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Abstract

Grassland aboveground biomass (AGB) is a key variable to measure grassland produc-

tivity, and accurate assessment of AGB is important for optimizing grassland resource

management and understanding carbon, water, and energy fluxes. Current

approaches on large scales such as the Mongolian Steppe Ecosystem often combine

field measurements with optical and/or synthetic aperture radar (SAR) data. Mean-

while, especially the representativeness of the field measurements for large-scale

analysis have seldom been accounted for. Therefore, we provide the first remotely

sensed AGB product for central and Eastern Mongolia which (1) uses random forest

(RF), (2) is fully validated against over 600 field samples, and (3) applies a novel

method, dissimilarity index (DI), to derive the area of applicability of the model with

respect to the training data. Therefore, different remote sensing data sources such as

multi-scale and multi-temporal optical images—Worldview 2 (WV2), Sentinel 2 (S2),

and Landsat 8 (L8) in combination with SAR data are tested for their suitability to

provide an area-wide estimation on large scale. The results showed that the AGB pre-

diction by combining Sentinel 1 (S1) and S2 using RF had the highest accuracy. Fur-

thermore, the model was applicable to at least 72.61% of the steppe area. Areas

where the model was not applicable are mostly distributed along the edges of grass-

land. This study demonstrates the potential of combining Sentinel-derived indices

and machine learning to provide a reliable AGB prediction for grassland for extremely

large ecosystems with strong climatic gradients.

K E YWORD S

AGB, AOA, DI, machine learning, prediction, spectral and SAR

1 | INTRODUCTION

The Eurasian steppe, the largest continuous temperate grassland in

the world, provides vital ecosystem services for humans. These

include regulating global climate through significant organic carbon

storage, sustaining biodiversity, and supporting livelihoods through

agricultural and pastoral production (Bengtsson et al., 2019). How-

ever, the steppe is facing severe environmental pressure, climate

change, and overexploitation of resources which contributes to the

presumed grassland degradation and desertification, threatening the
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integrity of this vast ecosystem (Darbalaeva et al., 2020; Dashpurev

et al., 2020). Unsustainable use of grassland resources has also forced

local communities to change land use, preventing improvements in

their living standards in pastoral areas in the long run (Khishigbayar

et al., 2015; Reid et al., 2014). The increase in the numbers of grazing,

mining activities, as well as the effects of grassland reclamation for

food production and development, have been the main causes of

grassland degradation on the Mongolian Plateau (Leisher et al., 2012;

Sainnemekh et al., 2022). In situ measurements showed that these

human disturbances, coupled with climate warming, have reduced bio-

diversity and ecosystem functions within the region (Kauffman

et al., 2021; Zhang et al., 2010). Therefore, timely and accurate moni-

toring of vegetation dynamics is key to assess potential grazing capac-

ities and to protect the vast ecosystems (Wang et al., 2013). Since

presumed drivers of vegetation conditions are changing over time,

stable and validated time series products are required for Mongolia.

Aboveground biomass (AGB) is a key biophysical indicator charac-

terizing grassland growth and conditions. Traditionally, data collected

in situ within the enclosure in the undisturbed, natural plant communi-

ties is representative of aboveground net primary production. How-

ever, sampling with destructive methods is labor and cost-intensive

and has limited spatial and temporal representativeness. Satellite

remote sensing has been established as a low-cost and widely used

tool to monitor vegetation across large areas and to provide accurate

data for the management of vast ecosystems. Several previous studies

reported the capability of optical data to be used for estimating AGB

(Guerini Filho et al., 2020; Li et al., 2013; Mundava et al., 2014;

Otgonbayar et al., 2019; Ren & Zhou, 2019), however, several limita-

tions remain, including (1) spaceborne optical remote sensing is limited

by clouds; (2) saturation of the relationship between AGB and surface

reflectance at moderate to dense grassland vegetation; and (3) the

spectral information is mainly from the top of canopy and ignores ver-

tical vegetation structure. As a result, uncertainties of AGB estimates

may vary in space and time according to the quality of the optical sat-

ellite data and the vegetation type.

One option to include information on the vertical structure of

grassland vegetation is to use synthetic aperture radar (SAR data)

which provides observations at a high spatial resolution in the order

of tens of meters. In addition, the data are independent of clouds and

solar illumination (Torres et al., 2012; Veloso et al., 2017). Microwaves

are sensitive to the water content of vegetation and soil, conse-

quently, SAR data have been proven to be a good supplement, espe-

cially for estimating the AGB of forests and crops (Blickensdörfer

et al., 2022; Forkuor et al., 2020). In contrast, only a few studies used

SAR data to estimate the AGB of grasslands (J. Wang, Xiao,

et al., 2019), which is noticeable because a free data source of SAR

data became available with Sentinel-1 (S1) since 2014.

To estimate ABG based on any satellite data, a transfer function

is necessary. Most commonly, such transfer functions are established

using statistical approaches which can be divided into parametric and

non-parametric methods (Güneralp et al., 2014). Machine learning

(ML) methods fall into the latter category. In a simplified perspective,

ML can be seen as searching for parameter values through a large

option space, guided by training data, to find a solution that optimizes

a performance metric. Among the 26 articles published before the

end of 2019 on the use of ML/deep learning to estimate AGB in

grassland, random forest (RF), support vector machines (SVM), and

artificial neural networks are the three most used (Morais

et al., 2021). Popular advanced methods used to retrieve biomass via

multivariable satellite data are RF (Jansen et al., 2019; Meyer

et al., 2017; Ramoelo et al., 2015) and SVM (J. Wang, Xiao,

et al., 2019; Wu et al., 2016) that have been evaluated as a valuable

tool to be independent of multicollinearity among predictor variables.

In most of the existing studies, one ML method is used to train a

model based on sample data, which is then applied to a larger study

area without paying, attention to whether the prediction is equally

valid across the study area also beyond the training points used for

training. For instance, a recent study on salinity intrusion mapping in

Vietnam's Mekong Delta, lacked training points at two cities in the

north (Nguyen et al., 2021). Another example is a recent study on

mapping rainfall in Eastern Asia, where no training data are included

from outside of China (Zhang et al., 2021), but predictions are still

made for these areas. In this case, how reliable is the accuracy of pre-

diction in such areas without training points?

Thus, the objectives of this paper were to (1) develop a fully vali-

dated time series of AGB for Eastern Mongolia, (2) investigate the

important contribution of different indices and bands to AGB map-

ping, and (3) evaluate in which area model predictions are reliable.

2 | MATERIALS AND METHODS

2.1 | Study area

The largest area of mostly intact steppe ecosystem in the world is

found in Eastern Mongolia which is characterized by a close integra-

tion of social and natural processes at an altitude of 500–1300 m

(Figure 1). Average temperatures range between around �4 and

�8�C and vary strongly among years (Harris et al., 2020). Annual pre-

cipitation rarely exceeds 400 mm and is typically much lower in the

south and central desert and steppe regions. The vegetation in East-

ern Mongolia is mainly grouped as a steppe zone, and a limited area

belongs to the forest-steppe belt (in the north and east), and a small

area in the south is covered by desert steppe. Dry steppe is the most

dominant steppe type in Eastern Mongolia (Tuvshintogtokh, 2014),

while meadow steppe, mountain steppe, and desertified steppe occur

in the area of the forest-steppe belt and transitional area to desert

steppe. Our study region covers mainly dry steppe, and the most

dominant grass communities are Stipa krylovii + Leymus chinensis

+ forbs and Stipa grandis + Caragana spp. + forbs. Most frequent

common species include grass species such as S. krylovii, S. grandis,

L. chinensis, and Cleistogenes squarrosa; sedge species like Carex durius-

cula; shrub species like Caragana microphylla, Caragana stenophylla;

subshrubs such as Artemisia frigida, Artemisia adamsii; and forb species

including Allium polyrhizum, Convolvulus ammannii, Chenopodium spp.,

and Astragalus spp.
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2.2 | Data acquisition and pre-processing

In this section, we will first summarize the acquisition of field data

used as a reference in the analysis. Then, we will describe the satellite

data and the pre-processing used in this study. For a general overview

of the methods applied, please refer to Figure 2. The major methodo-

logical steps include (1) data collection and preprocessing of different

data sources (e.g., optical images from WV2, S2, and L8 and SAR data

from S1); (2) creation of feature spaces (indices used as predictors

derived from optical and radar sensor) to be used for AGB prediction;

(3) comparing the performance of the two popular ML methods RF

and SVM to retrieve the grassland biomass; and (4) evaluation of AGB

estimation results. In this study, a total of 603 samples were systemat-

ically allocated on the grassland, of which 216 were from 10 core

sites. Core sites differed from other sampling areas that WV2 data

were available.

2.2.1 | In situ data collection

Field data on core sites were collected during the growing season of

2019 and 2021 by members from the MORE STEP project (https://

www.morestep.org/), a stratified semi-random sampling method was

conducted at different geographical scales to support the multiscale

modeling and to ensure that only plots were considered which were

representative for the surrounding vegetation. Semi-random in our

context means that plots have been selected based on the constraint

that surrounding vegetation must be homogeneous to reduce spatial

scale effects. At 216 plots within the 10 core sites (Core sites differed

from other sampling areas where WV2 data were available), AGB has

been removed within a rectangle of 1 � 1 m marked with rulers (for

statistics descriptive of field data see Table 1). Biomass samples have

been dried and weighed in the laboratory. Field data outside of core

sites were downloaded from the Agency for Land Administration and

Management, Geodesy, and Cartography in Mongolia (https://egazar.

gov.mn). The location of sampling plots was recorded with a GPS.

2.2.2 | Sentinel-1 data and pre-processing

S1 images were selected based on acquisition dates to minimize the

time lapse between field campaigns and satellite overpasses and

downloaded from the Copernicus Open Access Hub (https://scihub.

copernicus.eu). The data were acquired in the Interferometric Wide

Swath (IW) mode with dual polarization (VV, VH). Pre-processing

includes four steps: radiometric calibration, speckle filtering, terrain

F IGURE 1 Overview of the location of the study area and land cover types (Phan et al., 2022). Climate diagrams for the period 1990–2020
are calculated using data from the Global Historical Climatology Network (Menne et al., 2012). [Colour figure can be viewed at
wileyonlinelibrary.com]
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correction, and conversion of the backscatter values to backscattering

coefficients using the following equation.

σ0 dBð Þ¼10log10σ0,

where σ0 dBð Þ is the normalized radar cross section and σ0 is the back-

scatter for a specific polarization, and the unit of the backscattering

coefficient is dB. Shuttle Radar Topographic Mission Digital Elevation

Model at 30m resolution was used for the terrain correction. To

reduce speckle noise, the Refined Lee speckle filtering algorithm

(which adapts the window size to the local texture and edge informa-

tion) was applied to the backscatter data which was selected due to

its reported superior performance in SNAP (Lukin et al., 2018). To co-

registrate of S1 and S2 datasets at a spatial resolution of 10m, the S1

dataset was chosen as the reference layer and the bilinear interpola-

tion method was utilized (De Luca, Silva, Di Fazio, & Modica, 2022).

F IGURE 2 Schematic overview of
AGB mapping with multi-source
satellite data. [Colour figure can be
viewed at wileyonlinelibrary.com]

TABLE 1 Descriptive statistics of the
AGB (g/m2) collected from core sites
during the field campaign.

Year N Minimum Mean Median Maximum SD (%) SE

2019 153 7.27 75.99 72.72 211.03 57.71 3.56

2021 63 17.85 96.18 94.17 200.16 39.95 4.88

JI ET AL. 2985
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2.2.3 | S2 data and pre-processing

S2 images acquired during June to August of 2019, 2020 and 2021

were downloaded from the ESA Sentinel Scientific Data Hub (http://

scihub.copernicus.eu/) according to the closest dates for field sam-

plings from June to August. The Level-1C was atmospherically cor-

rected with Sen2Cor processor plugin. S2 has 13 spectral bands with

different spatial resolutions from visible to short-wave infrared.

Except bands 1, 9, and 10, all bands were pre-processed and included

in the further analysis. The desired pixel size for the S2 image was

selected to be 10 m. For the bands with a lower pixel resolution, the

nearest neighbor resampling method was used.

2.2.4 | WV 2 data and pre-processing

WV2 images covered 10 core sites and were acquired in 2019 and

2021, scheduled in correspondence with the field campaigns. Radi-

ance images were atmospherically corrected and transformed from

top-of-atmosphere to bottom of the atmosphere reflectance via the

6S model (Vermote et al., 1997) adopted for large scales and altitudi-

nal gradients (Curatola Fernández et al., 2015).

2.2.5 | L8 data and pre-processing

With extensive data archive and a wide range of wavelengths in the

visible, near-infrared, and shortwave-infrared bands, Landsat images

have been proven to be capable of predicting grass biomass with

30 m spatial resolution (Otgonbayar et al., 2019). L8 images were

downloaded from the United States Geological Survey's Earth

Explorer website (https://earthexplorer.usgs.gov/), and radiometric

calibration and FLASSH atmospheric correction were conducted in

ENVI 5.3. Only band 1 to band 7 were extracted in this study. For the

summary of all satellite images used in this paper please see Table S1

in the supplementary material.

2.3 | Predictor selection and experiment design

For the variables from S1, in addition to the backscatter values, the

difference (VV � VH), sum (VH + VV) (Vaglio Laurin et al., 2018), and

ratio (VH/VV) (Veloso et al., 2017) were computed as predictors.

Besides that, depending on the number of bands available in each

optical sensor (S2, WV2, and L8), 12 common vegetation indices (CIre,

mNDVIre, MSRre, MTCI, NDVIre, SRre, CIgreen, OSAVI, EVI2,

mNDVI, MSR, and NDVI) (supplementary material Table S2) and all

NDVI-like normalized differences indices (Thenkabail et al., 2000)

(45 NDIs from S2, 32 from WV2, and 20 from L8) were calculated and

used as additional—predictors. This resulted in feature spaces consist-

ing of up to 72 predictor variables for S2 and S1 (for the number of

predictors in other datasets see Table 2). In accordance with the

objectives of the study, the performances of five different feature

spaces were compared to understand the applicability of indices from

different datasets and their combinations in mapping and predicting

the AGB in Eastern Mongolia. R package “caret” (Kuhn, 2008) was

employed to conduct two ML methods. Using the NDIs derived from

two different spectral bands causes variable importance values to be

difficult to interpret because one spectral band contributes to several

predictors in the feature space. Consequently, the variable importance

values were summed up by spectral bands contributing to each

feature.

2.4 | Assessing the accuracy of model performance

To evaluate the accuracy of grass biomass prediction models in this

study and reduce the error caused by the accidental division of train-

ing samples, 10-fold cross-validation was used. Each method in the

model training was validated by a test dataset that was not used in

the model training process in the same resolution (70% for training

and 30% for testing), using the coefficient of determination (R2), the

cross-validation correlation coefficient (rcv), RMSE, relative RMSE

(RMSEr), and bias for evaluating the accuracy of predicted values.

Then AOA was calculated to evaluate the representativeness of

the model for areas not covered by the field sample locations

(Meyer & Pebesma, 2021). Since the model has no knowledge about

such areas, predictions on such areas must be considered more uncer-

tain compared to areas covered by sufficient training data. We calcu-

lated the recently proposed dissimilarity index (DI) (based on the

minimum distance to the training data in the multidimensional predic-

tor space) which can be used to automatically derive the AOA of ML

models. The basic idea of the calculation is based on the minimum dis-

tance between each pixel to the training data in the multidimensional

predictor space, with predictors being weighted by their respective

importance in the model. Then, AOA was derived by applying a

threshold which was the maximum DI of the training data derived via

cross-validation (Meyer & Pebesma, 2021).

3 | RESULTS

3.1 | Establishing model of AGB prediction

We used data from three satellite sensors to build models to predict

AGB. In total, 6 AGB models (A, B, and C) have been developed based

on variables from S1, S2 and their integration, and 4 models from

WV2 (D) and L8 (E) with two ML methods (Table 3). The results

showed that accuracies in predicting AGB differed among the models

and ranged from moderate to high (rcv between 0.46 and 0.75, RMSE

between 935.83 and 532.12 kg/ha). Among the models, RF based on

S1 and S2 (RF_S1 + S2) performed best with r = 0.87 and RMSE of

532.12 kg/ha. When compared only to optical sensor-based models,

S2 showed better performance than WV2 and L8 (Figure 3). Irrespec-

tive of which ML methods has been used, adding S1 data as an addi-

tional predictor improved the accuracy. The comparison of the two

2986 JI ET AL.
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ML methods showed that RF outperformed SVM in all cases except if

only S1 data have been used. The performance of RF showed high

quality when backscatter from S1 was introduced as additional predic-

tors in the models. Models based on S1 and S2 (r = 0.87) still showed

higher fits than models based on Landsat (r = 0.80).

3.2 | Variable importance

The sum of variable importance values per spectral band were highest

in the red-edge part of the electromagnetic radiation for S2 and WV2

(Figure 4). For Landsat, the red band had the highest contribution to

the model. The variable importance of the blue bands was lowest irre-

spective of the sensor used for AGB prediction. Intermediate impor-

tance values have been observed for near-infrared (NIR) and SWIR

parts of the electromagnetic radiation.

3.3 | AGB prediction and validation

Figure 5 shows the average AGB estimation of Eastern Mongolia in

June, July, and August (summer period), in 2021 as calculated by the

best performing method (RF regression) on 10 m pixel resolution

based on S1 and S2 data. In the north of Tuv, Khentii, and Dornod,

TABLE 2 Feature spaces in the ML
regression models.

Predictors Abbreviation Description Number

A: All optical data of S2 S2all Spectral and indices 67

B: All SAR S1all VV, VH, and derivatives 5

C: Optical and SAR S1S2all All available predictors 72

D: All optical data WV2 WV2all Spectral and indices 48

E: All optical data of L8 L8all Spectral and indices 35

TABLE 3 Summary of biomass
(kg/ha) prediction model results in 2019
and 2021.

Method Predictors RMSE (kg/ha) rcv R2 Bias RMSEr

RF A 535.12 0.86 0.74 14.16 40.56

B 935.83 0.46 0.22 32.75 68.92

C 532.12 0.87 0.75 16.75 40.79

D 586.25 0.71 0.51 69.46 29.31

E 610.49 0.80 0.65 18.89 66.93

SVM A 582.71 0.82 0.67 39.21 44.41

B 929.78 0.45 0.20 115.96 69.87

C 604.03 0.82 0.67 33.73 46.04

D 652.15 0.63 0.39 37.9 27.18

E 638.53 0.79 0.62 62.11 76.78

F IGURE 3 Scatterplot of predicted against observed AGB based on datasets of three optical sensors (see Table 2 for definitions of datasets),
(a) WV2, (b) S2, and (c) L8. The dashed lines are the 1:1 line, and the solid lines are linear regressions. Note that there were only limited sample
sites on the Worldview scale caused by the spatial extent of the available WV2 data.
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AGB more than 4000 kg/ha were observed. This area is the transi-

tion zone between mountain steppes and forest steppes. Biomass is

highest in the area of the most eastern part of Dornod. The histo-

grams indicate the distribution of the AGB estimation in four prov-

inces in the study area. The proportion of pixels with 1000–

3000 kg/ha AGB in Dornod is more than 50%, mainly distributed in

the eastern region. Around 40% of the grassland area in Sukhbaatar

had less than 1000 kg/ha. In the north of Khentii and Tuv, models

are not applicable to some areas because the distribution of

meadow steppe even forest steppe, AGB below 500 kg/ha is pre-

dicted in the far south region, which is the area most closely to the

Gobi desert in Mongolia.

F IGURE 4 Sum of variable importance in three trained models, (a) S2, (b) WV2, (c) L8. Red rectangles show the red edge bands of S2 and
WV2, and blue rectangles indicate the SWIR bands of S2 and L8. [Colour figure can be viewed at wileyonlinelibrary.com]

F IGURE 5 Application of the best-performing model to estimate biomass (in kilogram per hectare) across Eastern Mongolia (a) in 2021 (for
2019 and 2020, see Figure S1 in supplement). Areas not fulfilling AOA criteria are in pink, forest in gray have been excluded before prediction.
Histograms in (b) show the distribution of AGB within different provinces (I, Dornod; II, Sukhbaatar; III, Khentii; IV, Tuv, locations are marked in a).
[Colour figure can be viewed at wileyonlinelibrary.com]
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Except for the area covered with forest steppe in the north part

of Tuv and Khentii, the area outside of AOA mostly has AGB under

500 kg/ha or above 3500 kg/ha, especially the south part of the study

area near the Gobi desert and north of Dornord where distributed

mainly with mountain steppe (marked with red circles in Figure 6).

Among the study periods, the spatial accuracy of the selected model

remains above 72.61% (Figure 7), which means the model is trustwor-

thy in the spatial prediction of grassland AGB in this region.

4 | DISCUSSION

Grassland AGB monitoring provides a valuable data source for man-

agement and decisions by local governments prohibiting degradation

and, thus, maintaining biodiversity and ecosystem functioning. In this

paper, we used different sources of satellite images for biomass esti-

mation and found that the estimation accuracy under the combination

of SAR and optical data with RF was promising.

4.1 | Accuracy of models

Integrating SAR data with optical data have been found to improve

the accuracy of biomass estimates (De Luca, Silva, & Modica, 2022;

De Luca, Silva, Di Fazio, & Modica, 2022; Malhi et al., 2022). How-

ever, our study found that integrating S1 and S2 only slightly

improved the accuracy of grassland AGB prediction. This could be due

to high percentages of bare soils in areas near desert steppe, leading

to surface roughness and uncertainty of vegetation conditions, which

can affect electromagnetic waves to some extent (Benninga

et al., 2020). Additionally, the year 2019 was relatively wet in the

study area, resulting in a high cloud cover. As a result, there were no

cloud-free optical remote sensing images available near the time of

field sampling, and only images acquired earlier in the year could be

used. This resulted in a larger discrepancy between the vegetation

condition at field samplings and the time of satellite image acquisition

compared to other years.

Comparing different sensors, we found that integrating S1 and S2

data outperformed WV2 and L8. These sensors differ in spectral and

spatial resolution. Using sums of variable importances per spectral

band, we could show that red-edge bands contributed most to the

models if such bands were available. In contrast, NIR bands were only

intermediately important. SWIR bands were also intermediate if pre-

sent. The red edge band is particularly useful for estimating chloro-

phyll content because it is sensitive to the absorption and reflectance

properties of the pigment and reflectance is correlated with the

F IGURE 6 Dissimilarity index (DI) of the 2021 biomass prediction map, darker colors symbolize areas outside of AOA (For 2019 and 2020,
see Figure S2 in supplement). Red ellipses mark regions with low AOAs discussed in the text. [Colour figure can be viewed at
wileyonlinelibrary.com]

F IGURE 7 Percentage of pixels full-filling area of applicability
(AOA) criteria for each year. [Colour figure can be viewed at
wileyonlinelibrary.com]
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amount of chlorophyll in the vegetation, which is a key indicator of

plant health and productivity (Tong & He, 2017). S2 has three red-

edge bands (ranging from 689.1 to 802.8) which is different from

WV2 (one band) and L8 (no bands in the red edge part). If SWIR bands

are available, they contribute intermediately to the models. Here, the

SWIR band at 1600 nm outperformed the bands at 2500 nm for S2

and L8 (WV2 does not have bands in the SWIR part of the electro-

magnetic radiation). From a physical perspective, bands in the SWIR

region are particularly important for the discrimination of dead organic

material from bare soils (Daughtry et al., 2005). Consequently, we

conclude that S2 outperformed the other two sensors because of its

spectral configuration encompassing three bands in the red edge and

two bands in the SWIR part of the electromagnetic radiation. The

higher spatial resolution of WV2 does not equalize the disadvantage

of the lower spectral resolution of its sensor in homogeneous grass-

lands such as the Eastern Mongolian Steppe (Spagnuolo et al., 2020).

The integration of optical and radar sensors, along with the use of

ML methods for biomass prediction, has become a popular practice

due to its ability to produce more accurate results than traditional

empirical models. However, spatial accuracy assessments are rarely

performed, which is particularly important for large-scale analyses. In

this study, we introduced a new approach to evaluate the model's

ability to predict biomass at each pixel, and we found a minimal AOA

of 72.61%, indicating that the training data used in this study is repre-

sentative of most parts of the study area. Nevertheless, areas not

represented by training data were mainly observed near the forest

steppe in the north and the Gobi desert in the south, suggesting that

future fieldwork should pay more attention to collecting samples from

the ecological transition areas at the edges of the pristine steppe.

4.2 | Limitations and future work

AGB prediction through vegetation indices generated by optical sen-

sors will cause “saturation”, because these indices are constructed

based on healthy vegetation absorbing radiation in a certain wave-

length range and reflecting radiation in another, such as NDVI is based

on the principle that healthy vegetation reflects more NIR radiation

and absorbs more red radiation than non-vegetation surfaces, such as

soil or water. Limited by the spectral radiation range of sensors, “satu-
ration” is difficult to completely eliminate. In the southwest of Eastern

Mongolia, where desert grassland dominates and the surface is more

exposed, the prediction may be ignored or decreased, which have

been proved optical indices to be sensitive to soil optical properties

under conditions of incomplete vegetation cover (Ren et al., 2018;

G. Wang, Liu, et al., 2019). While in the eastern Dornod province,

where meadow steppe dominates, relying solely on the indices may

lead to a lower estimated biomass. Previous studies have utilized

hyperspectral sensors, which can better capture the canopy reflection

signal and mitigate the influence of bare soil (Cooper et al., 2021;

Zandler et al., 2015). Therefore, our direction is to develop a new ML

model for biomass inversion and correction, using data from the

upcoming CHIME hyperspectral satellite data.

5 | CONCLUSION

The objectives of this study were threefold: First, we aimed to

develop the first fully validated time series of AGB for Eastern

Mongolian Steppes. Therefore, we used over 600 in situ samples to

train powerful ML models. In addition, we compared the suitability

of four different sensors to estimate the AGB of Mongolian grass-

lands and found that combining S1 and S2 outperformed models

solely based on L8 data or the high spatial resolution data of WV2.

Second, the importance of different spectral regions for AGB map-

ping was evaluated. Here, we found the red edge band is particu-

larly useful for estimating chlorophyll content, the high spatial

resolution of WV2 seems not advantageous compared to the addi-

tional spectral bands of S2 especially in the red edge and SWIR.

Third, we aimed to evaluate, which spatial areas model predictions

are reliable based on the configuration of in situ samples. We found

that the prediction accuracy of the model is higher when the sam-

pling point is in a more homogeneous grassland. This means that

uncertainties of AGB estimates are low in the north near to forest

steppe and south covered by the Gobi desert, while they are

increasing in the typical steppe.

Sampling data acquisition often has accessibility limitations,

resulting in a limited number of ground sampling points. Therefore, it

is crucial to ensure the accuracy of these points to facilitate ML-based

regional predicting. To achieve this, accurate decision-making using

AOA and DI is essential. As we strive for continuity in future sampling

work, it is important not to overlook sample collection in diverse

environments.
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