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• The potential of Sentinel-3 OLCI data 
was evaluated for estimating grassland 
parameters (LAI, FVC, and AGB). 

• The Bayesian spatial model performed 
better than random forest and random 
forests kriging method. 

• S3 OLCI data presented higher accuracy 
than MODIS data for estimating LAI, 
FVC, and AGB. 

• The predicted results presented higher 
accuracy than PROBA-V and MODIS 
global land products. 

• The employment of the red-edge bands 
improved the performance of vegetation 
variable estimation.  
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A B S T R A C T   

Accurate estimation of grassland leaf area index (LAI), fractional vegetation cover (FVC), and aboveground 
biomass (AGB) is fundamental in grassland studies. The newly launched Ocean and Land Color Imager (OLCI) 
sensor onboard Sentinel-3 (S3) provides images with comparable spatial and spectral resolution with MODIS 
data. However, the use of S3 OLCI imageries for vegetation variable estimation is rarely evaluated. This study 
evaluated the potential of S3 OLCI and MODIS data for estimating grassland LAI, FVC, and AGB in the eastern 
Eurasian steppe. A Bayesian spatial model (Integrated Nested Laplace Approximation with Stochastic Partial 
Differential Equation, INLA-SPDE) was used to address spatial autocorrelation of in-situ observation data and to 
enhance our predictions. Our results showed that the models based on S3 OLCI data presented higher accuracy 
than models with MODIS data. The RMSEs decreased by 3.7–10.8 %, 3.7–7.5 %, and 1.6–14.2 % for LAI, FVC, 
and AGB predictions, respectively. Through combinations of multiple predictors, we confirmed the robustness of 
red edge bands for grassland variable estimation, the models employing red edge variables yielded 3.5 %, 3.2 %, 
and 0.4 % lower RMSEs than models with conventional visible and NIR bands for LAI, FVC, and AGB prediction, 
respectively. INLA-SPDE spatial model produced lower bias and higher prediction accuracy than random forest 
and random forests kriging method in most of the models; the INLA-SPDE predicted LAI and FVC maps also 
showed a better agreement with ground observations than MODIS and PROBA-V land products.   

1. Introduction 

Leaf area index (LAI), fractional vegetation cover (FVC), and 
aboveground biomass (AGB) are essential grassland biophysical pa-
rameters in modeling many ecosystem processes such as photosynthesis 
and transpiration (Baret, 2016; De Grave et al., 2020; Rocha et al., 
2019). Conventional destructive or visual methods for estimating 
abovementioned variables are time-consuming and labor-intensive, 
which are applicable only for small-scale monitoring (Catchpole and 
Wheeler, 1992; Liang and Wang, 2020). Remote sensing (RS) meanwhile 
can provide an approach for large-scale land surface observations with 
high efficiency, including modeling these variables using multiple op-
tical spectrum (Ali et al., 2016; De Grave et al., 2020). 

The most common methods in RS estimation of these parameters 
include regression methods and physical based methods. In particular, 
the machine learning (ML) algorithms are increasingly employed 
because of their ability to combine different data structure features in a 
non-linear manner and to conform to the requirements of different tasks 
(Andreatta et al., 2022; Verrelst et al., 2015). However, current practice 
in model assessment has mainly focused on model fitting and overall 
accuracy, with a fundamental assumption that the ground observations 
are randomly distributed for calibrating RS products. Such an assump-
tion of independent and random sampling is often violated because 
spatial autocorrelation is very common in both RS data (Rocha et al., 
2019) and in-situ observations (Fang, 2005), which would significantly 
inflate the degree of freedom in statistical testing. Theoretically, plant 
traits from closer locations are more likely to be similar than those in 
distance (Tobler, 1970). When dealing with spatially autocorrelated 
datasets and RS imageries, conventional parametric statistics would not 
be appropriate (Rocha et al., 2019; Rocha et al., 2018). 

Spatial models based on Bayesian inference have become more 
popular after powerful computational methods such as Markov Chain 
Monte Carlo (MCMC) became available (Banerjee and Fuentes, 2012; 
Gilks et al., 1995). Due to data subsampling and long burn-in periods, 
the use of MCMC methods is often computationally demanding, espe-
cially in the analysis of spatial data (Moraga et al., 2021). More recently, 
a novel Bayesian spatial model, the Integrated Nested Laplace Approx-
imation (INLA) (Rue et al., 2009) with the Stochastic Partial Differential 
Equation (SPDE) approach (Lindgren et al., 2011), was introduced by 
Poggio et al. (2016). Using a mesh to create a neighborhood structure 
and account for the spatial dependency for continuous surface, INLA- 
SPDE model is more computationally efficient than MCMC and has 
been successfully used in a large number of spatial problems including 
human health (Moraga et al., 2021), air quality (van Donkelaar et al., 
2016), and soil mapping (Huang et al., 2017). However, very few studies 
applied INLA-SPDE model in vegetation variable estimation (Rocha 
et al., 2019). 

Sentinel-3 (S3) is a new earth observation satellite launched by Eu-
ropean Space Agency (Donlon et al., 2012). The Ocean and Land Color 
Instrument (OLCI) is a multispectral radiometer carried on board 
Sentinel-3A (launched in 2016) and Sentinel-3B (launched in 2018) with 
21 bands in the 400–1020 nm spectral range at an approximately 300 m 
spatial resolution. The two satellites can provide a revisit time of less 
than two days at the equator, with higher overpass frequencies at higher 
latitudes. Compared to the widely used Moderate-resolution Imaging 
Spectroradiometer (MODIS) data, the S3 OLCI has 3 red-edge bands that 
are significant in terms of correlation with vegetation growth, which is 
expected to improve the accuracy of estimating vegetation biophysical 
variables. The S3 OLCI images have been employed for water clarity 
monitoring (Shen et al., 2020), water chlorophyll-a and optical prop-
erties retrieval (Kravitz et al., 2020; Xue et al., 2019). However, only a 
few studies explored the use of S3 OLCI imagery for vegetation variable 
estimation, and the comparison of its performance with widely used 
MODIS data has rarely been reported (De Grave et al., 2020; Reyes- 
Muñoz et al., 2022). 

Grasslands are the biggest terrestrial ecosystems in the world and 
play a crucial role in soil and water conservation, biodiversity protec-
tion, and livestock production (Strömberg and Staver, 2022). Precisely 
retrieving of grassland biophysical variables at both regional and global 
scales is thus important for sustainable grassland management and un-
derstanding the responses and feedback of grass-lands to climatic 
change (Ali et al., 2016; Xu et al., 2021). Eurasia grassland is the most 
centralized and has the largest distribution globally, accounting for 
approximately 1/3 of the total global grassland area and 22 % of the 
total Eurasia area. In this context, our study objective was to apply the 
state-of-the-art INLA-SPDE spatial model to estimate three grassland 
essential biophysical variables (LAI, FVC, and AGB) from two main 
sources of RS data (S3 OLCI and MODIS) over the eastern Eurasian 
steppe. Specific objectives are to: 1) compare the performance of S3 
OLCI and MODIS data in predicting three grassland essential variables 
(LAI, FVC, and AGB); 2) examine the prediction performance of INLA- 
SPDE model by comparing with random forests (RF) and random for-
ests kriging (RFK); and 3) examine the significance of S3 red-edge bands 
and MODIS SWIR bands on LAI, FVC, and AGB prediction. The results of 
this study can support regional management of environmental and 
natural resources and promote the study of climate, biogeochemical 
cycles and vegetation dynamics. 

2. Materials and methods 

2.1. Study area 

The study target is the grasslands in northern China (Fig. 1) that 
includes eastern part of Inner Mongolia and a small area of western Jilin 
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province. The area is also the most eastern region of Eurasian steppe, 
where grasslands are the basis for the animal husbandry. The average 
temperature in the study area decreases gradually from south to north, 
and the annual precipitation decreases gradually from east to west from 

450 mm to 150 mm. The five dominant grassland types in the study area 
are temperate steppe (TS), temperate meadow steppe (TMS), temperate 
desert steppe (TDS), montane meadow (MM), and lowland meadow 
(LM). The detailed description of the five grassland types in northern 

Fig. 1. The distribution of five dominant grassland types in the study region of northern China. Red triangles show the ground sampling plots of leaf area index (LAI) 
in 2016, purple squares show the ground sampling plots of fractional vegetation cover (FVC) and aboveground biomass (AGB) in 2017. 
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China can be found in Kang et al. (2007) and Li et al. (2020). 

2.2. Ground data measurements 

The field surveys were conducted during the peak of the growing 
season in July and August in 2016 and 2017. Two sampling transects 
were set up in the study area. One sampling transect was set along the 
West-East Transect (ranging from 111◦E to 122◦E), where the primary 
driving gradient is precipitation. Another sampling transect was set 
along the North–South Transect of the study region (ranging from 43◦N 
to 51◦N), where the primary driving gradient is the temperature (Xu 
et al., 2021). Taking grassland types, climate, topography condition, and 
reachability into account, the locations of the sampling plots were 
carefully selected to maintain their representativeness of the study area. 
In total, 68 LAI sampling plots were collected during July 29 to August 7 
in 2016, 79 FVC and AGB sampling plots were collected during July 20 
to August 5 in 2017. For each sampling plot, the area was 500 m × 500 
m with homogeneous canopy and flat surface. Geographical coordinates 
of the central of the sampling plots were recorded using a Garmin GPS 
Map 62 s unit. At each plot, five 30 m × 30 m quadrats were laid out with 
one at the center of the plot and one each at the mid-point of the diag-
onal between the center and the corner. The grassland AGB was ob-
tained using the harvest method: three 1 m × 1 m samples were 
randomly selected in each quadrat. Fresh grass in the samples was cut 
from ground with stubble no taller than 0.5 cm and brought to the 
laboratory. The fresh aboveground samples were dried at 85 ◦C for 48 h 
in the oven, and the weight was measured on an electronic scale with 
0.01 g precision. The AGB of a sampling plot is the average weight of the 
five quadrats. The effective LAI was measured using an LAI-2200C plant 
canopy analyzer (Li-Cor, Lincoln, NE, USA). At each quadrat, one above- 
canopy and six below-canopy LAI-2200 measurements were recorded to 
obtain one effective LAI value before grass harvest, and then the five 
effective LAI values of each plot were averaged to calculate a mean LAI 
value. FVC was measured using a Canon 60D digital camera. 15–20 
digital images were acquired along the two diagonals of each plot at the 
same canopy height. The modified excess green index (MExG), sug-
gested by Tang et al. (2003) was then used to extract ground FVC. The 
MExG is defined as: MExG = 2 × G-R-B, where R, G, and B are red, green, 
and blue band of the digital images. The segmentation threshold was set 
to 30 to segment grass and soil. The ratio of vegetation (FVC) in the 
binary image was calculated, and FVC values in one plot were averaged 
to calculate a mean value. 

2.3. Satellite data 

2.3.1. Sentinel-3 data 
The Sentinel-3 OLCI full resolution (EFR, 300 m spatial resolution) 

top-of-atmosphere (TOA) radiance products (Level-1) from Sentinel-3A 
were downloaded from the Copernicus Open Access Hub website. A 
total of 8 scenes for 2016 and 7 scenes for 2017 of S3A OLCI images 
covering the ground sampling periods and study site were collected 
(Appendix A). The S3 OLCI EFR Level-1 TOA product has undergone 
radiometric correction and geometric correction processing. Here we 
used the image correction for atmospheric effects (iCOR) plugin (De 
Keukelaere et al., 2018) of SNAP to conduct atmospheric correction to 
retrieve the surface reflectance products. Then a multi-day composition 
of the atmospherically corrected images was composed with the cloud 
contaminated pixels being removed. For each pixel, a value with the 
clearest condition identified by the cloud mask layer is selected from all 
the acquisitions within the composite period of each year, and a cloud 
free surface reflectance image for each year was generated. In this study, 
a total of 16 relevant S3 bands including Oa1-Oa12, Oa16-Oa18 and 
Oa21 were used in the predictive models (Appendix A); 11 vegetation 
indices (VIs) that derived from S3 OLCI surface reflectance (Appendix 
B), four solar and viewing angles (solar zenith angle (SZA), solar azi-
muth angle (SAA), view zenith angle (VZA), and view azimuth angle 

(VAA)) and geographic information (longitude and latitude) were also 
used in the grassland variable estimation. To decrease the effect of 
geolocation errors of ground measurements and S3 reflectance images, 
the average values of the pixel that cover the location of ground mea-
surements and its surrounding 4 pixels were used to train and validate 
the models. 

2.3.2. MODIS data 
The MODIS nadir bidirectional reflectance distribution function 

(BRDF) adjusted reflectance (NBAR) product (MCD43A4 V0061) 
(Schaaf and Wang, 2021) was acquired from Earthdata (http://earthda 
ta.nasa.gov). This product provides bands 1–7 at 500 m resolution in a 
16-day time step, both Terra and Aqua data from a 16-day period were 
used to provide highest quality input data. The view angle effects are 
removed from the directional reflectance, resulting in a stable and 
consistent NBAR product. For each composite time interval in 2016 and 
2017, three MODIS tiles (h25v03, h25v04, and h26v04) were mosaicked 
to cover the entire study region and then re-projected from original si-
nusoidal projection to geographic projection on the WGS84 datum 
through the MODIS reprojection tool (version 4.1). The 7 MODIS bands 
and 9 VIs derived from MODIS surface reflectance were used to estimate 
grassland variables (Appendix B). The S3 OLCI and MODIS images were 
then all resampled to 300 m spatial resolution using nearest neighbor 
method, and clipped to obtain images covering the study area. 

2.3.3. Global land products 
To further validate our predicted grassland LAI and FVC maps, two 

widely-used global land products were collected for intercomparisons. 
The MODIS LAI product (MCD15A2H v061) was collected from the 
NASA's Earthdata search client website (https://search.earthdata.nasa. 
gov/). The product has a spatial resolution of 500 m and a temporal 
interval of 8 days. Two algorithms were used by NASA to generate the 
products, the main algorithm is based on the use of Look Up 
Tables (LUTs) built for six different types of biomes, with simulations 
from a three-dimensional radiative transfer model (Knyazikhin et al., 
1998). When the main algorithm fails, a backup algorithm is triggered to 
estimate the LAI based on the same radiative transfer model simulated 
LAI-NDVI relationships. In this study, only the main algorithm retrievals 
were considered. 

The Copernicus Global Land Service (CGLS) PROBA-V LAI and FVC 
products were collected from the Copernicus Global Land portal 
(https://land.copernicus.eu). This product provides global time series of 
LAI and FVC data at a resolution of 300 m and a frequency of 10 days. 
The retrieval algorithm of the CGLS PROBA-V LAI and FVC products is 
based on a two-step process. Firstly, daily atmospherically corrected 
TOA reflectance in the blue, red and NIR PROBA-V spectral bands are 
used as inputs to the neural networks (NNTs), which were calibrated 
using four years of VEGETATION-2 reflectance data as input, to retrieve 
daily estimates of LAI and FVC. Then, the final 10-day product values are 
generated using a dedicated compositing scheme over a dissymmetric 
temporal window (Baret et al., 2013). 

2.4. Prediction methods 

2.4.1. INLA-SPDE model 
The spatial models for grassland variable prediction were fitted using 

the INLA-SPDE approach available in the R package R-INLA (Lindgren 
and Rue, 2015). This model accounts for the spatial dependency using a 
mesh to represent the Matérn function and the default settings of priors 
on the hyper-parameters (Bakka et al., 2018). INLA uses a combination 
of analytical approximation and numerical integration to do approxi-
mate Bayesian inference in latent Gaussian models which includes a 
large class of models ranging from generalized linear mixed to spatial 
and spatio-temporal models (Rue et al., 2009). The spatial sparsity 
structure for the precision matrix is obtained by SPDE to link the 
Gaussian fields to the Gaussian Markov random fields (Lindgren et al., 
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2011). Thus, the INLA-SPDE model is not solely built for discretely 
observed data location or for a grid, but approximate the entire pro-
cesses defined on continuous domains (Rocha et al., 2019). A detailed 
description of the INLA-SPDE model is provided in the Supplementary 
Material. Fig. S1 shows the mesh selected and used in this study. 

2.4.2. Random forests 
The RF model is an ensemble learning method that can be used for 

either classification or regression (Breiman, 2001). The algorithm is a 
combination of tree predictors such that each tree depends on a 
collection of random variables sampled independently and then aggre-
gates to produce accurate predictions. This method has showed better 
resistance to the over-fitting problem and to noise in the data compared 
with other regression methods (Prasad et al., 2006). In this study, ntree of 
the RF model was set to 500 (after exploratory trials using the training 
data). For mtry, our previous studies showed that mtry optimization 
resulted in minimal improvements in RF predictions (Li et al., 2017), we 
therefore used the default mtry value (equals to one third of the pre-
dictive variable number) set by the RF. In this study, the analysis was 
accomplished using the “randomForest” package within the statistical 
software R 3.6.2 (Liaw and Wiener, 2007). 

2.4.3. Random forests kriging 
Although RF is a robust method that can improve prediction accu-

racy, this method ignores spatial autocorrelation information. Here a 
combination of RF and kriging was used to determine the spatial dis-
tribution of grassland LAI, FVC, and AGB. Firstly, an ordinary kriging 
(OK) technique was used to extract the components of the residuals 
obtained from the RF regression (Guo et al., 2015). The residual is the 
ground measurements minus the predicted values from RF (Eq. (1)); 
then the residual values of the sample points were modeled using OK to 
obtain the structure of the component in the residuals; finally, the final 
grassland variable estimates was obtained by adding the structure of the 
component to the RF-based predictions (Eq. (2)). By considering the 
spatial autocorrelation of the variable residuals through adding the 
extracted components to the RF-based predictions, a better prediction 
accuracy of grassland variables can be obtained. A detailed description 
of the implementation of OK model is provided in the Supplementary 
Material. 

grassresd(si) = grassobs(si) − grassRF(si) (1)  

grassRFK(si) = grassRF(si)+ grassresd− OK(si) (2)  

where grassRFK(si) is the predicted grassland variable at location si, 
grassRF(si) is the trend modeled by RF, and grassresd− OK(si) is the residual 
interpolated by OK, grassobs(si) is the observed value of the grassland 
variable, grassresd(si) is the grassland variable residual of the site si. This 
analysis was accomplished using the “randomForest” and “gstat” pack-
ages within the statistical software R 3.6.2. 

2.5. Scenario development and variable important analysis 

To investigate the spectral features causing the differences in the 
grassland variable prediction performance between S3 OLCI and 
MODIS, three scenarios for each satellite data were setup with different 

channel combinations (Table 1). Scenario 1 (SC1) and scenario 4 (SC4) 
included all the predictor variables for S3 OLCI and MODIS, respec-
tively, scenario 2 (SC2) and scenario 5 (SC5) included optimized com-
bination of predictor variables selected by the variable importance and 
correlation analysis for S3 OLCI and MODIS, respectively. To examine 
the significance of S3 red-edge bands and MODIS SWIR bands on the 
prediction performance of LAI, FVC, and AGB, scenario 3 (SC3) and 
scenario 6 (SC6) were also set, while SC3 included optimized S3 vari-
ables except the red-edge bands and related VIs, SC6 included optimized 
MODIS variables except the SWIR bands and related VIs. 

To demonstrate the most important predictors, the relative impor-
tance of each predictor was calculated using the Boruta algorithm (Kursa 
and Rudnicki, 2010). In this study, the Boruta algorithm was run with 
500 maximum runs of random forest, 0.99 confidence level, and z-scores 
of mean decrease accuracy measure to gather permutation importance. 
This analysis was accomplished using the “Boruta” packages within the 
statistical software R 3.6.2. 

Before model construction, a correlation analysis was performed 
between each predictor variable and grassland variables to reduce input 
dimensionality and select appropriate input (Fig. s1 and Fig. s2 in the 
Supplementary Material). Variables that have insignificant correlation 
(P > 0.01) with each grassland variables were discarded to avoid bias 
and exclude the impractical variables, variables that were classified as 
unimportant by Boruta algorithm were also discarded and not used in 
the following analysis. The predictors used in each scenario are provided 
in the Table s1 of the Supplementary Material. 

2.6. Model evaluation 

This study used a 5-fold cross-validation method to evaluate the 
predictive performance of the models. For the 5-fold cross-validation, 
the observed data sets were randomly divided into 5 groups. In each 
of the 5 folds, one group was selected as the test data set and the other 4 
groups were used as the training set. Three validation criteria were 
calculated to evaluate the performance of the model, the root mean 
square error (RMSE) and the coefficient of determination (R2). 

3. Results 

3.1. Descriptive statistics of the measured grassland variables 

The mean values for measured LAI, FVC, and AGB were 0.82 m2/m2 

(ranging from 0.25 to 1.85 m2/m2), 35.69 % (ranging from 3.58 % to 
91.49 %), and 81.25 g/m2 (ranging from 14.76 to 198.86 g/m2), 
respectively (Table 2). Moreover, the three measured grassland vari-
ables all followed a positive skew distribution with the skewness value 
>0.50 (0.50, 0.53, and 0.71 for LAI, FVC, and AGB, respectively). 

The omnidirectional variograms of the measured LAI, FVC, and AGB 
and their fitted models were determined by the criteria of the sum of 
squared errors reported by the “gstat” package of the R software (Fig. 2). 
In general, the three grassland variables all presented strong-medium 
spatial auto-correlations with varied range and nugget to sill ratio 
values of the fitted models. The fitted model of FVC has smaller range 
value (96 km) and nugget to sill ratio value (23.63 %) than LAI and AGB, 
which indicated a stronger spatial autocorrelation. LAI also showed a 
strong spatial autocorrelation with a range value of 228 km and nugget 
to sill ratio value of 31.58 %. AGB showed a moderate spatial autocor-
relation with the largest nugget to sill ratio value of 45.97 %. Table 1 

Definition of the six scenarios set in this study.  

Scenario Scenario description 

SC1 S3 data with all variables 
SC2 S3 data with variables after optimization 
SC3 Optimized S3 data without the red-edge bands and related VIs 
SC4 MODIS data with all variables 
SC5 MODIS data with variables after optimization 
SC6 Optimized S3 data without SWIR bands and related VIs  

Table 2 
Descriptive analysis of measured grassland LAI, FVC, and AGB.   

Mean Min Max SD Skewness 

LAI (m2/m2)  0.82  0.25  1.85  0.35  0.50 
FVC (%)  35.69  3.58  91.49  21.57  0.53 
AGB (g/m2)  81.25  14.76  198.86  48.70  0.71  
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3.2. Correlation analysis 

The correlation coefficients between the measured grassland vari-
ables with predictors derived from S3 and MODIS data were illustrated 
in Fig. 3, Fig. s2, and Fig. s3. For S3 spectral bands, the three grassland 
variables are more correlated with the red (Oa8) and red edge bands 
(Oa9 and Oa10) than the other bands, the correlations between the three 
grassland variables and Oa4, Oa5, Oa6, and Oa7 are also significant 
(Fig. 3a). However, difference was observed for Oa12, Oa16, Oa17, 
Oa18, and Oa21, while FVC and AGB were significantly correlated with 
the five bands, the correlations between LAI and the five bands were 
insignificant. For the S3 derived VIs, EVI and mNDVI705 presented the 
highest correlation with measured LAI, followed by NDVIre, SAVI, and 
CIrededge, MTCI was less correlated with LAI. FVC and AGB was signifi-
cantly correlated with EVI, DVI, mNDVI705, NDVIre, NIRv, and SAVI, 
weaker correlation coefficients between MTCI with FVC and AGB were 
observed. 

For the MODIS spectral bands, the two SWIR bands (B6 and B7) 
presented the highest correlation with the three grassland variables 
among all the seven bands, followed by B1, B3, and B2 (Fig. 3b). The 
lowest correlations were observed for green band (B4) and NIR band 
(B5). For the MODIS band derived VIs, the nine VIs all presented sig-
nificant positive correlations with LAI, FVC, and AGB, among which, 
NDPI and SAVI presented higher correlation with the three grassland 
variables. 

3.3. Prediction performance 

INLA-SPDE method presented significant higher LAI prediction ac-
curacy with larger R2 and smaller RMSE values than the other two 
models, while RFK performed slightly better than RF (Fig. 4, Table s2). 
The R2 values increased on average 0.11 and 0.10 for INLA-SPDE model 
when compared to RF and RFK, respectively, and the RMSE values for 
INLA-SPDE model were on the average 11.40 % and 9.83 % lower than 
the RF and RFK, respectively. 

When all predictors (SC1 and SC4) and optimized predictors (SC2 
and SC5) were included in the modeling, S3 derived predictors gener-
ated more accurate prediction results than MODIS. The R2 for S3 pre-
dictions varied between 0.50 and 0.61 for SC1 and 0.52 and 0.63 for 
SC2, for MODIS the corresponding values were 0.49–0.58 and 
0.45–0.59. The RMSE values for S3 models were 3.9–12.1 % lower than 
MODIS. 

For different predictor combinations used in the INLA-SPDE model, 
the S3 optimized predictors (SC2) generated better prediction perfor-
mance than SC1 and SC3. When the red-edge bands and VIs were 
removed from the S3 optimized predictors (SC3), the R2 was 0.034 lower 
and RMSE was 4.6 % higher than that of SC2. For the MODIS product, 
optimized predictors without the SWIR bands and VIs (SC6) generated 
the best performance, while models with all predictors (SC4) performed 
the worst, the RMSE of SC6 was 4.2 % and 3.2 % lower than SC4 and 
SC5, respectively. 

For FVC prediction, an overall better performance of INLA-SPDE 
model than RF and RFK model was observed (Fig. 5, Table s3). For 

Fig. 2. Variograms, best fitted models, and model parameters for the measured LAI (a), FVC (b), and AGB (c).  

Fig. 3. Correlation coefficients between the three grassland variables and remote sensing predictors derived from S3 OLCI (a) and MODIS (b).  
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Fig. 4. Comparison of model performance for LAI prediction using RF, RFK, and INLA-SPDE models in 2016. The performance metrics ((a) for R2 and (b) for RMSE) 
are calculated with ten-fold cross-validation method. 

Fig. 5. Comparison of model performance for FVC prediction using RF, RFK, and INLA-SPDE models in 2017. The performance metrics ((a) for R2 and (b) for RMSE) 
are calculated with ten-fold cross-validation method. 

Fig. 6. Comparison of model performance for AGB prediction using RF, RFK, and INLA-SPDE models in 2017. The performance metrics ((a) for R2 and (b) for RMSE) 
are calculated with ten-fold cross-validation method. 
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INLA-SPDE, the R2 values increased on average 0.04 and 0.03 and the 
RMSE values decreased on average 5.22 % and 4.43 % when compared 
to RF and RFK, respectively. 

S3 derived predictors generated more accurate prediction results 
than MODIS when all predictors or optimized predictors were included 
in the modeling. The R2 values were 0.76 and 0.73 for INLA-SPDE 
predicted FVC when all predictors were included for S3 and MODIS, 
respectively, the corresponding RMSE values were 10.17 % and 11.00 
%, respectively. 

When using different predictor combinations, models with optimized 
predictors performed the best for RF and RFK, followed by the models 
with all the predictors, the models with predictors without red-edge or 
SWIR predictors performed the worst. For INLA-SPDE model, unlike LAI 
prediction, the removal of red-edge (SC3) or SWIR (SC6) predictors 
achieved comparative accuracy with S3 or MODIS optimized predictors 
(SC2 and SC5) and did not reduce the FVC prediction performance, the 
models with all predictors performed the worst. 

Similar to LAI and FVC prediction, S3 derived predictors generated 
more accurate AGB prediction results than MODIS, the RMSE decreased 
by 9.14 % on average for S3 compared to MODIS (Fig. 6, Table s4). 
Considering different models, the INLA-SPDE performed better than the 
other two models when optimized predictors (SC2 and SC5) or pre-
dictors without red-edge or SWIR variables (SC3 and SC6) were 
included, followed by the RFK model, and RF model performed the 
worst. For these four scenarios, the R2 values of INLA-SPDE predictions 
was 0.05 and 0.03 higher on average than predictions based on RF and 
RFK, respectively, the RMSE values of INLA-SPDE predictions were 7.19 
% and 4.61 % lower on average than RF and RFK. However, when all the 
predictors were included in the models (SC1 and SC4), INLA-SPDE 
showed a worse performance than RFK. 

With regards to different predictor combinations, models with opti-
mized predictors derived from S3 or MODIS performed similarly with 
models with all predictors for RF and RFK predictions, removing the red- 
edge or SWIR variables from optimized predictors have resulted in 
worse model performance. For INLA-SPDE predictions, S3 optimized 
predictors without the red-edge variables (SC3) performed better than 
SC2 and SC1. MODIS optimized predictors (SC5) performed better than 
the other two MODIS scenarios, the removal of SWIR bands from pre-
dictors (SC6) resulted in a worse performance. 

3.4. Comparison with global land products 

INLA-SPDE predicted LAI using SC2 as the predict variables showed 
the lowest degree of uncertainty compared with measured LAI (R2 =

0.6278, RMSE = 0.1939 m2/m2), followed by the PROBA-V LAI (R2 =

0.6274, RMSE = 0.2974 m2/m2, the MODIS LAI has the largest uncer-
tainty (R2 = 0.4797, RMSE = 0.4281 m2/m2) (Fig. 7). Moreover, an 
overestimation was observed for the MODIS LAI product, which mainly 

occurred with LAI values >1.5 m2/m2. For PROBA-V LAI product, a 
slight underestimation was observed at LAI values smaller than 0.7 m2/ 
m2. Comparatively, INLA-SPDE predicted LAI were closer to the 
observed values, and the scatter plots were located closer to the 1:1 line. 

INLA-SPDE predicted FVC using SC2 as the predict variables were 
also observed to be closer to the measured FVC values (R2 = 0.8039, 
RMSE = 9.0825 %), PROBA-V FVC product also showed a good agree-
ment with measured FVC but with a larger bias (R2 = 0.7612, RMSE =
12.3248 %) (Fig. 8). However, an underestimation was observed for the 
PROBA-V FVC product with FVC values smaller than 20 %. 

3.5. Relative importance of predictor variables 

The relative importance of all the S3 derived predictors in SC1 was 
ranked using the Boruta algorithm, the results are shown in Fig. 9. 
Generally, the VIs were identified more important than spectral bands 
with higher relative influence scores. For LAI prediction, EVI and three 
red-edge based VIs (mNDVI705, NDVIre, and CIrededge) were ranked more 
important than the other predictors, DVI and MCTI were identified less 
important among all the VIs. The two red-edge bands (Oa09 and Oa10) 
and two red bands (Oa08 and Oa07) were identified more important 
than the other S3 bands, while Oa02, Oa04, Oa06, Oa12, and Oa16 were 
less important. For FVC prediction, EVI, NIRv, and mNDVI705 were the 
most important predictors, among all the S3 bands, two red-edge bands 
(Oa09 and Oa10) and one red band (Oa08) were identified more 
important. Oa21, Oa11, Oa06 and MTCI contributed little to the FVC 
prediction. For AGB prediction, EVI and mNDVI705 were the most 
important predictors, the contribution of Oa08, Oa09 and Oa10 are 
more significant than the other S3 bands. 

The relative importance of all the MODIS derived predictors in SC4 
was illustrated in Fig. 10. It was observed that the SWIR-based VI (NDPI) 
was recognized as the most important predictor for FVC and AGB pre-
diction, which is also the top important predictor for LAI prediction 
(Fig. 10). The two SWIR bands (B6 and B7) were also ranked more 
important than the other bands. Similar with S3 predictors, the two NIR 
bands (B2 and B5) were identified as less important with small relative 
influence scores. 

4. Discussion 

4.1. Performance of grassland variable prediction models 

Non-spatial ML models assume the ground observations as randomly 
distributed across space and time, spatial autocorrelation is rarely taken 
into account when predicting vegetation traits. In continuous fields 
under natural conditions, plant traits are often serially correlated in 
these two dimensions. Wang et al. (2014), Li et al. (2016) and Su et al. 
(2020) indicated strong spatial autocorrelations in the model residuals 

Fig. 7. Scatterplot between the ground measured LAI with INLA-SPDE modeled LAI (a), MODIS LAI (b), and PROBA-V LAI (c).  
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of vegetation LAI and AGB. ML hybrid geostatistical models can 
compensate the gap to a certain extent by geostatistical modeling the 
residuals and supplying them to the regression models. Our results also 
presented an overall higher prediction accuracy of RFK compared to RF 

model. However, the improvement was limited, which was also 
observed in Su et al. (2020), the results can be partly attributed to the 
limited ground measurements used in such a large study region. The 
geostatistical analysis requires a certain number of ground 

Fig. 8. Scatterplot between the ground measured FVC with INLA-SPDE modeled FVC (a) and PROBA-V FVC (b).  

Fig. 9. Relative importance of S3 derived predictor variables ranked by Boruta algorithm for predicting LAI (a), FVC (b), and AGB (c). The depth of the color in-
dicates the level of importance. 

Fig. 10. Relative importance of MODIS derived predictor variables ranked by Boruta algorithm for predicting LAI (a), FVC (b), and AGB (c). The depth of the color 
indicates the level of importance. 
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measurements with representative locations to include to ensure the 
model performance, the parameters to fit the semivariogram models of 
the residuals also have a significant influence to the model performance. 
Comparatively, INLA-SPDE presented more accurate predictions 
compared to RF and RFK model, as indicated by higher R2 and lower 
RMSE values. INLA-SPDE accounts for the spatial dependency using a 
mesh to represent the Matérn function (Bakka et al., 2018; Rocha et al., 
2019), the model had the potential to map the spatial distribution of 
environmental variables along with their posterior marginal (Huang 
et al., 2017). It was also found that stronger spatial autocorrelation of 
vegetation trait can lead to more accurate predictions for INLA-SPDE 
(Rocha et al., 2019). Moreover, Huang et al. (2017) indicated that 
INLA-SPDE is able to achieve robust model performance with sparse 
datasets, this suggests that INLA-SPDE could be employed when a 
detailed sampling campaign is not available. 

A number of disadvantages of INLA-SPDE also need to be considered. 
Firstly, the spatial autocorrelation of the vegetation properties directly 
affects the prediction accuracy of INLA-SPDE, thus a certain number of 
ground measurements are needed to study the spatial autocorrelations 
and conduct a geostatistical analysis of the variables before model 
construction. Besides, we found INLA-SPDE was more susceptible to 
noise information of the predictor variables. As illustrated in Fig. 5, 
Fig. 6, and Fig. 7, the INLA-SPDE using all variables included (SC1 and 
SC4) presented lower prediction accuracy compared to optimized pre-
dictors (SC2 and SC5) with lower R2 and higher RMSE values. In com-
parison, the RF and RFK algorithms are more robust under 
multicollinearity and that overfitting can be controlled at both sce-
narios. Therefore, a feature selection to remove the irrelevant predictors 
is necessary to decrease dimensionality before conducting INLA-SPDE. 

4.2. Performance of S3 OLCI 

Our results showed better predictive capability of the models using 
S3 OLCI data when compared to MODIS data. The better performance of 
S3 OLCI data can be attributed to the additional image channels in the 
visible-NIR spectral range, especially the red-edge band, and finer 
spectral resolution. Narrow and continuous reflectance bands in visible- 
NIR spectra can include more absorption features related to grassland 
traits, this allows for better results and higher accuracy of grassland 
traits prediction (Lee et al., 2004; Thenkabail et al., 2004). When using 
conventional bands or indices that could be calculated similarly for both 
sensors (SC3 and SC6), the S3 models were more accurate than MODIS 
models. In addition, the red-edge bands and VIs are more favorable to 
the estimation of grassland biophysical variables than the vegetative 
indices derived from visible and NIR wavelengths (Astola et al., 2019; 
Dong et al., 2020; Korhonen et al., 2017), the red-edge bands and VIs 
were consistently selected as the top important S3 predictors. The 
benefit of S3 with four red-edge bands for vegetation variable estimation 
is therefore highlighted in comparison with that of MODIS data. 

The finer spatial resolution of S3 data (300 m) is more likely to 
reduce uncertainty in grassland traits estimates because structural and 
compositional variability over a landscape is better represented than in 
coarser resolution data such as MODIS imagery (500 m). Moreover, in 
contrast to coarse resolution data that record mixed spectral signatures 
within a MODIS pixel, the compatible sizes of S3 image pixels and 
ground sample plots also reduced the uncertainty of grassland traits 
estimation (Asam et al., 2013; Deo et al., 2018). The results of Deo et al. 
(2018) also demonstrated that the accuracy of AGB prediction models 
decreased with increasing pixel size of the predictors from 30 to 1000 m. 
Nonetheless, there are tradeoffs in the prediction accuracy versus 
operational efficiency of optical data as high spatial resolutions have to 
compromise with low temporal resolutions of sensors. S3-A OLCI allows 
global coverage to be provided in 2–3 days, while the value is 1–2 days 
for MODIS data. With the launch of S3–B satellite, the two satellites in 
polar orbit can provide a revisit time of less than two days. 

4.3. The importance of red-edge and SWIR bands 

Our results showed that the four S3 red-edge bands (Oa9, Oa10, 
Oa11, and Oa12) and related VIs (mNDVI705, NDVIre, and CIrededge) all 
significantly correlated with LAI, FVC, and AGB, they were also ranked 
more important than the other predictors. The removal of red-edge 
bands and related VIs (SC3) from the optimized variables (SC2) has 
resulted in worse prediction performance with smaller R2 and larger 
RMSE in most models. Compared to FVC and AGB, the performance of 
LAI prediction models was improved the most by including red-edge 
bands and VIs to the predictors. The shape of the red-edge region is 
strongly influenced by vegetation conditions, an increase in leaf chlo-
rophyll concentration or biomass will result in the broadening of the 
absorption feature centered around 670 nm, causing the movement of 
the red-edge position to longer wavelengths (Dawson and Curran, 1998; 
Mutanga and Skidmore, 2007). At the canopy level, the shape of the red- 
edge region can also be strongly influenced by LAI because the canopy 
reflectance in the red-edge region mainly results from the multiple 
scattering between leaf layers (Delegido et al., 2008; Lee et al., 2004). 
Thus, the red-edge bands have been successfully used in studies to es-
timate chlorophyll concentration, biomass and LAI (Dong et al., 2019; 
Mutanga and Skidmore, 2007). Compared to the conventional red and 
NIR bands, the red-edge is less sensitive to soil background, leaf angle 
distribution, and atmospheric effects and thus can improve vegetation 
trait estimation (Clevers, 1999; Dong et al., 2019). The employment of 
the red-edge bands can alleviate the saturation effect that may occur for 
conventional VIs, this will improve the performance of vegetation var-
iable estimation (Mutanga and Skidmore, 2004; Sun et al., 2020). 
However, red-edge bands cannot completely remove the saturation ef-
fect for large LAI and biomass. Using red-edge VIs, Sun et al. (2020) and 
Andreatta et al. (2022) found that saturation could be still observed in 
dense canopy for predicting LAI, FVC, and AGB, respectively. In this 
study, the grassland was mainly located in arid and semiarid regions of 
northern China, dominated by small and moderate grassland canopy 
(LAI < 2.0 m2/m2, AGB < 200 g/m2). Accordingly, VI saturation can be 
overlooked when developing grassland variable estimation models. 

Our correlation analysis and variable importance analysis also indi-
cated the dominate role of the MODIS SWIR bands and VIs in grassland 
variable prediction. When removing these predictors from prediction 
models (SC6), worse performance for FVC and AGB prediction were 
observed compared to SC5. The SWIR region is related to the water 
absorption spectrum (Goward, 1985) and the bands present a faster 
response to leaf water status (Braga et al., 2021), the differences in leaf 
absorption properties of vegetation and non-vegetation and between 
vegetation species can be discriminated with SWIR measurements, 
which serves as a basis to effectively discriminate dry vegetation from 
green vegetation and the bare soil. Absorption in the SWIR is also 
associated with different components of dry vegetation tissues like cel-
lulose, hemicellulose and lignin (Jacques et al., 2014; Kergoat et al., 
2015). Thus, SWIR measurements contribute new information about 
FVC and AGB estimation that were not previously available in visible 
and near infrared measurements (Kergoat et al., 2015; Wu et al., 2021). 
Among all the MODIS variables, NDPI was identified the most important 
variable for FVC and AGB prediction, a comprehensive evaluation of 
NPDI performance compared to conventional VIs was conducted by Xu 
et al. (2021), the results found the superiority of NDPI for estimating 
grassland AGB by including the SWIR band to account for the canopy 
water content and reduce the effect of soil background. However, our 
results also found that adding SWIR bands and VIs to visible-NIR pre-
dictors did not improve LAI prediction accuracy, which indicated that no 
additional information beyond visible-NIR predictors was provided by 
SWIR predictors for LAI prediction. 

5. Conclusion 

We evaluated the potential of Sentinel-3 OLCI and MODIS data for 
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estimating three grassland biophysical variables using a Bayesian spatial 
model. Our results showed that the models based on S3 data out-
performed MODIS models for predicting the three variables in terms of 
RMSE and R2, which can be attributed to the higher spatial resolution 
and to the availability of the red-edge wavelength region. The selected 
INLA-SPDE spatial method that explicitly deal with spatial information 
resulted in low bias and higher prediction accuracy than RF and RFK in 
most of the models, the predicted LAI and FVC maps also showed a 
better agreement with ground observations than MODIS and PROBA-V 
land products. Our results also highlighted the unique value of red- 
edge bands in estimating grassland variables, the models utilizing red- 
edge bands yielded 3.5 %, 3.2 %, and 0.4 % lower RMSEs than con-
ventional visible and NIR bands for LAI, FVC, and AGB prediction, 
respectively. SWIR bands also improved the prediction accuracy for FVC 
and AGB prediction, but no additional information beyond visible-NIR 
predictors was provided by SWIR predictors for LAI prediction. The 
use of Sentinel-3 OLCI imageries with the state-of-the-art INLA-SPDE 
spatial model is recommended for large scale vegetation parameters 
estimation and support grassland resource management. 
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Appendix A. The bands and acquisition date of Sentinel-3 and MODIS data used in this study  

Sensors Band central wavelength (unit: nm) Acquisition date Spatial 
resolution (m) 

Sentinel-3 
OLCI 

Oa1: 400; Oa2: 412.5; Oa3: 442.5; 
Oa4: 490; Oa5: 510; Oa6: 560; 
Oa7: 620; Oa8: 665; Oa9: 673.75; 
Oa10: 681.25; Oa11: 708.75; 
Oa12: 753.75; Oa16: 778.75; 
Oa17: 865; Oa18: 885; Oa21: 1020 

2016211; 2016212; 2016213; 2016214; 2016215; 2016216; 2016217; 2016218; 2017203; 
2017205; 2017206; 2017208; 2017209; 2017210; 2017211 

300 m 

MODIS 
B1: 469; B2: 555; B3: 645; B4: 858; B5: 
1240; B6: 1640; B7: 2130 

2016219 
2017213 

500 m  

Appendix B. Definition of vegetation indices  

Name Abbreviation Formula Sensors Reference 

Enhanced vegetation index EVI 
2.5×

(NIR − Red)
NIR + 6 × Red − 7.5 × Blue + 1 

S3 OLCI 
MODIS 

(Huete et al., 2002) 

Simple ratio SR NIR
Red 

S3 OLCI 
MODIS 

(Tucker, 1979) 

Normalized difference vegetation index NDVI NIR − Red
NIR + Red 

S3 OLCI 
MODIS 

(Tucker, 1979) 

Difference vegetation index DVI NIR − Red S3 OLCI 
MODIS 

(Richardsons and Wiegand, 1977) 

Modified simple ratio MSR NIR/Red − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
NIR/Red + 1

√
S3 OLCI 
MODIS 

(Chen, 1996) 

Soil-adjusted vegetation index SAVI NIR − Red
NIR + Red + L

× (1 + L)

where L = 0.5 

S3 OLCI 
MODIS 

(Huete, 1988) 

Near-infrared reflectance of vegetation NIRv NDVI× NIR S3 OLCI 
MODIS 

(Badgley et al., 2017) 

Red-edge chlorophyll index CIrededge NIR/RE705 − 1 S3 OLCI (Haboudane et al., 2008) 
Red-edge NDVI NDVIre NIR750 − RE705

NIR750 + RE705 

S3 OLCI (Gitelson and Merzlyak, 1994) 

Modified NDVI mNDVI705 NIR750 − RE705

NIR750 + RE705 

S3 OLCI (Datt, 1999) 

MERIS total chlorophyll index MTCI NIR750 − RE710

RE710 − RE680 

S3 OLCI (Dash and Curran, 2007) 

(continued on next page) 
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(continued ) 

Name Abbreviation Formula Sensors Reference 

Normalized difference phenology index NDPI NIR − (0.74 × Red + 0.26 × SWIR)
NIR + (0.74 × Red + 0.26 × SWIR)

MODIS (Wang et al., 2017) 

Land surface water index LSWI NIR − SWIR
NIR + SWIR  

MODIS (Xiao et al., 2002) 

Note: Blue, Red, RE, NIR, and SWIR represent the atmospherically-corrected surface reflectance in blue, red, red-edge, near-infrared (NIR), and short-wave infrared 
(SWIR) band, respectively. For S3, the Oa3, Oa8, and Oa17 were used as Blue, Red, and NIR bands, respectively; Oa10, Oa11, and Oa12 were used as RE680, RE705, and 
NIR750 band, respectively, to calculate CIrededge, NDVIre, mNDVI705, and MTCI. For MODIS, the B1, B3, B4, and B6 bands were used as Blue, Red, NIR, and SWIR bands, 
respectively. 

Appendix C. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.scitotenv.2023.168594. 
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