
ecological and biodiversity data can therefore
enhance conservation planning and support
evidence-based decision-making at regional and
national scales (Harris et al., 2023).

The strong performance of RF and XGB models
observed in this study highlights the value of
machine learning approaches for ecological RS
applications. Their ability to capture nonlinear
relationships between spectral indices and
biomass enables more accurate representation
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of ecological processes than traditional
linear models. Importantly, the demonstrated
robustness of these models under small-scale
mapping conditions suggests their suitability for
operational ecological monitoring, where timely
and repeatable biomass estimation is essential for
conservation and land-management purposes.

It should be noted that the cross-validation
R? wvalues (0.62-0.67) were lower than the
corresponding training R? values (0.80-0.88). This
difference suggests a degree of model overfitting
and reflects the more conservative nature of cross-
validation, which evaluates model performance
using independent validation subsets rather than
the data used for model fitting. The observed
performance gap may also be attributed to the
inherent variability of biomass measurements
and the complex nonlinear relationships between
biomass and spectral predictors. Nevertheless,
the 10-fold cross-validation procedure provided a
robust assessment of model generalizability, and
the XGB model maintained the highest validation
performance among the evaluated approaches.

In contrast, the ANN model demonstrated
substantially lower predictive performance than
RF and XGB. This may be partly attributed to
the relatively limited sample size (n=275), as
ANN generally require larger training datasets to
effectively learn complex nonlinear relationships.
Additionally, the predictor variables used in this
study represent structured environmental and
spectral data, for which tree-based algorithms
such as RF and XGB often exhibit greater
robustness and predictive accuracy. Although
ANN hyperparameters were optimized during
model development, the selected network
architecture may not have fully captured the spatial
and ecological variability of biomass conditions
across Mongolia, which likely contributed to its
lower predictive performance.

Another limitation of this study is its temporal
scope. The model development and evaluation
were based on field observations and MODIS
imagery acquired during August 2021 only.
Because vegetation biomass in Mongolia is
strongly influenced by interannual climatic
variability, the predictive performance reported
in this study may not fully represent biomass
conditions in other years. Therefore, the
proposed framework should be regarded as a

promising approach for biomass estimation
under the conditions represented by the study
period. Future studies incorporating multi-
year observations and a wider range of climatic
conditions would be valuable for evaluating the
temporal transferability and long-term robustness
of the models.

CONCLUSIONS
The study aimed to develop a suitable model for
predicting vegetation biomass in Mongolia by
comparing the RF, ANN, and XGB techniques.
3 spectral bands and 9 vegetation indices
derived from MODI13A1 were used to identify
the optimal spectral predictor variables. The
indices were calculated from MODIS data of
August 2021, utilizing the blue, red, and NIR
bands. The training phase employed reference
biomass datasets collected from 275 sample
plots of a field survey. Hyperparameters for
each selected algorithm were tuned to enhance
model performance, using a grid search method
to identify the optimal hyperparameters. The
comparative analysis demonstrated that the RF
model achieved the highest predictive accuracy,
with an R? of 0.88, MAE of 68.45 kg ha™', and
RMSE of 109.93 kg ha™'. In contrast, the ANN
model exhibited substantially lower performance
(R?=0.44, MAE=158.94 kg ha™', RMSE=241.66
kg ha'). The XGB model ranked second,
producing reliable estimates with an R? of 0.80,
MAE of 87.47 kg ha™', and RMSE of 143.09
kg ha™'. Linear regression analysis comparing
observed and predicted biomass values further
revealed that XGB vyielded the strongest
relationship (R?=0.897), closely followed by
RF (R*=0.895), while ANN again showed the
weakest agreement (R>=0.431). Overall, the
results indicate that RF is the most suitable
method for vegetation biomass estimation in
Mongolia for the analyzed period, while XGB
also represents a viable and robust alternative.
Given that R? values exceeding 0.8 are generally
considered satisfactory for ecological modeling,
both RF and XGB approaches demonstrate strong
potential for operational biomass mapping.
However, because the analysis was based on data
acquired during August 2021, further validation
using multi-year datasets is recommended before
extending these findings to long-term national-
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scale biomass monitoring applications. Beyond
methodological performance, the generated
biomass maps provide ecologically meaningful
spatial information that can support pastureland
management, biodiversity conservation, and
climate-change impact assessments across
Mongolia’s dryland ecosystems.
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