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Abstract

:

Precise simulation of crop growth is crucial to yield estimation, agricultural field management, and climate change. Although assimilation of crop model and remote sensing data has been applied in crop growth simulation, few studies have considered optimizing the crop model with respect to phenology. In this study, we assimilated phenological information obtained from Moderate Resolution Imaging Spectroradiometer (MODIS) time series data into the World Food Study (WOFOST) model to improve the accuracy of rice growth simulation at the regional scale. The particle swarm optimization (PSO) algorithm was implemented to optimize the initial phenology development stage (IDVS) and transplanting date (TD) in the WOFOST model by minimizing the difference between simulated and observed phenology, including heading and maturity date. Assimilating phenology improved the accuracy of the rice growth simulation, with correlation coefficients (R) equal to 0.793, 0822, and 0.813 at three fieldwork dates. The performance of the proposed strategy is comparable with that of the enhanced vegetation index (EVI) time series assimilation strategy, with less computation time. Additionally, the result confirms that the proposed strategy could be applied with different spatial resolution images and the difference of simulated LAImean is less than 0.35 in three experimental areas. This study offers a novel assimilation strategy with regard to the phenology development process, which is efficient and scalable for crop growth simulation.
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1. Introduction


Accurate crop growth simulation is important for crop yield prediction, field management, and climate change evaluation [1,2,3]. A crop growth model could quantify crop physiological development growth and yield based on the interactions among environmental characteristics (such as soil, weather, and water) [4,5,6]. The WOFOST model is one of the widely used crop model, which has been successfully applied at the field scale in previous studies [7,8]. However, the performance of this model is limited by the uncertainties of the initial parameters and an incomplete description of the simulation structure [9]. For example, physiological processes (such as photosynthesis and respiration) in the WOFOST model are strongly related to the phenology development process [4] and affected by input parameters and model initialization. Hence, the accuracy of the WOFOST model is expected to be improved with accurate initial parameters [10], especially for large-scale application.



The remote sensing technique is a cost-efficient approach for crop growth monitoring over large areas, which could reflect actual crop growth condition during the growth season. The geophysical scale could be extended by the combination of satellite data and the crop growth model [11]. Meanwhile, satellite data can be regarded as a “real” crop observation to constrain the crop model, thereby providing an accurate simulation result. Therefore, data assimilation, which incorporates observed data into dynamic mechanistic models, has been widely used in agricultural monitoring studies [12,13,14,15,16,17,18]. Ines et al. assimilated satellite-based soil moisture and leaf area index (LAI) into a crop model for maize yield estimation and indicated that the prediction performance in the assimilation-crop framework was improved compared to that without assimilation [14]. According to previous studies, the state variables in the assimilation can be divided into two types: Vegetation indices (such as normalized difference vegetation index, NDVI) and crop biophysical parameters (such as LAI, the fraction of absorbed photosynthetically active radiation (FAPAR), and surface soil moisture). The former combined the radiation transfer model and crop model to minimize the difference between model-simulated and satellite-observed vegetation indices through optimizing model initial parameters [19,20]. Liu et al. assimilated the NDVI into the PROSAIL-WOFOST coupled model to simulate rice growth [16]. However, some parameters (e.g., leaf angle distribution) in the radiation transfer model are constants, which is inconsistent with reality, leading to uncertainties. Biophysical parameters were increasingly applied in the assimilation, since they are significant at the crop growth stage and can be obtained from both the crop model and remote sensing data [6]. Most studies employed satellite-retrieved LAI as the state variable to optimize the crop model for various applications [21,22,23]. Nevertheless, the LAI retrieval typically relies on empirical models, which is resource intensive in terms of time and labor [24]. The empirical parameters in the model vary with crop types, time periods, and geophysical conditions [6]. Meanwhile, the selection of LAI data affects the assimilation results. Li et al. demonstrated that LAI in different phenological stages, temporal frequencies, and spatial scales influenced the accuracy of wheat yield estimation [21]. Additionally, although the large number of satellite images in the assimilation could improve the simulation accuracy, the computational burden inevitably increases, causing low assimilation efficiency, especially in a large area [25,26].



The development of crop phenology is an indispensable part of crop models (such as the WOFOST, CERES, and ORYZA models) since phenological information affects crop matter distribution during the growing stages [6,27]. Phenology is an intuitive representation of crop growth, reflecting crop periodic biological changes affected by the climate and other environmental conditions [28]. However, few studies have optimized crop growth simulation regarding the development of crop phenology. Taking the WOFOST model as an example, the model assumes crop growth starts from the emergence stage, but for rice, growth starts from the transplant stage in farmland [29,30]. Therefore, enhancing the process of phenology development in crop models is significant for crop growth simulation, especially for rice. Additionally, an increasing number of studies have indicated that the remote sensing technique provides more potential for accurate quantitative crop phenology monitoring [31,32]. Liu et al. extracted rice phenology from MODIS time series data to improve the accuracy of rice mapping [33]. Hence, it is feasible to assimilate satellite-derived phenological information into the crop model for crop growth simulation. Compared with directly assimilating satellite time series data, assimilating phenology extracted from time series data could lessen the computational burden since only a few images are input into the assimilation. Meanwhile, phenology is extracted from satellite time series data without empirical relationships, which is applicable across spatial and temporal domains [28,31].



In this study, we attempted to optimize the WOFOST model from the perspective of phenology development using satellite data. The MODIS EVI time-series product was adopted to extract the rice phenological stages (including transplanting, heading, and maturity). This phenological information was then assimilated into the WOFOST model through optimization of the initial phenology development stage (IDVS) and transplanting date (TD) to improve the model performance. Meanwhile, the Landsat 8 time series data was employed to verify the scalability of the proposed framework, with a spatial resolution of 30 m. We also assimilated the EVI time series data into the PROSAIL-WOFOST model for comparison.




2. Study Area and Data


2.1. Study Area


The study area is located in the Dongting Lake region in the northwest of Yueyang city, Hunan province, China, which is an important production base (Figure 1). The lake area is an alluvial plain with an elevation of 34 m [34]. The main land use type of the study area is cropland, specifically, paddy fields [35]. The rice cultivation is mainly single-season. This region belongs to the subtropical monsoon humid climate with sufficient sunshine for growing paddy rice from May to September. The average temperature ranges from 23 °C to 29.1 °C in summer. The annual precipitation ranges from 1100 to 1400 mm, and most of the precipitation occurs from April to June. Twenty points were selected in the study area for experimental sampling.




2.2. Field Data


The filed datasets include meteorological data and field-measured data. The meteorological data, including daily maximum and minimum temperatures, solar radiation, wind speed, actual vapor pressure, and precipitation, were downloaded from the China Meteorological Data Sharing Service System (http://data.cma.cn/) and used to drive the crop growth model. For Hunan province, there are 85 weather stations for calculation of meteorological data by an interpolation method.



Canopy LAI is collected during the entire rice growth season to validate the WOFOST model in the study region. Three fieldworks were conducted on 23 July, 8 August, and 23 August for collecting canopy LAI of rice. In the study area, 20 randomly distributed sampling plots were selected for field measurement. The locations were recorded with the global positioning system (GPS). Each sample site approximately covered an area of 250 m × 250 m, with five subplots enclosed in each site (Figure 1). Then, no-destructive LAI was measured five times in each 10 m × 10 m area around each subplot using the LAI-2000 LAI meter (LI-COR, Lincoln, NE, USA) in three fieldworks. The average of five times represents the subplot LAI value. Then LAI values from the five subplots were averaged to represent the unique LAI in each sample plot. Meanwhile, the samples of soil were collected in each sample plot and analyzed to obtain the profile of soil in the study area at the Chinese Academy of Agricultural Sciences [36].




2.3. Remote Sensing Data


GFSAD30AUNZCNMOCE data from USGS (https://web.croplands.org/) was downloaded for rice field extraction in this study. The data was processed for cropland classification with Landsat 8 time series images in 2015, with a spatial resolution of 30 m (Figure 1).



MODIS vegetation indices (VIs) products, including Terra MOD13Q1 data and Aqua MYD13Q1 data, were employed to extract the phenology information. For each product, the highest quality observations were selected over a 16-day period with respect to cloud state, aerosol quantity, observation coverage, and view angle. Since the start period of Terra and Aqua are DOY 001 and DOY 009, respectively, the combination of these two products could provide NDVI and EVI data with a temporal (spatial) resolution of 8-day (250 m). Both products have two quality assessment (QA) band (VI quality and pixel reliability) and for a detailed description of quality flags refer to [37]. In this study, pixels with good quality (rank 0) were directly selected based on the pixel reliability band. If the pixel was “marginal data” (rank 1), only pixels with no cloud, no shadow, and low aerosol were selected from the VI quality band. All appropriate satellite images were obtained in the rice growth period (May 15 to October 1 in 2017). In this study, the rice farmland was extracted based on cropland data and three extracted phenological dates derived from the MODIS time series [13]. The reasonable range of three rice phenology periods derived from the meteorological bureau (http://www.hnqx.gov.cn) and local farmers.



For an examination of the scalability of the proposed method, all available Landsat 8 surface reflectance images (30 m) from May 15th to October 1st in 2017 were downloaded from USGS archive (http://www.hnagri.gov.cn). Due to the cloudy effect and low temporal resolution (16 days), these images could not form valid EVI time series for phenology extraction in the entire study area. However, based on the cloud mask and visual interpretation, three small areas, located in the overlapped area among different paths and rows, could form EVI time series, which consequently were selected for an assessment of the scalability (marked by the black box in Figure 1b).





3. Methods


In this study, phenological information was extracted from MODIS time series data. Then, we assimilated the heading and maturity date into the WOFOST model through adjustment of IDVS and TD to optimize the rice growth simulation. Figure 2 shows the flowchart of the main methodology applied in this study. Meanwhile, the EVI time series data was assimilated into the PROSAIL-WOFOST model for comparison. The detailed information can be seen in the Supplementary Materials.



3.1. Phenology Development Simulation in the WOFOST Model


The WOFOST model is a dynamic and carbon-driven crop growth model, developed by the school of C.T. de Wit [5], which has a complex hierarchical structure. Diepen et al. [38] describes the details of the WOFOST model quite thoroughly in his study. Thus, only a brief introduction is presented in this paper regarding the phenology development simulation of the WOFOST model.



The process of phenology development in the WOFOST model is described by the dimensionless state variable development stage (DVS). For most annual crops, DVS is set to 0 at seedling emergence, 1 at flowering, and 2 at maturity. The determination of DVS depends on the accumulation of the daily development rate (DVR), which is a crop specific function of the surrounding temperature and is possibly affected by the photoperiod. Thermal time accumulation (sometimes called temperature sum or heat sum) is introduced to calculate DVR, which is proposed to reflect the effect of temperature on the development rate.



Thermal time accumulation is the integral over time of the daily effective temperature (   T e   ) after crop emergence.    T e    is the difference between the daily average temperature ( T ) and a base temperature (   T  b a s e    ) below which no development occurs, i.e.,    T e  = max  (   (  T −  T  b a s e    )  , 0  )   . Above a certain maximum effective temperature   (  T  m a x − e   )  ,    T e    remains constant. Between    T  m a x , e     and    T  b a s e    , the daily increase in thermal time is obtained by linear interpolation. Then, DVR is calculated by    T e    [°C] and the required thermal time passing to the next development stage,    T  r e q     [°C] (Equation (1)):


  DVR =    T e     T  r e q      



(1)







In Equation (1),    T  r e q     means the sum of the effective temperature between emergence to flowering or flowering to maturity, which needs a specific phenology transfer date for calculation. For transplanted rice, the transplant and heading stage represent the start and peak during rice growth in a paddy field, but the flowering stage is difficult identify since this stage is short. Therefore, we modified the definition of    T  r e q     to “the sum of effective temperature between transplant to heading or heading to maturity”. The DVS values were reset correspondingly, with 1 for heading and 2 for maturity stage.




3.2. Phenology Extraction from Remote Sensing Data


The extraction of vegetation phenological information with satellite data is mostly based on the time series VIs. Therefore, it is crucial to select VIs that are sensitive to vegetation seasonal characteristics. NDVI and EVI have been proven to be the ideal indicators for vegetation status monitoring, thus they are widely used in phenology extraction studies [39,40,41]. The two VIs can reflect the comprehensive crop growth condition affected by the environment. However, NDVI is easily saturated in high vegetation coverage and affected by soil background. However, EVI could overcome the influence of soil background with the “anti-atmospheric vegetation index” and “anti-soil vegetation index” [42]. In this study, rice was transplanted in the early growth period, during which the crop coverage is low and soil background will easily affect the NDVI calculation. Therefore, we selected EVI from MODIS products to construct the EVI time series curve.



Although quality control has been conducted on MODIS composite products, the composite algorithm has not yet completely eliminated the effects caused by cloud, illumination, and topography. These factors result in the EVI time series data containing noise and thus affecting the accuracy of phenology extraction. Hence, the filtering method is applied to remove the noise and reconstruct the EVI time series. The Savitzky–Golay (S-G) smoothing filter, also known as the least squares or digital smoothing polynomial, is widely used to smooth the noise signal in phenology studies [43,44]. Therefore, S-G filtering was conducted to smooth the irregular EVI time series in this study, based on its locally adaptive moving window, which could keep the subtle local change of time-series data.



After smoothing, the rice growth cycle can be reflected by EVI time series curves. As the heading date is the peak of the growth period, rice also has maximum EVI values and cover fractions in remote sensing images [27,45]. In general, the rice field is flooded before transplanting and low EVI values are observed during this period [40]. However, with the transplanting of rice, the EVI values will increase. Therefore, it is reasonable to define the transplanting date of rice as the minimal point along the EVI profile. The EVI curve begins to decrease after the heading stage due to the etiolation and senescence of the rice leaves. The maturation date of rice is then identified by the minimum point in the first derivative of the EVI curve [46,47].




3.3. Assimilation of Remote Sensing Phenological Information with the WOFOST Model


The phenological parameters of the WOFOST model are generally acquired by fieldwork. However, fieldwork is not only inefficient, but also difficult to conduct on a regional scale. Therefore, remote sensing time series data are selected to extract the phenology transformation date. For rice, IDVS (DVS value at the date of transplanting) is determined by the growth condition before transplanting, instead of setting it as zero for other crops. Therefore, the IDVS was adjusted in the assimilation according to the effect of IDVS on rice growth simulation (Table S2). Additionally, low canopy cover fraction leads to high bias in the TD extraction, therefore, TD from remote sensing time series was unsuitable for model initialization. Hence, remote sensing phenological information (heading and maturity) was assimilated into the WOFOST model through optimization of the IDVS and TD for rice growth simulation in regional scale. The WOFOST model was calibrated according to prior knowledge and the initial parameters in our study are shown in Table S1.



The particle swarm optimization algorithm (PSO) was employed as the assimilation method. The fundamental of this algorithm is adjustment of IDVS value and TD until the difference between the simulated and extracted phenology transfer date is minimized. The difference was calculated using a cost function as follows:


  C =    1 2   (     (    Htime   Si   −   Htime   Ei    )   2  +    (    Mtime   Sj   −   Mtime   Ej    )   2   )     



(2)




where     Htime   Si   /   Mtime   Sj     is the heading/maturity date simulated by WOFOST, and     Htime   Ei   /   Mtime   Ej     is the heading/maturity date extracted from MODIS (Landsat8) time series data. The WOFOST model and assimilation process are described in detail in our previous studies [22]. The assimilation flowchart is shown in Figure 2. In this study, the assimilation of phenology from MODIS time series data was implemented over the entire study area, and the phenology dates from Landsat 8 were performed in three experimental areas for the scalability assessment of the proposed method.





4. Results


4.1. Remote Sensing Phenology Extraction


Three crucial phenology stages, including transplant, heading, and maturity, were extracted from EVI time series data to optimize the phenology development process in the WOFOST model. The phenological dates are identified with EVI curves according to the rice growth rhythm. Figure 3a shows the EVI time series curve located in one sample point. As can be seen, the EVI curve reaches the lowest value at DOY 140, since the EVI values are affected by the background noise (water and soil) because of the irrigation at the transplanting date. The heading and maturity dates are determined by the date of the EVI curve peak (DOY219) and the date with the largest slope (DOY 252), respectively. Figure 3b illustrates that the three extracted phenological dates at the sample points agree with the local rice phenology calendar obtained from the local meteorological bureau and farmers (Table S3). The spatial distributions of the three rice phenology dates are shown in Figure 4. Due to the hilly topography, the spatial variation in the northeastern Dongting Lake is higher than that in the west. The undulating topography makes the farmland uncontinuous, which increases the difficulty in consentaneous field management. The difference can be observed at the three phenological dates. The outliers of these three phenology images were filtered based on the priori knowledge from the agriculture sector in the study area.




4.2. Rice Growth Simulation with Assimilated Phenological Information


LAI, as the significant biophysical parameter, could provide explicit characteristics of crop growth, thus it was selected to evaluate the performance of the WOFOST model optimized by the proposed method. The correlation coefficient (R) and root mean square error (RMSE) was calculated by the simulated and measured LAI under two conditions: Phenology-based assimilation and without assimilation. As can be seen in Figure 5, the R/ RMSE without assimilation is obviously lower/higher than that with phenology-based assimilation. This result indicates that the assimilation of phenological information effectively improves the performance of the WOFOST model by adjusting IDVS and TD. Meanwhile, the spatial distributions of the WOFOST-simulated LAI with assimilation at different dates are shown in Figure 6. The LAI in the heading period (Figure 6b) is larger than that in the other two periods. The distribution of LAI presents homogeneity and stability in the west of Dongting Lake while LAI in the northeast area shows variability, which is consistent with the distribution of satellite-based phenology (Figure 4). In addition, regarding the scalability assessment of the proposed method, we assimilated phenological information from Landsat 8 EVI time series (30 m) into the WOFOST model. The average LAI are calculated to show the simulation difference between MODIS and Landsat 8 (Figure 7). Although the difference of spatial resolution between MODIS and Landsat 8 is large, the averaged simulated LAI shows little difference in the three experimental areas (less than 0.35). The results indicate that the proposed method can be applied in the farmland with different field sizes, as long as remote sensing time series data with high spatial and temporal resolution are provided.




4.3. Comparison with EVI-Assimilated Rice Growth Simulation


To explore the performance between different assimilation strategy, the EVI time series data was assimilated into a coupled model, which consists of the WOFOST model and PROSAIL model to simulate rice growth, with 8, 10, 12, and 14 images. The structure of the coupled model and the assimilation framework are shown in the Supplementary Materials. The accuracy of LAI simulation and computation time with different assimilation strategies are shown in Table 1. As the number of the assimilated image increases, both the computation time and accuracy increase from 0.70–0.72 with eight images to 0.79–0.82 with 12 images. Although the computation time remains growth, the accuracy changes little from 12 images to 14 images, which indicates that assimilating excessive information from remote sensing data increases computational cost without accuracy improvement. Meanwhile, the performance of the proposed assimilation strategy is comparable with that of the strategy with 12 EVI images, while only one-third the computation time is required. Additionally, we assimilated both the 12 EVI time series images and satellite-based phenology into the PROSAIL-WOFOST model for comparison, with an R ranging from 0.80 to 0.82. Although this strategy performed well, the computation cost is the highest. These results indicate that assimilating remote sensing phenology into the WOFOST model is an efficient strategy for rice growth simulation.





5. Discussion


Although previous studies have successfully improved crop models through data assimilation, the strategies relied on biophysical parameters (such as LAI) to optimize the crop physiological development process. Typically, these parameters are obtained with empirical models or a look-up table method, which vary with crop types, time periods, and geophysical conditions. Meanwhile, the assimilation accuracy and efficiency are affected by the selection of satellite data. Therefore, we attempted to establish an assimilation strategy from the perspective of phenology development, which provides an efficient approach for rice growth simulation. In our study, phenological information of rice was extracted from MODIS time series data and assimilated into the WOFOST model to improve the rice growth simulation at the regional scale. The assimilation framework adjusted IDVS and TD by minimizing the difference between simulated and satellite-extracted phenology dates. The results demonstrate that assimilating phenology improves the performance of the WOFOST model, with an R of 0.79–0.82. The result confirms that the proposed strategy could be applied with a different scale. Compared with the assimilation of EVI time series, the accuracy of the proposed strategy is comparable, with less computation time.



The default phenology development in the WOFOST model is not suitable for different crops. For instance, rice grows in farmland after transplantation while this crop model simulates crop growth from emergence. Therefore, the initialization of the phenology development should be adjusted for different crops, especially for rice. Although we optimized the process of the phenology development for rice and adjusted the IDVS in the WOFOST based on remote sensing phenology, the performance of this framework is affected by several factors. Firstly, the rice phenology extraction is influenced by the quality and the resolution (including spatial and temporal resolution) of satellite time series images. In the assessment of the scalability, the effects of thin cloud and shadow were the main error sources, decreasing the accuracy of rice phenological date extraction. Meanwhile, the WOFOST model assumes only three phenology stages during the crop growth season while there are several other phenology stages that affect the crop growth rate. Therefore, the method can be further improved by considering more phenology stages. According to the rice cultivate pattern and growth rhythm, the MODIS EVI products (250 m) were applied in this study to extract rice phenology since the rice fields in the study area are larger than 0.1 km2. The spatial resolution of satellite time series data needs to be considered based on the field size when the proposed method is conducted in other regions. For a small rice field, the satellite images with higher spatial and temporal resolution are inevitable for phenology extraction. The fusion and reconstruction of remote sensing imagery have great potential for this challenge.



In addition to uncertainties from phenology extraction, the quantity and quality of measured data impact the simulation performance. Because of the large extent of the study area, the in situ measurement is difficult to acquire, especially for phenology dates. The sample points are sparsely distributed in the study area, which might affect the validation results. Meanwhile, the crop yield, as an important indicator of crop growth, was adopted to validate the simulation accuracy in previous studies [2,13]. Therefore, the crop yield is expected to be obtained as an additional validation indicator in our future work. Additionally, although the WOFOST model was calibrated with multi-source information (Table S1), the spatial distributions of input parameters need to be integrated into the crop model considering the spatial heterogeneity. Quantitative retrieval from satellite data and spatial interpolation will be helpful for the regionalization of the input parameters. Therefore, the localization and regionalization of the model parameters make it possible for accurate crop growth simulation on a regional scale.




6. Conclusions


In this study, we proposed an assimilation strategy from the perspective of phenology development, which effectively improves the rice simulation accuracy of the WOFOST model. The satellite-extracted phenological information was assimilated into the WOFOST model through optimization of IDVS and TD for rice growth simulation. The results show that the performance of the WOFOST model with phenology assimilation is remarkably improved (with R higher than 0.79 and RMSE lower than 0.52 for LAI simulation). The accuracy is comparable with EVI-assimilated strategy (with 12 images) while only one-third the computation time is required. Additionally, the proposed strategy was successfully conducted with different spatial resolution images and a similar simulation result was revealed (difference of simulated LAImean less than 0.35 in three experimental areas). This study suggests that assimilating remote sensing phenology into the WOFOST model is an efficient and scalable strategy to improve the performance of the crop model, which provides a novel insight for data assimilation in the field of crop growth simulation.
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Figure 1. Overview of the study area. (a) Location of the study area and the land cover types in 2015 provided by the GFSAD30AUNZCNMOCE product. (b) The distribution of rice farmland and three experimental areas in the study area. (c) The size of a typical rice field from Google Earth (larger than 0.1 km2). (d) Illustration of the sampling approach. 






Figure 1. Overview of the study area. (a) Location of the study area and the land cover types in 2015 provided by the GFSAD30AUNZCNMOCE product. (b) The distribution of rice farmland and three experimental areas in the study area. (c) The size of a typical rice field from Google Earth (larger than 0.1 km2). (d) Illustration of the sampling approach.



[image: Remotesensing 11 00268 g001]







[image: Remotesensing 11 00268 g002 550] 





Figure 2. Flowchart of rice growth simulation optimization with satellite-based phenology and the WOFOST model. 
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Figure 3. (a) Phenology extraction from EVI timeseries data at one sample point; (b) extracted phenological dates at sample points together with rice phenology calendar (Note: 1 transplanting date, 2 Stem elongation, 3 Panicle initiation, 4 Milking). 
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Figure 4. Spatial distribution of three phenology time in the study area at the (a) transplant date; (b) heading date; (c) maturity date. 
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Figure 5. The performance of rice growth simulation under two conditions. (a1–a3): no data assimilation; (b1–b3): phenology-based assimilation. 
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Figure 6. Spatial-temporal distribution of WOFOST-simulated LAI. 
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Figure 7. The difference of simulated mean LAI between MODIS data and Landsat 8 data at different time in three experimental areas. 
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Table 1. Accuracy and computation time of rice growth simulation among different assimilation strategies.
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Different Strategies

	
Accuracy (R) a

	
Computation Time (h)




	
DOY203

	
DOY219

	
DOY236






	
Assimilation with Phenology

	
0.793

	
0.822

	
0.813

	
3.8




	
Assimilation with EVI (8 images)

	
0.703

	
0.714

	
0.722

	
8.4




	
Assimilation with EVI (10 images)

	
0.741

	
0.760

	
0.758

	
9.2




	
Assimilation with EVI (12 images)

	
0.795

	
0.824

	
0.810

	
10.7




	
Assimilation with EVI (14 images)

	
0.799

	
0.818

	
0.814

	
12.8




	
Assimilation with phenology and EVI (12 images)

	
0.80

	
0.825

	
0.816

	
13.7








Note: a The R means the correlation coefficient calculated from simulated and measured LAI.
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