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A B S T R A C T   

Process-based grass models (PBGMs) are widely used for predicting grass growth under potential climate change 
and different management practices. However, accurate predictions using PBGMs heavily rely on field obser
vations for data assimilation. In data-limited areas, performing robust and reliable estimates of grass growth 
remains a challenge. In this paper, we incorporated satellite-based MODIS data products, including leaf area 
index, gross primary production and evapotranspiration, as an additional supplement to field observations. 
Popular data assimilation methods, including Bayesian calibration and the updating method ensemble Kalman 
filter, were applied to assimilate satellite derived information into the BASic GRAssland model (BASGRA). A 
range of different combinations of data assimilating methods and data availability were tested across four 
grassland sites in Norway, Finland and Canada to assess the corresponding accuracy and make recommendations 
regarding suitable approaches to incorporate MODIS data. The results demonstrated that optimizing the model 
parameters that are specific for grass species and cultivar should be targeted prior to updating model state 
variables. The MODIS derived data products were capable of constraining model’s simulations on phenological 
development and biomass accumulation by parameter optimization with its performance exceeding model 
outputs driven by default parameters. By integrating even a small number of field measurements into the 
parameter calibration, the model’s predictive accuracy was further improved - especially at sites with obvious 
biases in the input MODIS data. Overall, this comparative study has provided flexible solutions with the potential 
to strengthen the capacity of PBGMs for grass growth estimation in practical applications.   

1. Introduction 

Grassland is one of the largest ecosystems in the world (Suttie et al., 
2005), occupying up to 40 % of the total terrestrial surface (Blair et al., 
2014). In the high-latitude areas, grass-based forages are important 
sources for dairy and meat production, providing necessary nutrients (e. 
g. protein, fibre) to livestock (Dengler et al., 2020). However, the 
biomass productivity of grasslands within this region is instable under 

climate change (Wiréhn, 2018). The low temperatures in winter (Cohen 
et al., 2012), as well as drought hazards during the growing season 
(Bakke et al., 2020), can significantly affect the survival and growth of 
perennial grasses (Höglind et al., 2010; Østrem et al., 2015). Ultimately, 
this can lead to substantial inter-annual variation in grass yields (Rende, 
2019) and it is therefore of great importance to accurately estimate the 
grass growth dynamics to improve food security and adaptation to 
future climates (Höglind et al., 2013). 
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Process-based grass models (PBGMs) have been developed to simu
late grass growth processes under changing environmental conditions 
from field to regional scales. Such models, e.g. CENTURY (Parton, 
1996), PaSim (Vuichard et al., 2007) and BASGRA (Höglind et al., 
2016), are widely used to predict grass yields and advise optimal prac
tices for grassland management (Graux et al., 2013; Höglind et al., 2013; 
Shah et al., 2020). For best performance and greater predictive accuracy 
of PBGMs, the assimilation of real observations (e.g. yield records) is 
advised to constrain the uncertainty of model parameters and structure. 
As PBGMs typically use a number of parameters to describe the empir
ical relationships between state variables (e.g. LAI, Leaf Area Index) and 
fluxes (e.g. photosynthetic rate), different parameter values are required 
to account for the diversity in the physiological properties of different 
grass cultivars (Van Oijen and Höglind, 2016). One common strategy to 
assimilate observations is to optimize key input parameters such that the 
model outputs and field observations agree within a desired level of 
accuracy (calibration method). A range of algorithms, including least 
squares algorithm (Marquardt, 1963), GLUE (Beven and Binley, 1992) 
and Bayesian inference (Box and Tiao, 2011), have been applied to 
optimize model parameters and evaluate the uncertainty of crop model 
simulations (Guérif and Duke, 1998; Varella et al., 2010; Hjelkrem et al., 
2017; Huang et al., 2018). 

In addition, with the ongoing development of satellite platforms and 
unmanned aerial vehicles (UAVs) for data capture, some state variables 
(e.g. LAI; SM, soil moisture) can be derived from the observed images 
with higher spatial-temporal resolution than field observations (Jin 
et al., 2018). These data products, e.g. MODIS-LAI (Knyazikhin, 1999) 
and AMSR-SM (Njoku et al., 2003), can be used to update model’s state 
variables in real time to reduce the accumulative bias at each time step 
and thus improving the model’s predictive skills (Ines et al., 2013; De 
Bernardis et al., 2016; Huang et al., 2016; Chen et al., 2018). Popular 
algorithms for such data assimilation approaches (updating method) 
include the ensemble Kalman filter (EnKF; Evensen, 1994) and particle 
filter (PF; Liu and Chen, 1998). 

Remote sensing data however is seldom used in isolation, with field 
measurements also required. For example, measured LAI is needed to 
correct the satellite-based data products (Huang et al., 2015) or cali
bration of the biophysical process parameters is performed in advance 
by yield records (Ines et al., 2013; Zhang et al., 2020). However, it is not 
always possible to obtain enough field data for the data assimilation of 
PBGMs in practical applications, with many previous studies on grass 
modelling conducted under conditions with assumed “sufficient” field 
observations, irrespective of which assimilation strategy is applied 
(Wallach, 2011; Ben Touhami and Bellocchi, 2015; Höglind et al., 
2020). In many cases, there are very few or even no observations in 
targeted study areas. Unlike cereal crops, grasslands are usually 
managed for pasture, silage and hay production, making it difficult to 
obtain such accurate records at different scales (as the grass is utilized at 
the farm and not sold as cash crop) for modelling and simulation. This is 
particularly an issue in some less developed regions (e.g. Africa), where 
there can be little field data available in terms of on-site measurements 
and/or regional scale statistics. How to perform robust and reliable 
predictions in data-limited regions still remains a challenge, as it obvi
ously restricts the feasibility of PBGMs under different conditions. 

Satellite-based data, including LAI, GPP (gross primary production) 
and ET (evapotranspiration), could be an easily accessible supplement in 
such data limited regions. However, to our knowledge, there have been 
no studies on grass modelling within data-limited areas yet, thus how to 
properly combine common data assimilation algorithms with satellite- 
based data for grass modelling purposes is unknown. Therefore, in this 
paper, two data assimilation strategies, including a calibration method 
and an updating method, are applied to assimilate the MODIS data 
products into the established BASGRA_N model (Höglind et al., 2020) 
for grass growth simulation. Various assimilating schemes, including 
applying data assimilation algorithms independently or collaboratively 
(Ines et al., 2013; Zhao et al., 2013; Hjelkrem et al., 2017), transferring 

optimal parameters from other sites (Patil and Stieglitz, 2015; van der 
Linden and Woo, 2003) and different data usage (Ines et al., 2013; Wang 
et al., 2013; Chen et al., 2018), are considered and compared given their 
popularity in previous studies. Applied to four grassland sites in Norway, 
Finland, and Canada, we conduct a range of simulations and compare 
the accuracy of different approaches. By comparing and analyzing the 
model simulations, our main objectives are therefore to: (i) explore the 
effectiveness of common data assimilation method in data-limited areas; 
(ii) illustrate both the strength and weakness of representative data 
assimilation methods in such modeling tasks; and (iii) recommend the 
most appropriate data assimilation strategies based on different sce
narios of data availability. 

2. Materials and methods 

2.1. Study area 

Four experimental sites, including Fureneset and Saerheim in Norway, 
Maaninka in Finland and Lacombe in Canada, were used for the model
ling experiments (see Fig. 1). Timothy was the main grass species at all 
sites but the cultivar varied due to farmer’s preference. At each site, 
several plot experiments (X-meter size) were conducted under different 
management practices surrounded by large-scale grasslands. Therefore, 
in this paper, the corresponding plots under management that are 
consistent with the surrounding large field were selected in represen
tative of the average condition within the region. Detailed field obser
vations for aboveground dry matter (DM), day matter yield (YIELD), 
specific leaf area (SLA), total tiller density (TITLTOT), carbon reserve 
(RES), frost tolerance (LT50) and LAI were available at these sites to 
calibrate model’s parameters or validate the accuracy of model pre
dictions. Daily climatic data measured from the automatic meteorology 
stations close to each site, as well as the records of management prac
tices (e.g. fertilization, harvest date), were also obtained as inputs to 
drive model simulations. The selected sites in this study covered a wide 
range of climatic conditions, soil properties and management practices 
within the high-latitude regions that are critical to grass growth. The 
information about the four sites is provided in Table 1. 

2.2. Satellite data products 

The reprocessed MODIS version 6 LAI dataset from Land-Atmosphere 
Interaction Research Group at Sun Yat-sen University was used in this 
study (http://globalchange.bnu.edu.cn/research/laiv6#download). 
This dataset reprocessed the raw data from MODIS MCD15A2H and 
MOD15A2H to fill the gaps in data continuity and consistency due to the 
cloud and seasonal snow cover (Yuan et al., 2011), with the final data 
generated using the Savitzky–Golay (SG) filter (Chen et al., 2004) to 
remove the noise in the raw data. For ET and GPP, we used the average 
of MODIS MOD16A2 and MYD16A2 as the MODIS-ET data (https 
://modis.gsfc.nasa.gov/data/dataprod/mod16.php), and the average 
of MODIS MOD17A2 and MYD17A2 as the MODIS-GPP data (https 
://modis.gsfc.nasa.gov/data/dataprod/mod17.php). The LAI, ET and 
GPP data products had an 8-day temporal frequency, with a 500-m 
spatial resolution for LAI and ET, and a 1-km spatial resolution for 
GPP data. No filtering processing was performed to ET and GPP datasets 
because their dynamics were greatly influenced by the short-term cli
matic conditions and we could not distinguish between noise and real 
fluctuations. At each experimental site, we used the average values of 
the cell where the coordinates in Table 1 were located and the sur
rounding 8 grid cells for LAI, GPP and ET. Given the small size of the plot 
experiments within the 1.5 km × 1.5 km region, plots under different 
management practices generally had a minor influence on the average 
values. 
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2.3. BASGRA model 

The BASGRA model is a PBGM that simulates the dynamics of leaves, 
roots, stems and tillers at daily time steps (Höglind et al., 2020). It has 
been well validated for its predictive accuracy under diverse environ
ments (Hjelkrem et al., 2017; Woodward et al., 2020). The accumulation 
of dry matter in this model depends on the photosynthesis and remo
bilization of reserves. The photosynthetic module is based on the 
multiplication of intercepted radiation that is calculated using LAI and 

the light use efficiency that is determined by the environmental factors 
including air temperature, CO2 concentration and the Rubisco concen
tration in leaves. Meanwhile, detailed overwintering processes of frost 
and ice related stresses on tiller survival, e.g. cold hardening and 
dehardening, are implemented in this model, which affect the LAI and 
biomass accumulation in the subsequent growing season. The BASGRA 
model also simulates the water and nitrogen balance in soil environment 
and they in turn act as limiting factors for grass growth. LAI is a highly 
important state variable in BASGRA that links photosynthesis, 

Fig. 1. Locations of the four studied sites.  

Table 1 
Details of the selected study sites.  

Site Fureneset Lacombe Saerheim Maaninka 
Country Norway Canada Norway Finland 

Coordinates 
61.29 ◦N 52.28 ◦N 58.76 ◦N 63.14 ◦N 
5.04 ◦E 113.44 ◦W 5.65 ◦E 27.32 ◦E 

Annual precipitation 
(mm) 

2280 429 1430 560 

Mean daily temperature (◦C) 7.7 3.5 7.8 4.2 
Data Collection Period 2005− 2006 2004− 2005 2001− 2002 2006–2007 
Grass species Timothy Timothy Timothy Timothy 
Grass cultivar Grindstad Climax Grindstad Tammisto II 
Field observation Data RES, DM, LAI, LT50, SLA, TITLTOT, YIELD DM, LAI RES, DM, LAI, SLA, TITLTOT DM, LAI 
Data source Höglind et al. (2006) Jing et al. (2012) Höglind et al. (2010) Virkajärvi et al. (2012)  
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evapotranspiration and tiller development. 

2.4. Data assimilation methods 

2.4.1. Bayesian calibration 
We applied Bayesian calibration (BC) as calibration method for data 

assimilation. The general framework followed is based on Bayes’ theo
rem (Box and Tiao, 2011): 

p
(

θ|Y
)

=
p(Y|θ)∙p(θ)

p(Y)
∝p

(

Y|θ
)

∙p
(

θ
)

(1)  

Where θ is the vector of calibrated parameters; Y is the matrix of ob
servations (e.g. dry matter weight, LAI); p(θ|Y) is the posterior distri
bution of parameter given the observations used for calibration; p(θ) is 
the prior probability of parameters; p(Y|θ) is the likelihood of observa
tions for any values of parameters; p(Y) is the marginal probability of 
observational data. The likelihood p(Y|θ) can be calculated as: 

p
(

Y|θ
)
= p

(
εy = Y

∼

− Y
)
∼ fεy

(
εy

)
(2)  

Where Ỹ is the matrix of model outputs based on θ; εy is residual error 
between model observations and outputs; fεy is the probability density 
distribution of εy. 

In this study, we assumed Sivia’s distribution for the prior marginal 
distribution of parameters. 25 parameters critical to grass modelling 
were selected for calibration with their descriptions, prior value ranges 
and default values shown in Table 2. Default values were generally 
determined as the average of minimum and maximum values. According 
to the direct effects of these parameters on targeted state variables, we 
categorized them into three classes (see Table 2): (i) Class A parameters 
were linked to biomass accumulation; (ii) Class B parameters were 
linked to leaf and LAI modelling; and (iii) Class C were linked to tiller 
development. Default values for other parameters are listed in Table S1. 
The probability of residual error was assumed to follow a Gaussian 
distribution. The Metropolis-Hastings algorithm was applied for the 
Markov chain Monte Carlo (MCMC) sampling, with the maximum chain 
length as 50,000 and the first 20 % for burn in. We used the model 

outputs with the maximum posterior likelihood and the corresponding 
parameters in this paper. 

2.4.2. EnKF algorithm 
The EnKF method is the Monte Carlo implementation of the original 

Kalman Filter for the ensemble forecasting of non-linear systems 
(Evensen, 2004). In this method, model state variables (e.g. LAI) are 
represented as ensembles following a Gaussian distribution and they are 
combined and updated with observational data in time as modelling 
proceeds. The fundamental step to update model states is defined as: 

Aa = A + PeHT ( HPeHT + Re
)− 1

(D − HA) (3)  

where Aa and A are the analyzed (updated) and forecasted (modelled) 
matrices of ensemble states; Pe and Re are the covariance matrices of 
forecasted ensemble and observation; H is the measurement operator 
and (D − HA) is the innovation vector. In this study, only one state 
variable LAI is assimilated into model. Therefore, Aa and A can be 
reduced to vectors, Pe and Re can be reduced to variances. As model state 
is directly observed, H is an identity matrix and Eq. (3) can be simplified 
as: 

Aa
i = Ai +

Pe

Pe + Re
(Di − Ai) (4)  

where Aa
i and Ai are the analyzed (updated) and forecasted (modelled) 

LAI for the ith ensemble member; Pe and Re are the variances of 
modelled LAI and MODIS-LAI; Di is the perturbed MODIS-LAI of the ith 
ensemble member. 

In this study, the ensemble size was set as 200. As the simulating 
tasks were performed for data-limited area, the MODIS-LAI was not 
corrected using field measurements. We assumed a 25 % error in the 
MODIS LAI values after comparing the relative error between measured 
and MODIS-LAI data samples (see Fig. S1). At each time step, the per
turbed LAI observation can be computed as: 

Di = DMODIS∙fe, fe ∼ U(0.75, 1.25) (5)  

where DMODIS is the MODIS-LAI value and fe is the random factor with a 

Table 2 
Selected parameters used for model calibration.  

Parameter Unit Description Range Default Class 

CLVI gC⋅m− 2 Initial value of leaf biomass (0.0, 316.0) 31.6 A 
LAII – Initial value of LAI (0.0, 10.0) 1.0 B 
TILTOTI m− 2 Initial value of tiller density (1000, 3000) 2000 C 
CSTAVM gC⋅tiller− 1 Maximum size of elongating tillers (0.1, 1.9) 1.0 A 
DAYLB d⋅d− 1 Day length below which phenological stage is reset to zero (0.0, 0.8) 0.4 B 
DAYLP d⋅d− 1 Day length below which phenological development slows down (0.3, 1.0) 0.65 B 
FSLAMIN – Minimum SLA of new leaves as a fraction of maximum possible SLA (0.00, 0.93) 0.47 B 
K m2⋅m− 2 leaf PAR extinction coefficient (0.3, 0.9) 0.5 A 
LAICR m2⋅m− 2 leaf LAI above which shading induces leaf senescence (1.9, 7.6) 3.8 B & C 
LAIEFT m2⋅m− 2 leaf Decrease in tillering with leaf area index (0.1, 0.4) 0.2 C 
LFWIDG m Leaf width on elongating tillers (0.004, 0.017) 0.008 B 
LFWIDV m Leaf width on non-elongating tillers (0.0025, 

0.0098) 
0.0049 B 

NELLVM tiller− 1 Number of elongating leaves per non-elongating tiller (1.0, 3.5) 2.1 B 
RUBISC g⋅m− 2 leaf Rubisco content of upper leaves (2.9, 11.6) 5.8 A 
SHAPE – Area of a leaf relative to a rectangle of same length and width (0.27, 1.00) 0.54 B 
SLAMAX m2 leaf gC− 1 Maximum SLA of new leaves (0.03, 0.09) 0.06 B 
TBASE ◦C Minimum value of effective temperature for leaf elongation (1.8, 6.0) 3.6 B 
RATEDMX ◦C⋅d− 1 Maximum dehardening rate (0.5, 2.5) 1.80 C 
Hparam ◦C− 1⋅d− 1 Hardening parameter (0.005, 0.010) 0.0082 C 
YG gC⋅g− 1 C Growth yield per unit expended carbohydrate (0.65, 0.90) 0.84 A 
DAYLG1G2 d⋅d− 1 Minimum day length above which generative tillers can start elongating (by moving from TILG1 to 

TILG2). 
(0.0, 1.0) 0.6 C 

RGRTG1G2 tiller⋅tiller− 1⋅d− 1 Relative rate of TILG1 becoming TILG2 (0.0, 1.0) 0.9 C 
NCSHMAX gN/gC Maximum N-C ratio of shoot (0.02, 0.08) 0.04 A 
TCNSHMOB d Time constant of shoot N remobilization (1, 64) 8 A 
TCNUPT d Time constant of soil mineral N uptake (1, 64) 8 A 

Class A: parameter related to biomass; Class B: parameter related to LAI; Class C: parameter related to tiller. 
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uniform distribution. With Di obtained, Re could be calculated after
wards following Burgers et al. (1998). We used the mean values of the 
total 200 ensemble predictions for the following analysis. 

2.5. Design of numeric experiment 

To simulate various options of data-availability, we assume the 
following scenarios:  

(i) S0: Detailed field observations at each site, as well as satellite- 
based data products, were available for data assimilation;  

(ii) S1: There were no field observations in the study area. However, 
data was available for use from other sites with similar grass 
cultivar;  

(iii) S2: There were no field observations in the study area. Only 
satellite-based data products were accessible for data 
assimilation;  

(iv) S3: There were very few field observations in the study area. DM 
is assumed to be the only information available (given it is the 
easiest to measure under normal conditions); 

The different data assimilation strategies we simulate are:  

(i) DA0: Running the model simulation with the default parameter 
values listed in Tables 2 and Table S1 (in Supplementary 
Material);  

(ii) DA1: Running the model simulation with default parameter 
values and updating the model LAI with MODIS-LAI using the 
EnKF algorithm described in section 2.4.2;  

(iii) DA2: Calibrating the parameters in Table 2 using the BC method 
described in Section 2.4.1 and then running the model simulation 
with optimal parameter values;  

(iv) DA3: Running the model simulation with optimal parameter 
values obtained from DA2 and updating the model LAI with 
MODIS-LAI using the EnKF algorithm; 

Table 3 provides an overview of the scenario and data-assimilation 
strategy combinations we applied in this study. For parameter calibra
tion DA2, (i) under scenarios S1, only the MODIS data at the corre
sponding site was used; (ii) under scenarios S2, the optimal parameters 
calibrated for another site using the field observations were used for the 
targeted site. For example, the optimal parameters at Fureneset, 
Lacombe and Saerheim obtained from DA2 were used to drive the 

simulation at Maaninka separately; (iii) under scenario S3, both the field 
observation DM and MODIS data in the corresponding site were used; 
(iv) under scenario S3, to demonstrate if the modelling performance was 
caused by DM alone or DM and MODIS data together, we added Exp-S3- 
DA2-3 that only used field DM observations for model calibration. Un
like LAI, that was calculated directly from satellite signals, the GPP and 
ET products from MODIS platform were derived by simple models 
combining LAI and other information. As a result, in our simulated 
scenarios, we first used LAI alone (only LAI for parameter calibration) 
and then LAI + GPP + ET jointly (MODIS-LAI, GPP and ET all used for 
parameter calibration) for BC to compare the effectiveness of these two 
data combinations. 

2.6. Evaluation 

To evaluate the performance of model simulation under different 
scenarios and data assimilation strategies, we chose DM, LAI, TITLTOT 
and YIELD as the most important variables for grass growth and 
compared their simulated values with the field observations at each site. 
Two indicators, Root Mean Square Error (RMSE) and Normalized Root 
Mean Square Error (NRMSE), were utilized in this research to quantify 
the accuracy of model prediction. 

3. Results 

3.1. Model outputs under scenario S0 as baseline 

The selected parameters in Table 2 were calibrated at each site 

Table 3 
Combinations of scenarios and data assimilation methods used in this study.  

Scenarios Data 
assimilation 

Experiment 
codes 

Satellite data 
products 

Field observations Description 

S0 

DA0 Exp-S0-DA0 – – Using default parameter values 
DA1 Exp-S0-DA1 EnKF: LAI; – Exp-S0-DA0 + EnKF 
DA2 Exp-S0-DA2 – BC: all the field observations at each 

corresponding site; 
Using optimal parameter values 

DA3 Exp-S0-DA3 EnKF: LAI; Exp-S0-DA2 + EnKF 

S1 DA2 Exp-S1-DA2 – BC: all the field observations from other 
sites; 

Using optimal parameter values from other sites 
DA3 Exp-S1-DA3 EnKF: LAI; Exp-S1-DA2 + EnKF 

S2 

DA2 
Exp-S2-DA2-1 BC: LAI, GPP, ET; 

– 

Using optimal parameters calibrated by remote sensing 
data Exp-S2-DA2-2 BC: LAI; 

DA3 
Exp-S2-DA3-1 

BC: LAI, GPP, ET; 
Exp-S2-DA2-1 + EnKF EnKF: LAI; 

Exp-S2-DA3-2 BC: LAI; Exp-S2-DA2-2 + EnKF 
EnKF: LAI; 

S3 

DA2 Exp-S3-DA2-1 BC: LAI, GPP, ET; 

BC: DM (at each site); 

Using optimal parameters calibrated by both remote 
sensing data and DM Exp-S3-DA2-2 BC: LAI; 

DA3 
Exp-S3-DA3-1 

BC: LAI, GPP, ET; 
Exp-S3-DA2-1 + EnKF EnKF: LAI; 

Exp-S3-DA3-2 
BC: LAI; 

Exp-S3-DA2-2 + EnKF EnKF: LAI; 
DA2 Exp-S3-DA2-3 – Using optimal parameter values only calibrated by DM  

Table 4 
The relative deviation of optimal parameters from default values.  

Unit: % Fureneset Lacombe Saerheim Maaninka Standard 
variationa 

Parameter 
(Class A - 
Biomass) 

36.1 50.3 41.7 23.6 26.5 

Parameter 
(Class B - 
LAI) 

29.1 31.8 33.1 25.6 29.5 

Parameter 
(Class C - 
Tiller) 

12.8 27.5 21.3 28.4 19.1  

a The standard variation among the four sites relative to the default value. 
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individually under Exp-S0-DA2. We calculated the relative deviation of 
the optimal parameters from default values. The averages of each 
parameter class (A, B, and C) and the standard variations across the four 
sites are presented in Table 4. The results showed that site-specific 
optimal parameters were required in our study regions to ensure the 
accuracy of grass growth simulations, among which parameters in Class 
A showed the highest deviation in most sites. With regards to the vari
ations between the four sites, at least 19 % difference in parameters was 
found despite Timothy being dominant at all sites. The highest varia
tions were shown for Class A and Class B which showed the diversity of 
grass’s response in different natural environments. 

In Fig. 2, the model outputs for DM, LAI, TITLTOT and YIELD in daily 
steps at the four experiment sites under scenario S0 are displayed and 
compared with the field measurements. The results demonstrated sig
nificant diversity among different modelling schemes. LAI simulations 
using the EnKF method (Exp-S0-DA1 and Exp-S0-DA3) had obvious 
fluctuation in short term as MODIS-LAI was assimilated into the model, 
while it tended to be smoother for the other three variables. Meanwhile, 
we see the RMSE and NRMSE values for each site in Fig. 3, where sim
ulations from Exp-S0-DA2 using optimal parameters had the highest 
accuracy for all the four variables at all sites. The additional application 
of EnKF using the same parameters (Exp-S0-DA3) did not improve the 
predictive accuracy as expected given MODIS-LAI is not bias-corrected. 
Similarly, model predictions using default parameter values (Exp-S0- 
DA0 and Exp-S0-DA1) showed much lower accuracy. The effects of 
applying EnKF differed a lot for different variables at different sites. For 
example, it greatly improved the simulations of LAI at Fureneset and 
Saerheim, but decreased the estimation accuracy of DM at Maaninka. 
The overall performance (“Average” in Fig. 3) was similar between Exp- 
S0-DA0 and Exp-S0-DA1 with the exception of the TITLTOT parameter. 
As a result, we adopt the results from Exp-S0-DA0 and Exp-S0-DA2 in the 
following analysis as the baseline to assess the inaccuracies and accu
racies of the remaining scenarios, respectively. 

3.2. Model outputs under scenario S1 

The model performance under scenario S1 using transferred optimal 
parameters is illustrated in Fig. 4. For example, at Fureneset, the optimal 
parameters in the other three sites obtained individually from Exp-S0- 
DA2 were used to independently drive model predictions and provide 
a range of estimates. In Fig. 4a–d, the results from Exp-S1-DA2 

demonstrated clearly for all sites, that the worst model predictions 
(upper boundary) could be even less accurate than simply adopting 
default parameters in the model (Exp-S0-DA0). On the contrary, the best 
model predictions (lower boundary) showed a similar predictive accu
racy as Exp-S0-DA0 in most cases. Meanwhile, the results in Fig. 4e–h 
from Exp-S1-DA3 showed similar model performance with Exp-S1-DA2. 
The only exception was that the worst performing simulations of LAI 
were greatly improved for the Fureneset site (Fig. 4e) as MODIS-LAI data 
that was assimilated using the EnKF method was generally accurate 
during the sampling period. 

The average RMSE and NRMSE of the four sites are given in Table 5. 
Generally, we see the high uncertain interval and instability of cross use 
of optimal parameters for grass modelling when the cultivars are 
different, as users cannot typically test which optimal parameter settings 
will provide a better performance in advance of the simulation. 

3.3. Model outputs under S2 

The results of model predictions under scenario S2 that use MODIS 
data to calibrate model parameters are shown in Fig. 5. At Fureneset 
(Fig. 5a&e), those simulations using only MODIS-LAI for parameter 
optimization (Exp-S2-DA2-2 and Exp-S2-DA3-2) led to high biases in 
simulation of DM and YIELD. However, the model performance of Exp- 
S2-DA2-1 and Exp-S2-DA3-1 was seen to greatly improve by incorpo
rating MODIS-GPP to constrain the model prediction on biomass accu
mulation. The similar benefit of supplementing GPP into data 
assimilation on DM was found at the Lacombe site. At Saerheim, 
assimilating MODIS data only improved the model’s performance for 
LAI but the simulations of TITLTOT were even worse than the initial 
Exp-S0-DA0 scenario. Meanwhile, at Manninka, the accuracy of results 
from the four schemes were only slightly improved under scenario S2 
compared to those under S1 and were still worse than that of Exp-S0- 
DA0. At this site, we observed significant deviations between MODIS- 
LAI and measured LAI (see Fig. S2), which likely influenced both the 
effectiveness of parameter optimization and the accuracy of MODIS-GPP 
and MODIS-ET input data. Moreover, in the four experiments under 
scenario S2, the difference in accuracy between data assimilation DA2 
(Fig. 5a-d) and DA3 (Fig. 5e-h) was negligible. This was mainly because 
the MODIS-LAI dataset was used to calibrate model parameters and 
therefore the LAI simulations expectedly matched the MODIS-LAI data 
well. Additional assimilation of MODIS-LAI by EnKF did not change the 

Fig. 2. Field measurements and daily model outputs under scenario S0.  
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model’s state variables considerably (see Fig. S3). 

3.4. Model outputs under scenario S3 

Based on the S2 scenarios, we further incorporated field measure
ments of DM into parameter calibration, with these results shown under 
scenario S3 in Fig. 6. Firstly, under Exp-S3-DA2-3, the accuracy of DM 
simulations was guaranteed as measured DM was used for parameter 
calibration. However, with regards to other 3 variables, the corre
sponding accuracy decayed similar to or even worse than Exp-S0-DA0. It 
proved that calibrating model only with few field observations might 
lead to the overfit on a certain variable while sacrificing the robustness 
of model predictions on other variables, which would be risky and un
reliable in changing environment. By comparison, the experiments 
integrating DM and MODIS data showed more balanced improvement 
on all variables. At Fureneset (Fig. 6a&e), the predictive accuracy was 

improved considerably compared with S2 and the results of Exp-S3- 
DA2-1 and Exp-S3-DA3-1 show accuracy close to Exp-S0-DA2. At 
Lacombe and Saerheim, the results were improved over the S2 scenarios 
by assimilating additional DM information. Predictive accuracy on most 
variables was similar to Exp-S0-DA2 while the performance of predict
ing TITLTOT at Saerheim was significantly enhanced compared with S2. 
At Manninka, with the assistance of measured DM, model simulations 
were better constrained, and the model performance exceeded the Exp- 
S0-DA0 simulated results and got closer to Exp-S0-DA2 than S2 scenario. 
This demonstrated that even a few field measurements could effectively 
improve the robustness of parameter estimation in regions where the 
MODIS data was not accurate enough to be relied upon in isolation. 
Finally, the application of EnKF did not significantly change the final 
results under S3 for the same reason as explained in section 3.3 above. 

Fig. 3. Model performance under scenario S0.  

Fig. 4. Model Performance under scenario S1. (a)-(d): using data assimilation method DA2 (without EnKF), (e)-(h): using data assimilation method DA3 (with EnKF); 
Subscript 1: RMSE, subscript 2: NRMSE. 
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3.5. Comparison between different scenarios 

The NRMSE for scenarios S1, S2 and S3 at all sites across DM, LAI, 
TITLTOT and YIELD parameters are shown in Fig. 7. In general, the 
results under scenario S3 had greater accuracy (as indicated by the 
darker colors) than the other two scenarios. This illustrated that in data- 
limited areas, grass growth estimation could be improved if even a small 
number of field measurements were available to be assimilated into the 
model. Under scenario S2, the model simulations totally relied on the 
MODIS data products. The predictive accuracy for DM was improved at 
Fureneset and Lacombe by adding MODIS-GPP into the parameter 
calibration. The results also showed that in data-limited areas without 
any field measurements, using MODIS data products was feasible in 
some cases but has lower accuracy than under scenario S3 (in which 
some field data is available). Under scenario S1, the optimal parameters 
from other sites were used for grass modelling, and the corresponding 
results varied a lot depending on which site is used. The best model 
performance (minimum value) under S1 was not as good as that of S3, 
but was comparable with or even better than that of S2. However, the 
worst performance (maximum value) under S1 was not acceptable for 
grass growth estimation. 

In addition, the relative deviations of parameters under S2 and S3 
from optimal parameters of Exp-S0-DA2 are shown in Fig. 8. In terms of 

parameters in Class A, smaller deviations were observed for scenario S3 
compared with S2 at almost all site except Lacombe. Therefore, assim
ilating measured DM into BASGRA model had the most straightforward 
effect on processes on biomass accumulation. Under S2, additional 
assimilation of GPP was also helpful to constrain parameter estimation 
by comparing Exp-S2-DA2-1 with Exp-S2-DA2-2. However, when 
MODIS-GPP and measured DM were used together (Exp-S3-DA2-1), the 
mismatch between the satellite-based and measured data seemed to 
lower the effects in comparison with Exp-S3-DA2-2. Similar patterns 
applied to parameters in Class B at Fureneset, Lacombe and Saerheim. At 
Maaninka, as the MODIS-LAI were obviously biased from measurement, 
parameter estimation was constantly improved as more and more in
formation was assimilated. Moreover, parameters in Class C showed the 
minimum deviation and different data usage for parameter optimization 
seemed to have an insignificant effect on results. 

4. Discussion 

4.1. Model transferability 

The results under scenario S1 clearly showed that parameters that 
were optimal to a certain site were not necessarily transferable to other 
sites. Given the grass species was consistent across all sites, we could 
have theoretically expected the optimal parameters to show similar 
predictive accuracies if the grass model could generally capture the key 
processes for the same grass type. However, the performance of 
parameter cross transfer demonstrated high uncertainty for the model
ling of the targeted variables because of the different cultivars. It showed 
the grass parameters in BASGRA model were more cultivar-specific than 
species-specific, which implied that parameterization work, as well as 
model development, should further step into cultivar level. The physi
ological processes in grass or crop models could be classified into 2 type: 
(i) species-sensitive ones, and (ii) cultivar-sensitive ones. By this, users 
are able to decide which parameters are transferable in data-limited 
areas depending on the data availability of other sites. Meanwhile, for 
regional or global scale simulations, current applications usually used 
the same parameterization schemes for the same grass/crop type 
without considering the cultivar effects. More observations, e.g. the 
remote sensing data products used in this study, could be utilized to 
improve the representativeness of parameterization for large-scale 
modelling. 

Table 5 
The overall performance of model predictions under scenarios S0 and S1.  

Indicator Experiment DM LAI TITLTOT YIELD 

RMSE 

Exp-S0- 
DA0 

238 2.4 852 482 

Exp-S0- 
DA2 67 1.5 454 6 

Exp-S1- 
DA2 

[261, 
412] [2.8, 3.1] 

[1201, 
2368] [471, 835] 

Exp-S1- 
DA3 

[270, 
569] 

[2.5, 3.0] [1521, 
3311] 

[323, 969] 

NRMSE 

Exp-S0- 
DA0 

75.3 71.0 34.3 139.4 

Exp-S0- 
DA2 21.2 44.4 18.3 1.9 

Exp-S1- 
DA2 

[82.5, 
130.3] 

[81.4, 
90.1] 

[48.3, 
95.3] 

[136.1, 
241.5] 

Exp-S1- 
DA3 

[85.4, 
180.0] 

[73.0, 
88.3] 

[61.2, 
133.2] 

[93.5, 
280.0]  

Fig. 5. Model Performance under scenario S2. (a)-(d): using data assimilation method DA2 (without EnKF), (e)-(h): using data assimilation method DA3 (with EnKF); 
Subscript 1: RMSE, subscript 2: NRMSE. 
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4.2. Data assimilation methods 

Compared with other studies (Ines et al., 2013; Tewes et al., 2020; 
Zhao et al., 2013), we found the updating method using the EnKF al
gorithm did not lead to improvements in predictions for this study. On 
the one hand, it was clear that the effectiveness of the updating methods 
greatly depended on the robust estimation of model parameters (cali
bration method). As shown in the results of Exp-S0-DA1 and 
Exp-S1-DA3, model simulations driven by inaccurate parameterization 
could have even been worsened by assimilating MODIS-LAI. In com
parison, under scenario S2 and S3, the predictive accuracy was 
enhanced with calibrated parameters. Therefore, ensuring the robust
ness and confidence in the model parameters should be the foundation 
for grass growth modelling. It should be noted that in high-latitude areas 
like our study area, MODIS observations were often associated with high 
uncertainties due to the frequent cloudy weather. In previous studies, 
postprocessing of remote sensing data was usually performed using field 

observations to reduce the biases of raw data. However, under the 
assumption and objective of this study to simulate data-limited condi
tions, it was not necessary to conduct the correction for the MODIS-LAI 
values. The inaccurate remote sensing observations used here were also 
likely to lower the effectiveness of updating method. 

This study also showed that different calibration methods and 
updating methods differed in their ways to influence grass growth 
simulations. Calibration methods could optimize model parameters and 
these parameters therefore adjusted more state variables throughout the 
whole simulating period. For example, under scenario S2 and S3, the 
MODIS-LAI used for parameter optimization not only directly modified 
the model simulation on LAI, but also considerably changed the simu
lations of grass leaf biomass and winter survival by calibrating the 
relevant parameters. In contrast, by using updating methods, model 
state variables were replaced at each time step, while model parameters 
were kept unchanged. To the best of our knowledge, in almost all studies 
using the EnKF updating method for crop modelling, LAI was the only 

Fig. 6. Model Performance under scenario S3. (a)-(d): using data assimilation method DA2 (without EnKF), (e)-(h): using data assimilation method DA3 (with EnKF); 
Subscript 1: RMSE, subscript 2: NRMSE. 

Fig. 7. The comparison of predictive accuracy between different scenarios across different model parameters.  
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variable used related to crop growth. However, none of the computing 
scheme was available to reverse any of the other model state variables 
(e.g. leaf carbon pool) when LAI was updated, although in a mechanistic 
sense, the variables were connected. For example, in Fig. 2 the fluctu
ation of LAI was very evident. But its influence on DM, TITLTOT and 
YIELD modelling was flattened in the simulations as the curves were 
quite smooth. We believe that the performance of updating methods 
could be boosted by integrating more detailed reversing schemes, 
transferring changes in LAI to one or more state variables instead of 
simply updating LAI in the simulation process. 

4.3. MODIS data products 

In data-limited areas, we usually do not have enough field mea
surements to correct the MODIS data products. However, the results 
under scenario S2 and S3 demonstrated raw MODIS data was still 
applicable for grass modelling. Compared with field sampling, which 
were usually low in frequency, MODIS-LAI generally captured the 
spatial pattern of grass growth process well although its magnitude 
might be uncertain. As a result, such information was still helpful to 
optimize model parameters if it was not greatly biased from the real 
condition (e.g. Maaninka). Besides LAI, which was the most common 
remote sensing data for crop modelling, the present study also showed 
that MODIS-GPP and MODIS-ET were applicable for data assimilation to 
avoid an obvious discrepancy from reality. More importantly, although 
there were inaccuracies in the model simulations by only using MODIS 
data, supplementing few field measurements seemed to be very helpful 
to correct the bias in MODIS data and it therefore could more effectively 
constrain model’s trajectory. On the other hand, the performance of 
simulating tasks using these remote sensing data products highly 

depended on the accuracy of this data itself. The accuracy of such plant- 
related data products should be further improved for data-limited areas. 

4.4. Uncertainty and limitation 

In this paper, the BASGRA model was used for grass simulation. As 
the modeling approaches and complexity differed largely between grass 
models, their responses to data assimilation methods and data products 
were expected to be diverse. Thus, the results from the numerical ex
periments were limited to the performance of the BASGRA model. More 
PBGMs could be used in the future to provide a more comprehensive 
vision on this topic. 

Moreover, we used MODIS data products to represent the potentially 
available remote sensing information. This was because only the MODIS 
platform had large-scale data available in the long term. Other satellite 
platforms, e.g. Sentinel, are expected to provide more accurate data 
products with higher resolution in the future. In this research, we used 
the traditional version of BC and EnKF to test the performance of data 
assimilation in data-limited areas. However, many modified data 
assimilation methods based on BC and EnKF have been developed to 
improve the accuracy of crop modelling. These methods should be tested 
in future research focusing on data-limited areas. 

5. Conclusion 

In this study, we conducted a number of modelling experiments with 
different combinations of data availability and data assimilation 
methods for grass growth estimation in data-limited areas. We 
concluded that, when using the BASGRA model, the MODIS- LAI, GPP 
and ET data could effectively constrain a model’s simulations of 

Fig. 8. The relative deviation of optimal parameters using MODIS data products from the optimal parameters using field observations. Class A: biomass accumulation 
parameters, Class B: LAI parameters, Class C: tiller development parameters. 
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phenological development and biomass accumulation if they were not 
greatly biased from real conditions. Although the prediction accuracy 
may not be as good as when the model was entirely calibrated by field 
observations from the region where it was used, simulations with such 
data may improve the prediction accuracy substantially compared with 
model outputs driven by default parameters. Adding a few field mea
surements into data assimilation with satellite data products can further 
improve the predictive skills. Model performance increased in accuracy 
with less biased MODIS data, while it also improved significantly even if 
MODIS data was not accurate at one study site (Maaninka). We 
demonstrate the importance of a calibration method for parameter 
optimization for robust grass modelling before other data assimilation 
methods are applied. To improve the usefulness of the updating 
methods, the quality of input remote sensing data products should be 
targeted and additional reversing schemes should be explored to update 
other state variables that can also be used to assess model performance 
in data-limited areas. 
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Guérif, M., Duke, C., 1998. Calibration of the SUCROS emergence and early growth 
module for sugar beet using optical remote sensing data assimilation. Eur. J. Agron. 
9 (2), 127–136. https://doi.org/10.1016/S1161-0301(98)00031-8. 
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