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A B S T R A C T   

Accurate estimation of aboveground biomass of grasslands is key to sustainable grassland utilization. However, 
most satellites cannot provide high temporal and spatial resolution data. Patterns of grassland dynamics asso-
ciated with variability in climate conditions across spatiotemporal scales are yet to be adequately quantified. A 
spatiotemporal fusion model offers the opportunity to combine the resolution advantages of different remote 
sensing data to achieve a high frequency and high precision monitoring of vegetation. We test a flexible 
spatiotemporal data fusion (FSDAF) methodology to generate synthetic normalized difference vegetation index 
(NDVI) data from Moderate-Resolution Imaging Spectroradiometer (MODIS) and Landsat data sets. The meth-
odology is tested for the semi-arid grassland of the Xilin River Basin, China. Based on NDVI data fusion and field 
measured aboveground biomass an aboveground biomass estimation model is established for the watershed. 
Exploring the temporal and spatial changes of biomass and its relationship with environmental factors. The 
results show that: (1) The FSDAF model performs well (R2 = 0.75) and has clear textural features. (2) The 
established Support Vector Machine Aboveground Biomass model not only ensured the accuracy of estimation 
(R2 = 0.78, RMSE = 15.43 g/m2), but also generated spatiotemporal maps of biomass with higher spatial (30 m) 
and temporal resolution (8 days). (3) The grassland aboveground biomass in this area decreases from southeast 
to northwest, and the grassland biomass reaches its peak at the end of July. The average biomass of different 
grasslands decreases in the order of meadow grassland > typical grassland > desert grassland. (4) Aboveground 
biomass increased linearly with increasing water content, organic carbon and total nitrogen, and was most 
sensitive to soil water content. During the early growing and rapid growing period, aboveground biomass is 
mainly affected by both air temperature and precipitation, while the effects of temperature and human activities 
gradually dominate in the middle and late growing periods. This study helps to improve the spatial and temporal 
resolution of dynamic monitoring of grassland biomass, and provides a scientific basis for grassland protection 
and management in arid and semi-arid regions.   

1. Introduction 

Grasslands are the main component of the earth’s terrestrial 
ecosystem, covering about 40.5 % of the global land area(Gibson, 2010), 
and play an essential role in the global carbon cycle and animal hus-
bandry (Chen et al., 2020; You et al., 2020). However, grasslands in arid 
and semi-arid regions are facing desertification or degradation caused 
by human activities and climate change(Forstner et al., 2021; Jie et al., 

2021; Qi et al., 2021). Therefore, high-efficiency and high-precision 
simulation and estimation of the aboveground biomass of grassland is 
significant for sustainable utilization of grassland resources and 
ecological protection (Xu, 2021). 

Traditional field surveys are the most reliable method to obtain 
grassland biomass, but traditional methods are time-consuming and 
laborious in large-scale research and have strong limitations in both 
spatial and temporal scales. Remote sensing methods have become the 
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primary method for obtaining biomass information at different scales 
due to their fast and efficient characteristics. The inversion of plant 
biomass in grasslands using optical remote sensing is based on the sig-
nificant difference between the spectral reflectance of plants in the red 
and near-infrared bands(Andreatta et al., 2022). The Normalized Dif-
ference Vegetation Index (NDVI) is the most used vegetation index, 
generally calculated from remotely sensed data. It is a key indicator to 
monitor the inter- and intra-annual variation in vegetation biomass. 

However, most of the sensors onboard the launched satellites cannot 
acquire data with both high spatial and temporal resolutions simulta- 
neously, owing to hardware technology or budget limitations. Such as 
AVHRR, MODIS and SeaWiFS, have high-temporal resolutions but low 
spatial resolutions of 250 m to 1000 m, imposing restrictions on 
capturing enough spatial de-tails in heterogeneous areas. On the other 
hand, the data from sensors with fine spatial resolution (e.g., Landsat TM 
or ETM+, Sentinel-2 MSI) have their drawbacks due to a long revisit 
cycle (e.g., 16 days), which limits their potential in time-series analyses 
(Liu et al., 2019; Zhou et al., 2021a). Although the development of new 
technologies such as unmanned aerial vehicles in recent years can 
complement the advantages of traditional satellites, there are still 
challenges in studying biomass dynamics of large-scale long-term se-
quences. Therefore, how to integrate different satellite imagery to 
generate high-quality dense time series data is an important problem 
that needs to be solved for observational research requiring high 
spatiotemporal resolution. 

Spatiotemporal data fusion is a feasible method to solve the above 
problems. The data set obtained by fusion of different imagery has 
higher spatiotemporal resolutions than the original data and is a feasible 
and effective tool to overcome the limitations of existing imagery. 
Recently, existing spatiotemporal fusion methods have been classified 
into five groups based on the specific principle: weight function-based, 
unmixing-based, Bayesian-based, learning-based, and hybrid methods. 
A comprehensive review of spatiotemporal fusion methods in these five 
groups can be found in the literature (Zhu et al., 2018).The Spatial and 
Temporal Adaptive Reflectance Fusion Model (STARFM) is the weight 
function-based method developed first (Gao et al., 2006). But STARFM 
has promising accuracy in homogeneous landscapes, but it is ineffective 
in the face of heterogeneous landscapes. Many existing spatiotemporal 
fusion methods, including STARFM, ESTARFM, STAARCH, STDFA, etc., 
need more than one prior coarse and fine resolution image pair as input 
data. Due to the influence of thick cloud contamination and other fac-
tors, it is difficult to acquire one more high-quality coarse and fine 
resolution image pair. The FSDAF proposed by Zhu et al. (2016) has 
solved the abovementioned problems to some extent.. By applying 
multi-sensor data fusion or spatial downscaling, the two datasets are 
combined to produce results that exceed the physical limitations of a 
single input dataset and contain more information than the original 
input image. It can more accurately present high-resolution images of 
non-uniform underlying surfaces, and only requires an input image with 
high spatial resolution. Zhai et al. (2020) used the FSDAF model to 
achieve fusion of MODIS Leaf Area Index (LAI) and Landsat LAI data to 
generate high spatiotemporal resolution LAI data for phenology moni-
toring. Guo et al. (2020) made improvements to the FSDAF model, the 
fused remote sensing image has high precision. Consequently, FSDAF 
has great potential for monitoring complex dynamic changes on the 
Earth’s surface. 

Remote sensing estimation methods of grassland biomass mainly 
include multiple regression analysis (Guerini Filho et al., 2020), K- 
nearest neighbor (Mansaray et al., 2020), artificial neural network 
(ANN) (Xin et al., 2020), and support vector machine (SVM) techniques. 
Artificial neural networks have some advantages in dealing with com-
plex non-linear functions, however, the accuracy of neural network 
models cannot be guaranteed when the number of samples is low 
(Owoyele and Pal, 2021). Traditional modeling approaches are limited 
by statistical assumptions failing to address outlier data, nonlinearity, 
heteroscedasticity, and multi-collinearity issues(Du et al., 2020). 

Support vector machine is based on the structural risk minimization 
principle and is good at solving practical problems involving small 
numbers of training samples, non-linearity, high numbers of di-
mensions, and local minima (Zhang et al., 2020; Zhang and Shao, 2021). 
Therefore, it is more reliable in practical applications. 

Newly available imagery with high spatiotemporal resolution images 
could give much more detailed information, necessary to monitor pat-
chy processes like grassland degradation and restoration(Zhou et al., 
2021b). In this work we aim to i) Fuse MODIS and Landsat data to 
generate an 8-day, 30-m resolution synthetic NDVI time series. A 
biomass estimation model with high spatial and temporal resolution (8 
days, 30 m) was established by combining the measured biomass data 
and NDVI data. ii) Analyzing the relationship between the spatiotem-
poral distribution characteristics of grassland biomass and environ-
mental factors in different grassland types, it provides a basis for 
scientific identification of grassland degradation mechanisms. There-
fore, the timely and accurate accounting of the grassland biomass and 
the development of a reliable simulation model are necessary to provide 
scientific guidance for the sustainable utilization of the grassland re-
sources and for carbon sink accounting in the Xilin River Basin. 

2. Materials and methods 

2.1. Study area 

The Xilin River basin is located in the central part of Inner Mongolia 
Autonomous Region, Xilin Gol League, bouned by the geographical co-
ordinates 43◦24′N-44◦39′N, 115◦25′E-117◦15′E (Fig. 1), it has a total 
basin area of 10,786 km2. The main river has a length of 175 km and a 
valley width 1–5 km. When the river flows through hilly areas, the river 
meanders from east to west, and the river slope ratio drops from 1/150 
to 1/400. The regional climate is temperate continental semi-arid. For 
1952 till 2020, the average temperature in the basin is 0.5–1.0 ◦C, the 
precipitation is 266.8 mm, and the evaporation is 1900 mm(Li et al., 
2021). The soil types in the basin mainly include chestnut soil, cher-
nozem and a small area of red sandy soil and black soil. The vegetation 
growing season is from May to September. Major vegetation species 
include Leymus chinensis, Stipa grandis, Stipa krylovii, and Carex 
korshinskii. 

2.2. Data acquisition 

2.2.1. Field data 
Vegetation classifications were performed using TWINSPAN (Two- 

way Indicator Species Analysis) software (Manhas et al., 2009) derived 
from 198 field sites of vegetation surveys performed in 2017 (Fig. 2(a)). 
The layers with vegetation patches were generated using eCongnition 
8.0 software (Machala and Zejdová, 2014), the tool used in this paper is 
ESP2 to determine the optimal segmentation scale parameters, with a 
multi-resolution segmentation approach (set scale parameter to 90) 
based on Landsat images. Next, the vegetation maps were interpreted by 
ENVI5.5 software and expert knowledge derived from published vege-
tation maps and field surveys. Four vegetation subtypes (typical steppe, 
desert steppe, meadow steppe, and others) were divided into 16 canopy 
types (Table 1, Fig. 2(b))(Zhang et al., 2016b). 

Actual estimates of grassland biomass were obtained from field 
measurements from June 26 to June 29 and July 27 to July 30, 2017. 
There are 29 typical grassland sampling sites, 19 meadow grassland 
sampling sites and 18 desert grassland sampling sites, three repeat 
quadrats were taken from each site, and a total of 396 biomass samples 
were collected. The distance between sampling sites was at minimum 2 
km to avoid spatial autocorrelation. Each sample site was set up with a 
large sample square and a small sample square, the size of the large 
sample square was 30 by 30 m, and three small sample squares of 1 by 1 
m were evenly laid on its diagonal for sampling. After flush mowing, the 
plant samples were oven-dried at 65℃ for 24 h to a constant weight to 
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Fig. 1. Location of the study area  

Fig. 2. Distribution of (a) vegetation and (b) grassland types in the Xilin River Basin in 2017 LC: L. chinensis；LC&SS: L. chinensis + Stipa.spp；LC&AF: L. chinensis +
Artemisia frigida；SG: S. grandis； SG&LC: S. grandis + L. chinensis；SG&CS: S. grandis + Cleistogenes squarrosa； SK&LC: S. krylovii + L. chinensis； SK&CS: S. krylovii 
+ C. squarrosa； CS&AF: C. squarrosa + A. frigida；CM-G&F: C. microphylla-Gramineas + forbs；AP&CS: Agriophyllum pungens + Corispermumspp；CM-AI: 
C. microphylla–A. intramongolica；AI: A. intramongolica；SGG: S.glareosa； CS&F: Carexspp. + forbs；AS: A. splendens；F: Farmland；U: Town；IML: Industry and 
mining land；W: Water；SAL: Saline and alkali land；BL: Bare land. 
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determine the total aboveground biomass of the community. The mean 
values of the three samples was estimated and used to represent the 
average biomass of the 30 by 30 m sample plots. 

Soil samples were obtained with a 3.5 cm diameter soil auger, and 
three replicates were set up for each sample square and mixed in layers 
after collection. Samples were taken at 10 cm intervals to a depth of 30 
cm. One part of the soil sample was used to determine the soil water 
content (SWC) and the other part was dried at 70 ◦C and sieved through 
a 15 mm sieve for the determination of soil organic carbon (SOC) and 
total nitrogen (STN) content prior to laboratory analysis. The SWC of 
each composite soil sample was determined by the drying method, the 
SOC content was determined by the potassium dichromate oxidation 
method(Nelson and Sommers, 1996), and the STN was determined using 
a Kjeldahl nitrogen tester(Bremner, 1996). 

Precipitation and temperature data were collected respectively from 
12 rainfall stations and 3 meteorological stations in the basin. There 
were four rainfall stations in meadow grassland, five in typical grass-
land, three in desert grassland, and one meteorological station in each of 
the 3 grassland types. 

2.2.2. Remote sensing data 
Landsat OLI data line numbers (124/30,124/29, cloud < 10 %) and 

MODIS data (MOD09Q1, h26v04) were used as input data for the FSDAF 
model. For Landsat OLI data, the Landsat Ecosystem Disturbance 
Adaptive Processing System (LEDAPS) (Guo et al., 2020) data pre-
processing program was used to preprocess the data for radiometric 
calibration and atmospheric correction to obtain surface reflectance and 
NDVI data. The parameters are set using the recommended parameters 
in the software. MODIS Reprojection Tool (MRT) was used to preprocess 
the MOD09Q1 data by projection conversion, the projection parameter 
is set to WGS84, the UTM ZONE is set to 50, resampling and cropping to 
obtain a UTM projection with an image size of 250 m. The FSDAF al-
gorithm requires the input Landsat image to have the same projection 
and image size as the MODIS data. Therefore, the 250 m temporal 
MODIS NDVI data was resampled and smoothed to 30 m pixels. 

2.3. Methodology 

2.3.1. Procedure for grassland aboveground biomass estimation 
The development of the aboveground biomass estimation model 

consisted of four main steps. 
Step I: Using the FSDAF fusion model, 250 m, 8-day resolution 

MODIS NDVI and 30 m, 16-day resolution Landsat NDVI (observed 
NDVI) images were spatiotemporally fused to generate 30 m and 8-day 
NDVI data for the biomass estimation model. 

Step II: Development of a model for estimating grassland biomass. 
396 field samples were collected in June and July 2017. 277 samples 
were used for training the model, and 119 samples were reserved for 
testing. This study selected four regression models for estimating 
biomass: linear, power function, exponential, and support vector ma-
chine models. 

Step III: Establishing the optimal biomass estimation model. To 
evaluate the performance of the model, we selected three metrics, root 
mean square error (RMSE), coefficient of determination (R2), and 
structural similarity (SSIM) for model accuracy evaluation. The differ-
ence between predicted and observed NDVI was evaluated using RMSE. 
R2 explained the linear relationship between predicted and observed 
NDVI images. In addition to the above quantitative evaluation, we used 
a visual evaluation metric, SSIM, to evaluate the similarity of the overall 
structure of the actual and predicted images (Wang et al., 2004). 
Theoretically, the smaller the RMSE value, the larger the SSIM and R2 

values, the more accurate the blending results. The objective functions 
are defined as follows. 

RMSE =

(
1
N

∑n

i=1
(yi − pi)

2

)1
2

(1)  

R2 = 1 −
∑n

i=1(yi − pi)
2

∑n
i=1(yi − y)2 (2)  

MAE =

∑n
i=1|yi − pi|

n
(3)  

SSIM =
(2y × P + C1)

(
2σyp + C2

)

(
y2 + P2

+ C1
)(

σy
2 + σp

2 + C2
) (4)  

where yi is the observed value, pi is the model predicted value, y and P 
are respectively the mean of the observed and modeled values, and n is 
the number of samples. σy and σp are are variance of true and predicted 
images. σyp is the covariance between the observed and predicted values, 
C1 and C2 are the stability constants of SSIM. 

Step IV: Analysis of the spatiotemporal distribution characteristics of 
biomass in different grassland types in response to environmental (soil 
water content, soil organic carbon, soil total nitrogen, precipitation and 
air temperature) factors. 

2.3.2. The FSDAF algorithm for NDVI image fusion 
In FSDAF (Zhu et al., 2016), the input data consists of a pair of 

MODIS images (July 20, 2017, <10 % cloudiness) and Landsat images 
(July 17, 2017, <10 % cloudiness) acquired at time t1 and a low- 
resolution MODIS image (June 2, 2017, <10 % cloudiness) acquired 
at time t2. FSDAF is a flexible spatiotemporal fusion algorithm that 
generally decomposes the hybrid image elements into different 
elementary components and finds the proportion of these elementary 
components. This process of mixed pixel decomposition can obtain the 
information of each category in the mixed pixel at sub-pixel accuracy. 

Before describing the details of FSDAF, some notations and defini-
tions are given here for convenience. 

m the number of fine pixels (also named subpixels) within one coarse 
pixel; 

(xi, yi) coordinate index of the ith pixel; 
i index of a coarse pixel; 
j index of a fine pixel within one coarse pixel, j = 1,…, m; 
C1
(
xi, yi, b

)
and C2

(
xi, yi, b

)
band b value of coarse pixel (e.g., 

MODIS) at location 
(
xi, yi

)
observed at t1 and t2 respectively; 

F1(xij, yij, b) and F2(xij, yij, b) band b value of the jth fine pixel (e.g., 
Landsat) within the coarse pixel at location 

(
xi, yi

)
observed at t1 and t2 

Table 1 
Vegetation classification system in Xilin River Basin.  

Vegetation 
subtype 

Formation Types Association 

Typical steppe Leymus chinensis 
steppe 

L. chinensis + Stipa.spp；L. chinensis +
Artemisia frigida. 

Stipa grandis steppe S. grandis；S. grandis + L. chinensis； 
S. grandis + Cleistogenes squarrosa. 

Stipa krylovii steppe S. krylovii + L. chinensis； S. krylovii + C. 
squarrosa 

Cleistogenes squarrosa 
steppe 

C. squarrosa + A. frigida. 

Desert steppe Caragana microphylla 
steppe 

C. microphylla-Gramineas + forbs、C. 
microphylla–A. intramongolica 

Pioneer plants in sand 
dunes 

Agriophyllum pungens + Corispermumspp. 

Artemisia 
intramongolica 
formation 

A. intramongolica. 

Stipa glareosa S.glareosa. 
Meadow 

steppe 
Carex korshinskyi 
meadow 

Carexspp. + forbs. 

Achnatherum 
splendens meadow 

A. splendens. 

Other Other Farmland; Town; Industry and mining land; 
Water; Saline and alkali land; Bare land  
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respectively; 
fc(xi, yi) the fraction of class c of the (xi, yi) coarse pixel; 
ΔC
(
xi, yi, b

)
change of band b value of the (xi, yi) coarse pixel be-

tween t1 and t2; 
ΔF(c, b) change of band b value of class c at fine resolution between 

t1 and t2. 
The main steps of the FSDAF algorithm are as follows: (Fig. 3): 
1: Classify high-resolution image at t1 

fc(xi, yi) = Nc(xi, yi)/m (5)  

where Nc
(
xi, yi

)
is the number of fine pixels belonging to class c within 

the coarse pixel at (xi,yi). 
2: Estimate the temporal change of each class. 
For band b, the temporal change of the coarse pixel at (xi, yi) is: 

ΔC(xi, yi, b) = C2(xi, yi, b) − C1(xi, yi, b) (6) 

3: Predict fine-resolution image and residuals from temporal changes 

R(xi, yi, b) = ΔC(xi, yi, b) −
1
m

[
∑m

j=1
Ftp

2
(
xij, yij, b

)
−
∑m

j=1
F1
(
xij, yij, b

)
]

(7) 

We can see that distributing residual where R(xi, yi, b) to fine pixels 
within a coarse pixel is a key step to improve the accuracy of temporal 
prediction of the high-resolution pixel value at t2. Ftp

2 (xij, yij, b) is referred 
to as the temporal prediction because it only uses the temporal change 
information between input and prediction dates rather than any spatial 
information. 

4: Get TPS interpolation for guiding residual distribution 
In this method, we adopt a thin plate spline (TPS) method to down- 

scale the coarse-resolution image at t2. TPS is a spatial interpolation 
technique for point data based on spatial dependence (Dubrule, 1984). 
After optimizing the parameters in the TPS function, it is then used to 
predict the values of each fine pixel: 

Fsp
2
(
xij, yij, b

)
= fTPS− b

(
xij, yij

)
(8) 

5: Distribute residuals to fine pixels 
To integrate the two cases into one weighted function to guide the 

residual distribution, here we introduce a homogeneity index (HI): 

HI
(
xij, yij

)
=

(
∑m

k− 1
Ik

)/

m (9) 

Where Ik = 1 when the k th fine pixels within a moving window (its 
size is one coarse pixel) with the same land cover type as the central fine 
pixel (xij, yij) being considered, otherwise Ik = 0. HI ranges from 0 to 1, 
and larger values indicate a more homogenous landscape. 

Prediction of the total change of a fine pixel between t1 and t2: 

ΔF
(
xij, yij, b

)
= rFsp

2
(
xij, yij, b

)
+ΔF(c, b) (10) 

6: Obtain a robust prediction of the high-resolution image using 
neighborhood pixels 

The spatial distance of kth similar pixel Dk is a relative distance, the 
spatial distance between the target image pixel and the similar image 
pixel is weighted and normalized to obtain Wk, which is the weight of 
similar pixels: 

wk = (1/Dk)

/
∑n

k=1
(1/Dk) (11)  

F̂2
(
xij, yij, b

)
= F1

(
xij, yij, b

)
+
∑n

k− 1
wk × ΔF(xk, yk, b) (12)  

where F̂2(xij, yij, b) is the final prediction of the target pixel value at t2. 

2.3.3. Biomass estimation model: Support vector machine algorithm 
We used an SVM algorithm to perform the regression analysis and 

generalize the biomass estimation model. The basic idea of the SVM 
algorithm is to find an optimal non-linear mapping φ and the corre-
sponding parameters through cross-validation. We mapped the input 
space to the high dimensional feature space Rn and found the linear 
regression relationship in this space. 

The SVM algorithm model is described as follows: 

f (x) =< ω,φ(x)〉+ q,withω ∈ Rn, q ∈ R (13)  

where ω and q are regressions coefficients and φ(x) is the mapping 
function. R is the space of the output pattern. Fig. 4 shows the flow chart 
of the SVM. 

The SVM algorithm is similar to a three layer neural network. The 
input vector for input layer nodes is x1, x2, x3,⋯, xn. The middle layer 
node for the kernel function is k(xi, x). The middle layer and output layer 
are connected by the weight vector (w1,w2,⋯wn), which is essentially 
the coefficients of kernel function k(xi, x). The output is the estimated 
aboveground biomass f(x), where λi, λ*

i and b are coefficients and k(xi, x)
is the kernel function. The basic kernel functions that can be used 
include the linear function, polynomial function, radial basis function 
(RBF), and sigmoid function(Barsic et al., 2006). Through comparison 
experiments, the radial basis kernel function is finally selected, which is 
able to achieve non-linear mapping and is the kernel function recom-
mended by other researchers (Negri et al., 2019). After the kernel 
function is determined, in terms of parameter optimization, a grid search 
method is used to automatically search for the optimal parameters and 
return the covariates while minimizing the root mean square error. In 
our study, the input parameter x is MODIS NDVI or synthetic NDVI and 
f(x) is the aboveground biomass estimated by MODIS NDVI or synthetic 
NDVI. 

Fig. 3. Flow chart of spatiotemporal data fusion method.  Fig. 4. Flow chart for the support vector machine (SVM) algorithm.  
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3. Results 

3.1. Accuracy assessment of synthetic NDVI based on FSDAF 

Accuracy evaluation of the fusion model was done for the Shi mon 
area in the upper part of the watershed. Fig. 5 shows the validation 
results of the FSDAF fusion model. The results predicted by FSDAF have 
clear texture characteristics and are close to the actual observed data of 
Landsat. The synthetic NDVI values of the fusion model are in good 
agreement with the NDVI values of the observed images, and the pre-
dicted NDVI values are mostly distributed around the 1:1 line with R2 =

0.752, so the prediction results are reliable. The RMSE is at a low level of 
0.063. The SSIM has a value of 0.849, which satisfies the needs of the 
fusion model. 

3.2. Prediction of time-series of synthetic NDVI 

Fig. 6(a) shows the distribution characteristics of MODIS NDVI and 
synthetic NDVI during the growing season in 2017. The NDVI values 
show a clear single-peak during the growing season, and the maximum 
value appeared on July 28 with a value of 0.37. Fig. 6(b) shows the 
relationship between MODIS NDVI and the synthetic NDVI results. The 
mean of synthetic NDVI values is almost the same as the mean of MODIS 
NDVI values, and there is a good correlation between simulated and 
predicted values with an R2 of 0.872. Therefore, the predicted NDVI 
retains the high-resolution temporal information of the MODIS NDVI 
time series, while containing high-resolution spatial information. The 
results show that the FSDAF algorithm has a reliable prediction accuracy 
for grassland NDVI time series and can effectively predict the changes of 
grassland NDVI series at higher spatiotemporal resolutions. 

3.3. Development of the aboveground biomass estimation model 

We chose four regression models: linear, power function, exponen-
tial, and support vector machine model (SVM). The 277 biomass samples 
and corresponding NDVI image element values from the measured data 
were selected as the training data set. The remaining 119(15 % vali-
dating set,15 % testing set) biomass samples were used to evaluate the 
accuracy of the four models. The model evaluation results in Table 2 
show that the SVM biomass estimation model has the highest accuracy 
for synthetic NDVI and MODIS NDVI datasets. Further comparison 
found that the accuracy of the SVM biomass estimation model of syn-
thetic NDVI is better than that of MODIS NDVI, as it matches the 30 m 
spatial resolution of the Landsat 8 OLI images, so the average above-
ground biomass of the sampled sites is a more accurate representation of 
the biomass variation in this area. Therefore, the SVM biomass estima-
tion model of synthetic NDVI was selected for biomass estimation in the 
2017 growing season. 

3.4. Spatial and temporal variation in biomass 

The 2017 (May 1 to September 30) growing season spatiotemporal 
biomass for the Xilin River basin was estimated using field measured 
sample data and fused NDVI datasets (Fig. 7). During the growing sea-
son, the distribution of grassland biomass in the Xilin River Basin has a 
large spatial heterogeneity, showing a rapid growth during May and 
June. The high-density areas with biomass greater than 60 g/m2 grad-
ually expanded, peaking at the end of July, and gradually decreasing in 
September. On May 1, 2017, grass biomass had a regional mean of 
21.19 g/m2 and a CV value of 9.3 %. After July, nearly half of the 
biomass reached 50–70 g/m2. Grass biomass peaked at the end of July 
and the CV value increased to 18.6 %. The biomass in the southeast 
region of the basin reached a maximum of 190 g/m2 and the lowest 
biomass is estimated in the northwest region to be 37 g/m2. The biomass 
in the basin began to decline in August, with a significant downward 
trend from the first to the third week of August with a CV value of 16.2 
%, slightly lower than that in July. The average biomass in the water-
shed decreased to 42.07 g/m2 in the first week of September and to 
32.17 g/m2 in the last week of September; the CV value reduced to 9.2 
%. 

Quantitative analysis of the biomass of different grassland types 
(Fig. 8) shows that the overall trend of biomass tends to be consistent 
with NDVI, with a clear single peak. Among the three grassland types, 
meadow grassland had the highest mean annual biomass with a mean 
value of 59.98 g/m2 and the highest mean biomass value of 129.01 g/ 
m2 at the end of July, with the lowest CV value of 10.9 %. The mean 
biomass value of typical grassland was between meadow grassland and 
desert grassland, with a mean biomass value of 47.54 g/m2 and a CV 
value of 12.5 %. 

The average biomass of desert grassland was the lowest at 39.13 g/ 
m2 and the lowest at 17.81 g/m2 in early May with a CV of 14.2 %. The 
intra-annual variation of meadow grassland biomass was small 
compared with typical grasslands. In contrast, desert grassland biomass 
was more variable, which was related to the growth characteristics of 

Fig. 5. Fusion model results (a) MODIS NDVI measured on June 2, 2017, (b) Landsat NDVI measured on May 30, 2017, and (c) FSDAF model prediction results, (d) 
scatter plot of simulated and observed NDVI values. 

Fig. 6. (a) Sixteen-day time series of mean NDVI values calculated for grass-
land between May to September; (b) Validation of FSDAF model simula-
tion results. 
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Table 2 
Accuracy comparison of different aboveground biomass estimation models.  

Type of data AGB Model Regression Equation Training set Validating set Testing set 

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Synthetic 
NDVI data 

Linear regression y = 465.09x − 74.11  0.72  28.36  26.23  0.65  36.32  34.23  0.62  45.67  43.12 
Power function y = 880.91x2.2044  0.68  32.52  30.12  0.64  39.49  37.18  0.63  42.89  40.11 
Exponential y = 8.4258e6.5872x  0.65  36.47  34.28  0.63  42.56  40.54  0.64  38.42  35.41 
SVM-AGB /  0.78  15.43  13.15  0.74  22.36  20.22  0.73  23.26  21.45 

MODIS NDVI Linear regression y = 362.43x − 38.621  0.67  34.13  32.11  0.59  62.12  60.18  0.66  35.21  33.24 
Power function y = 575.64x1.8123  0.65  36.16  34.12  0.62  46.17  44.21  0.63  43.22  41.01 
Exponential y = 10.372e5.8677x  0.62  38.46  36.24  0.62  47.33  45.24  0.6  58.43  56.42 
SVM-AGB /  0.73  25.41  22.12  0.7  30.24  28.28  0.71  28.21  26.21 

Note: x represents MODIS NDVI; y represents aboveground biomass. 

Fig. 7. Spatial distribution of biomass in 2017 for each 8-day interval during the growing season.  

Fig. 8. Changes in biomass of different grassland types during the 2017 growing season.  
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dominant species of different grassland types and their differences in 
response to changes in environmental factors. 

3.5. Biomass response to environmental factors 

3.5.1. Effect of soil properties on biomass 
The soil water content (SWC) of different grassland types varied 

significantly. The SWC of meadow steppe was significantly higher than 
that of typical steppe and desert steppe, and desert grassland having the 
lowest soil water content (Fig. 9). Meadow grassland had mean SWC for 
the three soil layers (0–10 cm, 10–20, 20–30 cm depth), which were very 
similar, about 9.3 %. Desert grassland had a SWC of 3.41 % for 0–10 cm 
and a slightly higher SWC of 3.86 % for 20–30 cm depth. The CV of 
typical grassland SWC (47.51 %) was higher than that of meadow 
grassland (40.76 %) and desert grassland (31.02 %). 

The distribution of soil organic carbon (SOC) in different grassland 
types was generally consistent with SWC. The 0–10 cm depth SOC of 
meadow grassland was the highest (10.86 g/kg), while the second and 
third layers were 8.05 g/kg and 6.41 g/kg, respectively. Typical grass-
land SOC decreased with increasing soil depth, with 8.31 g/kg in the top 
layer and 5.06 g/kg in the bottom layer. Desert grassland had the highest 
CV of 45.28 %, followed by typical grassland (37.14 %), and meadow 
grassland had the lowest CV (33.06 %). 

Soil total nitrogen (STN) content decreased in a stepwise manner 
with soil depth, with the highest value in the top layer and the lowest in 
the bottom layer. The highest STN content is observed in the meadow 
grassland, reaching 0.23 g/kg in the top layer and 0.18 g/kg in the 
bottom layer. The amount of STN in the top layer of a typical grassland is 
0.18 g/kg and that in the bottom layer is 0.12 g/kg. Desert grasslands 
had the lowest STN content, with 0.16 g/kg in the top layer and 0.11 g/ 
kg in the bottom layer. The CV value of STN was generally lower than 
that of SOC and SWC, and the CV of typical grassland (40.96 %) was 
higher than that of desert grassland (29.21 %) and meadow grassland 
(28.35 %). 

Fig. 10 illustrates the relationship between soil properties and 
biomass for different grassland types. The biomass of meadow, typical 
and desert grassland increased linearly with increasing SWC, SOC and 

STN. The coefficient of determination between SWC and biomass at 
different layers was significant, and biomass was most sensitive to the 
response of the top layer SWC, with a coefficient of determination of 
more than 0.676. The highest coefficient of determination was observed 
between desert grassland biomass and top layer SWC (0.818). The 
lowest coefficient of determination was found for meadow grassland 
(0.665). Meadow grassland biomass had the highest correlation with 
SOC, and the typical grassland biomass coefficient of determination with 
SOC at different strata varied less between 0.562 and 0.607. The cor-
relation between SOC and biomass gradually became weaker with 
increasing soil depth. Soil total nitrogen content had the most significant 
effect on meadow grassland biomass, with a coefficient of determination 
value of 0.798 for the top layer STN. The coefficient of determination 
between desert grassland biomass and STN was generally lower than 
typical grassland and meadow grassland and decreased significantly for 
deeper soil layers. 

3.5.2. Effect of meteorological factors on biomass 
The mean biomass of three grassland types in different growing pe-

riods was extracted based on the 8-day spatiotemporal distribution maps 
of biomass retrieved by remote sensing. Next, the time series of biomass, 
precipitation, and temperature of different grassland types were plotted 
(Fig. 11). The temperature and precipitation data were observed by 
meteorological stations in each grassland type region. The vegetation 
growing season was divided into three stages: early growing, rapid 
growing and mid-late growing(Post and Knapp, 2020). In the growing 
season, the average temperature of the meadow steppe, typical steppe, 
and desert steppe was 16.7 ◦C, 19.2 ◦C and 18.2 ◦C, while precipitation 
was 205 mm, 131 mm and 118 mm, respectively. A drop in temperature 
accompanies most rainfall events. The air temperature and biomass 
variation trend was roughly the same among different grassland types. 
Air temperature fluctuated during the initial growing stage, while 
biomass showed a significant increasing trend. There is an increase in 
temperature and precipitation in the rapid growing season, vegetation is 
growing rapidly, and biomass is increasing sharply. The precipitation 
remained at a high level in the middle and late growing seasons, but the 
influence of temperature on biomass gradually dominated(Wang et al., 

Fig. 9. Distribution of soil water content (SWC) (top); Soil organic carbon (SOC) (middle); and soil total nitrogen (STN) (bottom panel) for three different grassland 
types and soil depth of 0–10, 10–20 and 20–30 cm. Horizontal lines represent sample means, boxes represent sample medians, diamonds represent outliers, squares 
are medians. 

Y. Zhou et al.                                                                                                                                                                                                                                    



Ecological Indicators 146 (2023) 109892

9

Fig. 10. Effects of 0–10, 10–20 and 20–30 cm depth soil properties: (a-c) Soil Water Content (SWC), (d-f) Soil Organic Carbon (SOC), (g-i) Soil Total Nitrogen (STN) 
on biomass of meadow (a, d, g), typical steppe (b, e, h) and desert steppe (c, f, i). The coloured bands indicate the standard deviation. 

Fig. 11. Time series of precipitation (P), air temperature (Ta) and predicted synthetic NDVI (AGB – Aboveground Grassland Biomass) (8-day intervals) for Xilinhot in 
2017. (a) Meadow steppe, (b) Typical steppe, (c) Desert steppe. Dotted lines represent dividing lines in different growth seasons. 
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2021b). With the decrease in temperature and the beginning of human 
grass cutting activities, biomass showed a significant downward trend. 

4. Discussion 

4.1. Accuracy evaluation of fusion model and biomass model 

Currently, the most widely used fusion models are STARFM (Feng 
et al., 2006) and ESTARFM (Zhu et al., 2010), which are based on the 
weight function approach, and the hybrid model represented by FSDAF. 
However, the main problem with STARFM is that the weight function is 
an empirical function, so the assumption does not hold in heterogeneous 
landscapes. Most of the other weight function-based methods improve 
STARFM for the above problems or integrate other products (Guan et al., 
2017; Liao et al., 2017). The FSDAF fusion model adopted in this paper 
improves the performance of the model by solving the linear mixing 
equation to estimate the reflectance change for highly mixed image el-
ements.Therefore, FSDAF can be applied to fusing images in heteroge-
neous landscape scenes, effectively reducing the influence of the 
atmosphere, making it more suitable for biomass estimation (Gao et al., 
2013). The model is simple, computationally efficient, and requires only 
a high-resolution image as input data, and the model fusion is better 
(Zhu et al., 2018). 

We compared the biomass estimation model of this study (R2 = 0.78, 
RMSE = 15.43 g/m2) with other biomass models for the same region. 
(Jin et al., 2014) used 250 m MODIS NDVI data, the accuracy of its 
power function biomass estimation model for typical grasslands (R2 =

0.604, 114.15 g/m2) was lower than the biomass estimation model in 
this study. (Xin et al., 2020)established a BP-ANN biomass model based 
on MOD13Q1 data, and although their simulation accuracy was high 
(R2 = 0.91, RMSE = 27.4 g/m2), the limitation of the low spatial reso-
lution of the MODIS images limited the requirement of their model for 
high-precision spatial dynamic monitoring of biomass. Currently, there 
are several models for biomass estimation in the same study area, and 
the optimal model still has a certain degree of uncertainty. In the present 
study, the statistical model we developed by using a large amount of 
empirical field data has good reliability and accuracy. It maximizes the 
time consistency between field sampling and remote sensing data 
collection to improve the sensitivity of remote sensing data reflecting 
vegetation biomass information. The large-scale biomass sampling sites 
involve 16 landscape community types in the whole watershed, so that 
the sampling results are representative. Overall, the synthetic NDVI- 
derived SVM-aboveground biomass estimation model has a higher 
spatial resolution (30 m) and temporal resolution (8 day) and is a sig-
nificant improvement over other aboveground biomass estimation 
models generated from a single type of remotely sensed data. 

4.2. Spatiotemporal variation of biomass 

Grassland types affected the spatiotemporal patterns of biomass. The 
biomass of vegetation decreased from southeast to northwest, reflecting 
that the meadow steppe in the southeast of Xilin River Basin gradually 
became typical steppe and desert steppe in the northwest(Zhang et al., 
2016a). Typical grasslands have moderate biomass and are typical of dry 
herbaceous communities. In contrast, desert grasslands are located in 
temperate arid zones and are dominated by perennial dry plants and 
small clusters of grasses with a low and sparse appearance (Ding et al., 
2022). On the other hand, the spatial and texmporal patterns of biomass 
are closely related to precipitation and temperature variability. The 
southeast has higher precipitation, lower temperature and higher pro-
ductivity, and the northwestern region has lower precipitation and 
higher temperature, and the vegetation lacks suitable growing condi-
tions and has lower productivity. 

Meadow grasslands are more resilient to climate change or human 
disturbances due to their high species diversity (Li et al., 2020). 
Therefore, increasing the species diversity of low biomass grasslands 

may enhance the resilience of this grassland to climate change and 
human disturbance. Intra-annual variation in biomass also varies among 
grassland types. The meadow steppe type had greater fluctuations in 
biomass than the other types, but the coefficient of variation was lower 
than the other types. The source of this difference is the growing dif-
ference between Stipa baikal and Achnatherum splendens, the dominant 
plants in the meadow steppe. The habitat and water conditions in the 
meadow-steppe region are better, and the climatic effect is weak. 
Especially under arid conditions, the biomass in these areas is higher 
than in other grassland types (Wang et al., 2021a). 

The annual fluctuation range of biomass in desert steppe region was 
the lowest, but CV value was the highest. Due to the low biomass of 
desert steppe ecosystems, the fluctuation of biomass in the months with 
heavy rainfall is larger (Guo et al., 2021). The mean biomass values of 
different grassland types in the basin all reached their peak at the end of 
July, so it is recommended that local herders start their mowing activ-
ities in early August to maximize pasture production. 

4.3. Environmental factors impacting on the spatial pattern of grassland 
aboveground biomass 

4.3.1. Impact of soil characteristics 
The variation of SWC, SOC and STN with soil depth was consistent 

for the different grassland types, while the spatial variation of these soil 
characteristics was highly variable. The highest values for the soil 
characteristics were observed in the shallow 0–10 cm layer. This is 
because the accumulation of litter and fine-grained matter increases the 
input source of soil nutrients, and the decomposition of microorganisms 
further accelerates soil carbon and nitrogen fixation. However, with 
depth, the soil porosity decreases, soil bulk density increases, and the 
decomposition of bottom soil microorganisms becomes weaker(Yang 
et al., 2017). 

The spatial distribution of SWC, SOC and STN contents in different 
layers of desert grassland were lower than those in meadow grassland. 
The reason may be that the wind erosion in the northern desert steppe is 
strong. The soil matrix is mainly aeolian soil, and the basic flow on the 
surface makes the effect of precipitation on vegetation growth weak 
under the contrast of intense evaporation. Meadow grasslands are 
mainly concentrated in the upper reaches of the basin and river valleys 
in the southeast. Groundwater levels are shallow in these regions, river 
water levels are stable, but mostly not recharging rather they are the 
outcrop of the groundwater system(Tu et al., 2022).With the increase of 
soil depth, the soil water content gradually tends to be saturated, and 
biomass changes have little effect. Secondly, due to its high vegetation 
biomass and high density, it can effectively trap water and promote the 
positive cycle of vegetation growth, further increasing the nutrient input 
from litter and root system to the soil, thus enhancing the water holding, 
carbon and nitrogen fixation capacity of the soil. The higher the plant 
productivity, the higher the soil carbon and nitrogen storage(Zhang 
et al., 2021). The increase in soil carbon and nitrogen storage will pro-
duce positive feedback on plant productivity in the long term. 

4.3.2. Impact of meteorological parameters 
Climate change affects the living environment of plants, which in 

turn affects the growth state of plants (Li et al., 2019). In the physio-
logical activities of plants, especially in arid and semi-arid regions where 
precipitation is the main source of soil water, the combination of water 
and energy determines the intensity of photosynthesis and the accu-
mulation of biomass, thus affecting the spatial pattern of plants. For 
example, in the meadow steppe soil, due to the high soil porosity, 
rainwater can penetrate into the subsoil more quickly, water is absorbed 
by the deep root system, potentially increasing the water use efficiency 
and productivity of the vegetation. 

Rising temperatures may increase plant metabolism and promote 
vegetation growth. However, higher temperatures will aggravate the 
evaporation of soil water, reduce the available water needed for 
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grassland growth, limit photosynthesis and lead to a decrease of biomass 
(Smith et al., 2020). Precipitation and temperature positively affect 
biomass during the early growing and rapid growing seasons, with 
precipitation providing good water conditions for vegetation growth 
and development, and higher temperatures increasing photosynthetic 
enzyme activity and slowing chlorophyll degradation. In the middle and 
late stages of the growing season, increased precipitation can improve 
soil moisture, alleviate drought stress in grasslands, and delay littering. 
However, with the rapid decrease of temperature, the photosynthesis of 
vegetation slows down, and the growth of vegetation is inhibited (Raimi 
et al., 2021).Different types of grassland show different sensitivity and 
responses to environmental factors. The temperature of the watershed 
increases from southeast to west and northwest with decreasing pre-
cipitation. Hence, the desert steppe region in the northwest has high 
temperatures and little rainfall. Since the grassland in the desert region 
has less available water, the high temperature will also cause plants to 
close their stomata and reduce water transpiration (Tello-García et al., 
2020). 

On the contrary, the southeastern meadow steppe has more precip-
itation than the typical steppe region, and the increase in temperature 
can promote photosynthesis, accelerate the root turnover rate and 
decomposition rate, and then promote the accumulation of biomass 
(Katata et al., 2020). The variation of temperature among different 
grassland types was relatively stable, and the variation of precipitation 
was high. Therefore, the sensitivity of different grassland types in the 
basin to precipitation changes may be higher than temperature fluctu-
ations (An et al., 2020). The response of watershed biomass to temper-
ature and precipitation has a lag effect, and the lag effect to precipitation 
is more obvious (Zhe and Zhang, 2021). 

4.4. Shortcomings and prospects 

This study provides a comprehensive analysis for the 2017 grassland 
biomass in the Syring River basin, but there are still some limitations. 
This study only selects some currently widely used models and does not 
cover all models. Some scholars have applied random forest models to 
grassland biomass inversion for multi-factor nonparametric models and 
achieved better results. Therefore, which inversion model is better re-
mains to be further investigated. The Xilin River Basin ecosystem is 
vulnerable to environmental factors and anthropogenic activities that 
lead to grassland degradation. The response and feedback of environ-
mental factors to biomass coexist. As environmental factors include soil 
physical, chemical and microbial characteristics, there are many kinds 
and complex interactions. The processes and mechanisms by which 
environmental drivers affect plant biomass remain unclear. More in-
dicators should be included in future studies on the correlation between 
grassland biomass and environmental factors, such as altitude, soil 
phosphorus content, soil mechanical composition, soil microbes and soil 
respiration, to explore the influencing factors on a broader dimension 
and provide a scientific basis for the study of sustainable utilization of 
ecological grassland system. 

5. Conclusions 

In this study, based on FSDAF and SVM models combined with field 
measurement data, we developed a biomass estimation model and 
explored the relationship between the response of environmental factors 
to the spatiotemporal distribution of biomass in different grassland 
types. Compared to single-source data biomass models, the SVM- 
aboveground biomass model not only ensured the accuracy of biomass 
estimation and obtained a higher temporal frequency (8 day), but also 
improved the spatial resolution (from 250 m to 30 m). Thus, it can 
accurately reflect the spatiotemporal distribution of grassland vegeta-
tion, and explore the intra-annual variation of biomass of different 
grassland types, capturing biomass anomalies at a finer scale. In addi-
tion, biomass has a strong response relationship with environmental 

factors. During the early production and fast growing seasons, biomass is 
mainly affected by the combined effect of temperature and precipita-
tion, while in the middle and late growing season, rapid decrease in 
temperature and human mowing activities are the main factors for the 
decrease in aboveground biomass. The relationship between soil water 
content and soil carbon, nitrogen and biomass showed significant 
regional heterogeneity and a decreasing distribution with soil depth. 
This study is important for monitoring the dynamic changes of water-
shed biomass and understanding the interaction of environmental fac-
tors on the spatial and temporal distribution of biomass, to provide a 
reference for the effective conservation and utilization of grassland 
resources. 
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