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Abstract: To improve the accuracy of winter wheat yield estimation, the Crop Environment 
Resource Synthesis for Wheat (CERES-Wheat) model with an assimilation strategy was performed 
by assimilating measured or remotely-sensed leaf area index (LAI) values. The performances of the 
crop model for two different assimilation methods were compared by employing particle filters (PF) 
and the proper orthogonal decomposition-based ensemble four-dimensional variational 
(POD4DVar) strategies. The uncertainties of wheat yield estimates due to different assimilation 
temporal scales (phenological stages and temporal frequencies) and spatial scale were also 
analyzed. The results showed that, compared with the crop model without assimilation and with 
PF-based assimilation, a better yield estimate performance resulted when the POD4DVar-based 
strategy was used at the field scale. When using this strategy, root mean square errors (RMSE) of 
523 kg·ha−1, 543 kg·ha−1 and 172 kg·ha−1 and relative errors (RE) of 5.65%, 5.91% and 7.77% were 
obtained at the field plot scale, a pixel scale of 1 km and the county scale, respectively. Although the 
best yield estimates were obtained when all of the observed LAIs were assimilated into the crop 
model, an acceptable estimate of crop yield could also be achieved by assimilating fewer 
observations between jointing and anthesis periods of the crop growth season. With decreasing 
assimilation frequency and pixel resolution, the accuracy of the crop yield estimates decreased; 
however, the computation time decreased. Thus, it is important to consider reasonable  
spatio-temporal scales to obtain tradeoffs between accuracy and effectiveness in regional  
wheat estimates. 

Keywords: assimilation; crop model; leaf area index; particle filter; four-dimensional variational; 
uncertainties; spatio-temporal 
 

1. Introduction  

Timely and accurate regional crop growth monitoring and yield forecasting play a significant 
role in guiding agricultural production, ensuring national food security and maintaining sustainable 
agriculture development [1–4]. In the past few decades, conventional agro-meteorological models 
and empirical statistical regression models based on field-measured yields and related  
remotely-sensed spectral vegetation indices [5] were used to monitor crop growth and yields, with 
the disadvantages of high-cost, laboriousness, inefficiency and only being applicable for local  
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regions [6–8]. Process-oriented crop growth models can offer powerful tools to simulate the crop 
growth and obtain the crop yield under various environmental and management conditions with the 
advantages of cost, timeliness, accuracy and suitability at the field scale [6,9–14], while they were also 
dynamically accounting for several limiting factors (e.g., soil, weather, water, nitrogen and field 
management data) at the regional scale [3,15]. With the development of remote sensing technology, 
extensive remotely-sensed data provide a synopsis of timely and up-to-date crop growing conditions 
over large areas throughout the crop’s growing season and can be employed to provide many 
potential data for crop model simulations [16]. Therefore, data assimilation approaches that integrate 
crop growth models with remote sensing data have been proposed recently and recognized as 
important approaches for monitoring crop growth conditions and improving the accuracy of yield 
estimations at the regional scale [6,7,9,17–25].  

Commonly, there are two main kinds of strategies for data assimilation to reduce the 
discrepancy between observations and simulations by adjusting the initial model conditions, 
parameters (e.g., canopy and growth parameters) [7,17,21] or model state variables [3,10,26]:  
(1) recalibration/re-initialization methods and (2) state-updating methods [27]. The recalibration 
methods can be carried out using optimization algorithms (e.g., Price [19,28], Powell [29,30], 
simulated annealing (SA) [31], the shuffled complex evolution method developed at the University 
of Arizona (SCE-UA) [32], etc. [33,34]) to re-initialize or re-parameterize a crop growth model to 
minimize the merit function between modeled parameters and remotely-sensed parameters. 
However, the disadvantages of these methods are that they could not consider uncertainties in 
observations, and the model itself, usually failing to capture and maintain the crop system dynamics, 
and the iterative process may require excessive computing time [4,7,34,35]. Thus, the state-updating 
methods carried out using assimilation algorithms (e.g., an ensemble Kalman filter (EnKF) 
[3,10,36,37], particle filters (PF) [22,38,39], traditional variational methods [40,41] or ensemble-based 
four-dimensional variation [9,42,43], etc.) were introduced into crop growth simulations to alleviate 
the shortcomings of the recalibration/re-initialization methods and can combine many types of 
observations at random times, and the state variables can also be continually updated and simulated 
accurately [4]. Especially EnKF, as one of the typical state-updating methods, has received much 
attention because of its simple conceptual formulation and relative ease of implementation 
[3,10,21,36,41]. However, the disadvantages of this method are that it may result in an obvious 
deficiency when solving complicated estimation issues in a nonlinear and non-Gaussian dynamic 
system, and it also has low computational efficiency since it is designed to incorporate sequential 
information only [9].  

To solve these problems associated with the EnKF, PF have received increasing attention thanks 
to their improved performance. Similar to EnKF, PF is also a Monte Carlo technique that uses particles 
to estimate the underlying probability density function (PDF) of model states/parameters [9]. 
However, in contrast with EnKF, PF does not rely on the Gaussian assumption of distributions, can 
perfectly accommodate the propagation of non-Gaussian distributions through nonlinear models 
[39,44–48] and is thus adapted to the potentially highly nonlinear crop models [49,50]. Accordingly, 
the PF algorithm appears to be a better choice for complicated crop growth models. On the other 
hand, the advantages of the traditional four-dimensional variational (4DVar) methods are that they 
can provide the temporal smoothness constraint and have the ability to simultaneously assimilate the 
observational data at multiple times in an assimilation window so that the computational cost is 
lower than EnKF. However, traditional 4DVar methods also have some challenges in maintaining 
and updating the adjoint models of the forecast models, and they require linearization of the forecast 
models [9,41]. To maximally use the advantages of the EnKF and variational data assimilations, while 
simultaneously offsetting their respective weaknesses, an ensemble 4DVar method is proposed on 
the basis of the proper orthogonal decomposition (POD) [50]. Although a Gaussian distribution 
assumption of the posterior density of the simulated variable is also given, this method outperforms 
both the 4DVar and EnKF methods under various nonlinear and non-Gaussian model scenarios with 
lower computational costs than EnKF and does not need the adjoint or tangent linear model, and 
thus, the higher accuracy and computational efficiency of the crop yield estimations would be 
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obtained in crop model data assimilation [9,51]. Accordingly, the assimilation of remotely-sensed 
information into crop growth models with the POD-based ensemble 4DVar (POD4DVar) has also 
been presented as a better approach to improve the estimation of regional crop yields. Thus, both the 
PF- and POD4DVar-based strategies were chosen to assimilate the crop model for estimating the 
regional crop yields. 

When a crop model is used to estimate crop yields early in the growing season, climate and 
model uncertainties are the two main sources of uncertainties [52,53]. Climate-related uncertainties 
are greatest early in the growing season, but can be reduced when meteorological data become 
available [54]. Model-related uncertainties are subject to the model structure, the model assumed and 
data errors; hence, they are imperfect in simulating the true growth process. Without altering the 
crop models’ structure, data assimilation can be used to improve the model performance by 
periodically updating state variables within the growing season with remote sensing observations. 
Remote sensing of vegetation (e.g., leaf area index (LAI)), as the major indicator for crop models, is 
potentially useful for data assimilation because of its obvious influence on crop growth and, hence, 
on crop yields [18,53]. To obtain better estimates of regional crop information, a series of  
remotely-sensed LAIs during the crop growing season must be accurately estimated [6,22,54]. 
However, current remote sensing LAI products [55–57] have some issues in the practical applications 
for crop model data assimilation: (1) the observations during the crop growing season are usually 
limited by cloud coverage, rain and long revisit periods; (2) the high frequencies of observations 
would need a high computational cost, while the low frequencies at critical crop growth stages may 
also provide relatively accurate results; (3) the commonly-used LAI data were from single sensors, 
while data combined from multiple sensors’ LAI results were rarely used for assimilation; and (4) the 
spatial resolutions of the remotely-sensed LAIs are commonly fairly coarse with mixed pixels [6], 
which may result in various uncertainties in the spatial distributions of the crop parameters, soil 
properties, management parameters and, finally, result in poor performance of the assimilation 
model. Hence, based on the assimilation framework, it is important to obtain the highly accurate, 
estimated LAI products first, and it is also important to analyze the performance of crop model data 
assimilation using different assimilation phenological stages, frequencies and spatial scales. 

To improve the crop yield estimation and clearly illustrate the influences of the factors described 
above in the crop model data assimilation, the Crop Environment Resource Synthesis-Wheat  
(CERES-Wheat) model [58] with PF and POD4DVar-based strategies was used to assimilate LAI from 
field or multiple sensors’ optical data for wheat yield estimation. The main tasks of this study were 
to: (1) retrieve LAIs using the PROSAIL model with multiple sensors’ data and validate the accuracy 
of the estimates; (2) assimilate observations of LAI into the CERES-Wheat model with PF and 
POD4DVar-based strategies to estimate the wheat yields and compare the performances of these two 
strategies at the field scale; (3) assimilate observations of LAI into the CERES-Wheat model with the 
better strategy and analyze the uncertainties of the yield estimates with different temporal scales (i.e., 
phenological stages and frequencies); and (4) discuss the effects of the spatial scales of LAI at the 
regional scale. Thus, it is highly beneficial to improve the estimations of the regional winter wheat 
yields by using an operational system of crop model data assimilation. 

2. Materials and Methods 

2.1. Study Area 

The study was conducted in a planting area dominated by winter wheat in Hengshui City 
(37°03′–38°23′N, 115°10′–116°34′E), located in the southeast of Hebei province, China. This area covers 
approximately 8815 km2 and consists of 11 counties. The topography of the region is characterized 
by alluvial plains, and the region of this study area is relatively flat, with an altitude that increases 
gradually from 12–30 m from southwest to northeast. The climate is a temperate sub-humid 
continental monsoon climate with average precipitation ranging from 500–900 mm, the annual 
average temperature ranging from 12–13° C, the annual cumulative temperature above 0 °C ranging 
from 4200–5500 °C and the annual cumulative radiation ranging from 5.0 × 103–5.2 × 103 MJ·m−2.  
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The soil types mainly consist of the fluvo-aquic soil, sandy fluvo-aquic soil and wet fluvo-aquic soil. 
The main crops include winter wheat, maize and cotton. High winter wheat yields are traditionally 
reported from this region, where the soil, climate conditions and adequate irrigation from 
groundwater make the region suitable for winter wheat growth [6]. For winter wheat, the 
developmental period occurs from early October to early or mid-June of the next year. The  
green-up period begins in early March; the jointing stage and elongation stages last from the end of 
March until mid-April; the booting and heading stages last from the end of April until early May; the 
anthesis and grain-filling stages begin in early to mid-May; and the harvest usually occurs in early or 
mid-June. Figure 1 shows the study area and the distribution of the meteorological stations and field 
sample plots. 

 
Figure 1. Location of the study area, experimental and meteorological stations, sample plots and the 
spatial distribution of winter wheat in 2014. 

2.2. Data Preparation 

2.2.1. Field Observation Data 

A mechanistic model of CERES-Wheat to simulate crop growth was chose in this study. To 
calibrate and validate the model for use in our study region, field experiments were performed at the 
dryland farming and water saving agricultural experimental station, Hebei Academy of Agriculture 
and Forestry Science, which is located north of Hujiachi Town, in Shenzhou City (Figure 1). Seven 
field plots were used to derive the crop growth model. The field observations contained the important 
crop management information (i.e., the dates of planting and harvest, the planting depth and spacing, 
the planting density, irrigation dates and volumes, fertilization dates and volumes, phenological 
calendar) and observational yields. 

To acquire the growth conditions and validate the inverted LAI for winter wheat at a regional 
scale during different growth stages, 55 sample plots of the homogenous wheat areas (Figure 1) and 
seven key phenological stages were selected from March–May 2014: green-up stage (early March), 
jointing stage (late March), elongation stage (early April), booting stage (late April), heading stage 
(early May), anthesis stage (mid-May) and maturity (early June). The selected sample plots were 
located at least 100 m away from roads, residential areas or trees to avoid their influence on the 
measurements. The area of each sample plot was more than 90 m × 90 m, with three 5 m × 5 m areas 
measured in each plot, and a Trimble GeoXT3000 GPS from Trimble Navigation, Ltd., Sunnyvale, 
California, United States of America (USA), was used to locate their position in the field. The wheat 
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LAI were non-destructively measured using an LAI-2000 plant canopy analyzer from LI-COR Inc. 
(Lincoln, NE, USA) [59]. To prevent direct sunlight on the sensor and minimize the illumination 
conditions and boundary effects, all measurements were made with the Sun behind the operator, and 
the operator used a view restrictor of 45°. Finally, LAI values from the three areas were averaged to 
represent the unique LAI value in each sample plot. 

The winter wheat yields in the 55 sample plots were manually measured after harvesting in early 
June of 2014. 

2.2.2. Remote Sensing Data 

The optical remotely-sensed data in this study included the images of Chinese Gaofen-1 high-
resolution satellite Wide Field Camera (GF-1 WFV), the China environment and disaster monitoring 
and forecasting small satellite constellation 1A/B satellites charge coupled device (HJ-1A/B CCD) and 
the Landsat 8 Operational Land Imager (Landsat-8 OLI). The primary sensor characteristics are 
shown in the Table 1. Compared with the commonly-used optical remote sensing data, such as the 
Moderate Resolution Imaging Spectroradiometer (MODIS), these images have good spatial 
resolutions of less than 30 m, which makes it more suitable to map winter wheat LAI with relatively 
fragmented areas in Hengshui city. The combination of these multiple sensor images makes it 
possible to obtain more optical images to cover the study area during the growth periods of winter 
wheat. In this study, 16 images covering the study area with a high overall quality between March 
and June in 2014 were acquired, which are listed in Table 2. 

Table 1. The GF-1 WFV (Wide Field Camera), HJ-1 CCD (Charge Coupling Device)and Landsat-8 OLI 
(Operational Land Imager) specifications.  

Sensor Band 
Wavelength 
Range (μm) 

Radiometric 
Resolution (bit) 

Spatial 
Resolution (m) 

Swath (km) 
Revisit Period 

(days) 

GF-1 WFV 

Blue (1) 0.450–0.520 

10 16 
200 (1CCD)  
800 (4CCD) 

4 
Green (2) 0.520–0.590 
Red (3) 0.630–0.690 
Nir (4) 0.770–0.890 

HJ-1 CCD 

Blue (1) 0.430–0.520 

8 30 
360 (1CCD)  
720 (2CCD) 

4 
Green (2) 0.520–0.600 
Red (3) 0.630–0.690 
Nir (4) 0.760–0.900 

Landsat-8 
OLI 

Blue (2) 0.450–0.515 

16 30 170 × 185 16 
Green (3) 0.525–0.600 
Red (4) 0.630–0.680 
Nir (5) 0.845–0.885 

Table 2. Image acquisition information (θ: zenithal angle; ϕ: azimuthal angle). 

 Data Sensor Time UTC θsun ϕsun θSensor ϕSensor 
1 4 March 2014 HJ-1B CCD2 01 h 58 min 55.97 315.70 12.75 97.00 
2 23 March 2014 HJ-1B CCD2 01 h 45 min 49.80 310.44 32.00 97.00 
3 3 April 2014 GF-1 WFV4 03 h 42 min 55.67 162.79 63.44 285.08 
4 4 April 2014 HJ-1B CCD2 01 h 55 min 45.97 306.82 15.00 98.00 
5 8 April 2014 HJ-1B CCD2 01 h 58 min 44.76 305.55 12.70 98.00 
6 13 April 2014 Landsat-8 OLI 02 h 54 min 34.85 141.18 0 90 
7 14 April 2014 GF-1 WFV1 03 h 12 min 58.12 149.88 63.41 101.48 
8 29 April 2014 Landsat-8 OLI 02 h 54 min 38.09 136.81 0 90 
9 5 May 2014 HJ-1B CCD2 01 h 54 min 37.93 296.64 22.0 98.00 
10 7 May 2014 HJ-1A CCD2 01 h 55 min 37.05 296.71 24.00 97.00 
11 12 May 2014 HJ-1A CCD1 02 h 23 min 33.21 298.83 13.00 283.00 
12 15 May 2014 Landsat-8 OLI 02 h 54 min 25.33 131.37 0 90 
13 17 May 2014 GF-1 WFV2 03 h 18 min 68.51 144.80 74.43 101.31 
14 21 May 2014 GF-1 WFV1 03 h 16 min 68.27 141.16 63.39 101.47 
15 29 May 2014 HJ-1B CCD1 02 h10 min 31.14 293.58 12.40 282.00 
16 5 June 2014 HJ-1B CCD2 01 h 50 min 33.43 286.39 13.30 98.00 
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A series of pre-processing steps was performed using ENVI 5.3 software (Exelis Visual 
Information Solutions Inc., 4990 Pearl East Cir, Boulder, CO, USA), including radiometric calibration, 
atmospheric correction and geometric correction, to convert the radiance to reflectance with the 
correct geographic information. 

2.2.3. Soil, Weather and Crop Information 

The soil map for the study area was derived from Chinese Soil Science Database for primary 
Hengshui data at a scale of 1:1,000,000. The map data were compiled based on the soil survey and 
reference system of the Chinese genetic soil classification system [60,61]. Physical and chemical data 
from the soil profiles were also obtained from the Chinese Soil Science Database and Soil species of 
Hebei province [62]. 

Meteorological data were important external input data to run the CERES-Wheat model and 
derived from the National Meteorological Information Center, China Meteorological Administration 
(http://nmic.cn/web/index.htm). The meteorological data observed from 11 meteorological stations at 
the county level in 2013–2014 included daily maximum and minimum air temperatures, sunshine 
duration and precipitation. The daily hours of sunshine required conversion into the solar radiation 
based on the following equations [63]: = Q ( + 0⁄ ) (1)= 24 arccos(−tan( )tan( )) (2)= 0.10 + 0.24 ⁄  (3)= 0.38 + 0.08 ⁄  (4)
where a and b are empirical coefficients dependent on the climate and the locality. S/S0 represents the 
ratio of actual to potential duration of sunshine.  is the geographic latitude of the meteorological 
stations, while δ represents the declination. Q is the actual daily radiation, and the Q0 is the incident 
radiation of the aeropause calculated using the FAO-56 guide [64]. Meteorological information was 
from reliable meteorological stations, monitored daily, and the study area was relative small. 
Consequently, the effects of meteorological elements were not considered in this experiment. To 
regionalize the crop model, the daily meteorological inputs for the study area were spatialized as a 
raster map with 1-km grid cells using ANUSPLIN software [65]. 

The spatial distribution map of winter wheat in 2014 was derived from the Key Laboratory of 
Agri-informatics, Ministry of Agriculture, Beijing, China. The classification results were received 
based on the GF-1 images and field investigations, and the overall accuracy was higher than 90%. 

The regional statistical yields in 2014 for 11 counties were obtained from the agricultural 
extension stations of Hengshui. 

3. Method 

3.1. Crop Growth Model 

3.1.1. Description of the Crop Growth Model 

The CERES-Wheat model was developed and integrated into the Decision Support System for 
Agro-technology Transfer (DSSAT) software in the International Benchmark Sites for  
Agro-technology Transfer project (IBSNAT) sponsored by the United States Department of 
Agriculture (USDA) [58]. The model is a mechanistic process-based model and uses a generic process 
description that is suitable for large-scale and regional simulations by the strategy of data 
assimilation. The model has been widely applied to assess potential crop productivity, determine the 
influences of climate change on grain yields, farmland water and fertilizer management [66,67]. Thus, 
this model was selected to estimate the yield of winter wheat in this study. 
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Driven by input data on soil, meteorological data, genetic information and field management, 
the CERES-Wheat model can simulate daily phenological development, vegetative and reproductive 
plant developmental stages, biomass accumulation and ultimate yield [22,33]. In this model, the yield 
is simulated as a function of the grain weight. Grain growth is developmentally dependent on the 
wheat daily growth, which is a function of the mean daily temperature and daily cumulative solar 
radiation, a temperature control factor, vegetation biomass and the model parameters [68]. Given the 
way in which the model develops the vegetation and grain components of the wheat plant, the LAI 
will determine yield based on the vegetation biomass [33]. 

3.1.2. Calibration of Crop Growth Model 

The CERES-Wheat model requires data on a range of parameters (containing at least four 
meteorological parameters, 18 soil parameters, nine management parameters and 33 crop 
parameters) for each cell in the grid to simulate the spatial distribution of crop yield [58]. Before using 
a crop model for a given region, the calibration should be firstly carried out, and the performance of 
the calibration should be evaluated to ensure that the model can accurately simulate the crop growth 
process by accounting for the variability of various local environmental parameters and the 
characteristics of the wheat [6]. 

Sensitivity analysis is an effective way to solve the above issues and to evaluate the uncertainty 
of the crop model quantitatively. This method investigates how the uncertainties of the model’s 
estimates are related to its input parameters, so as to rank the parameters' influence on the uncertainty 
of the model's output and finding the key parameters. In this study, a global sensitivity analysis was 
performed using the extended Fourier amplitude sensitivity test method (EFAST) [69] to analyze the 
most sensitive parameters in the CERES-Wheat model, with the goal of identifying the most 
important parameters to be calibrated. Using Simlab software from Joint Research Centre, Ispra, Italy, 
eight crop initial condition parameters and seven cultivar parameters with sensitivity of the  
CERES-Wheat model to wheat yield were obtained (Table 3) and then calibrated.  

Table 3. Parameter values used for calibration of the Crop Environment Resource Synthesis for Wheat 
(CERES-Wheat) model. 

Parameters Descriptions Calibrated Values Ranges Units
Crop Initial Condition Parameters

PDATE Sowing date 282 275–290 day of year 
PPOP Sowing population 450 200–500 plant/m2 

IDATE & FDATE 1 Irrigation and fertilization date 1 90 80–110 day of year 
IDATE 2 Irrigation date 2 130 111–140 day of year 
IRVAL Irrigation amount 80 60–150 mm 
FAMN Nitrogen fertilizer at sowing 120 0–300 kg·ha−1 
FAMN1 Nitrogen fertilizer at date 1 170 60–280 kg·ha−1 

Cultivar parameters 

P1V 
Vernalization duration, which is the number 
of days of optimum temperature necessary 
for vernalization 

50 0–60 days 

P1D 
Photoperiod response, which is the percent 
reduction in photosynthesis for every 10 h 
reduction in the photoperiod 

55 0–200 % 

P5 
Grain-filling phase duration in growing 
degree days 

559 100–1000 °C … days 

G1 Number of kernels per unit plant weight 35 10–50 number/g 
G2 Standard kernel size 40 10–80 mg 
G3 Standard tiller weight 1 1–8 g 

PHINT 
Photoperiod interval between leaf tip 
appearances 

95 30–150 °C … days 

To calibrate the crop model in an accurate simulation, forcing data (i.e., meteorological data, soil) 
and observations (i.e., flowering date, maturity date and yield ) during the winter wheat growing 
season at agricultural experimental stations were used, and an iterative process of adjusting the 
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cultivar parameters (Table 3) was conducted until the best agreement between the modeled variables 
and observed parameters, such as the date of flowering, date of maturity, leaf area index, biomass 
and yield, was achieved and until the best-performing parameter values were generated. Field 
validation showed that the relative errors of the CERES-Wheat model-simulated anthesis, maturity 
and yield were 0.97 days, 1.81 days and 131 kg·ha−1, respectively. The calibration results indicated 
that simulation with the CERES-Wheat model agreed well with the measured phenological and yield 
data at the field scale. 

3.2. LAI Inversion by the PROSAIL Radiative Transfer Model 

Numerous models have been developed to invert the LAI, but all models are associated with a 
rather limited number of input variables [26]. The canopy radiative transfer simulation model, 
PROSAIL (a combination of the PROSPECT leaf optical properties model and SAIL (scattering by 
arbitrarily inclined leaves) canopy reflectance model), is one of the most commonly-used models, and 
it has been widely validated in the scientific community in terms of its stability and robustness in the 
study of plant canopy spectral reflectance and vegetation bio-physical variables [70,71].Therefore, 
PROSAIL was selected to retrieve LAI in this study. 

The main input variables of the PROSAIL model are summarized in Table 4, and the estimation 
of LAI is based on a look-up table (LUT) approach in this study [72]. To build the LUT, input 
parameter combinations were randomly generated and used in the forward calculation of the 
PROSAIL model to simulate the broadband reflectance in the visible and near-infrared wavelengths 
associated with the multispectral sensors. To achieve an appropriate representation, a total number 
of 200,000 reflectance data for LUT has been generated in this study. To overcome an ill-posed 
inversion problem resulting from measurement errors and a similar response of radiometric signals 
to different variable combinations in the LUT, the solution should be the average of the parameter 
combinations that yield the smallest values of the cost function between the remotely-sensed 
reflectance and the simulated reflectance [73,74]. In this study, the 10% threshold of the sorted 
smallest value in the LUT size of 200,000 was used to select the entries from the LUT. The 10% 
threshold is feasible for balancing computer resources and the accuracy of the variable estimates and 
is consistent with the optimal number adopted by previous studies [74–77]. 

To eliminate inversion distortions from clouds, moisture, aerosols, sensor errors and mixed 
pixels, a Savitzky–Golay (S-G) filter [78,79] was used to smooth the noise of LAI time series imagery, 
and the adequate LAI trajectory from the phenological stage of green-up to maturity was received. 

Table 4. Ranges and distributions of the PROSAIL input parameters used to generate the LUT. 

Variables Abbr. Unit Min Mean Max Std.Dev Distribution
Leaf structural parameter Ni - 1.2 1.5 1.8 0.3 Gauss 
Chlorophyll a + b content Cab μg·cm−2 30 50 70 7.5 Gauss 

Equivalent water thickness Cw cm 0.60 0.75 0.85 - Uniform 
Dry matter content Cm g·cm−2 0.003 0.007 0.011 0.002 Gauss 

Brown pigments content Cbp μg·cm−2 0 0 0.2 0.3 Gauss 
Leaf area index LAI - 0 5 8 - Uniform 

Average leaf inclination angle ALIA ° 30 60 80 5 Gauss 
Hot spot parameter hspot - 0.1 0.3 0.5 0.2 Gauss 

Soil brightness parameter psoil - 0.5 1.2 3.5 2.0 Gauss 
Fraction of diffuse incoming solar radiation skyl % - 10 - - Fixed 

Solar zenith angle tts ° 25 46 70 - Fixed 
View zenith angle tto ° 0 32 80 - Fixed 

Relative azimuth angle psi ° −120 90 120 - Fixed 

3.3. Particle Filter Assimilation  

A particle filter (PF) is a fully non-linear filter with Bayesian conditional probability estimation 
based on Monte Carlo simulations [22,80]. The basic idea is that the PF generates a set of  
probability-weighted posterior random samples (called ‘particles’) through the direct evaluation of 
the minimum variance of finite particles to approximate the posterior probability density function 



Remote Sens. 2017, 9, 190  9 of 23 

 

(PDF). When increasing the number of particles, the PDF of the particles gradually approaches the 
PDF of the state variables, so that the state reaches optimal Bayesian estimations.  

The PF is a method of sequential assimilation, in which every observation at one time is used to 
solve only one “analysis” in a recursive approximation process. In this study, the algorithm of 
residual resampling PF was used to assimilate the observed LAI into the CERES-Wheat model to 
estimate the winter wheat yield. The whole calculation process mainly includes the stages of forecast, 
update, resampling and state estimation. The detailed process was reported previously [22,78], and 
the flowchart is shown in Figure 2. 

For the dynamic state-space model of CERES-Wheat, the LAI is not a state variable because its 
value is calculated independently at each time step as a function of the plant leaf area. The plant leaf 
area is grown dependent on a temperature control factor and has a potential value that is set by the 
number of plant leaves [68]. Thus, the plant leaf area is considered as a state variable, while the 
observational LAI was used as an observation vector in the data assimilation process in this study. 

With respect to the traditional PF method, particle degradation phenomenon is widespread, 
which could lead to an extensive computational burden for updating the PDF of particles with no 
contribution. Residual resampling is a critical operation to solve the degeneracy problem with 
particle filters. However, residual resampling can also bring the problems of sample impoverishment 
or lack of particle diversity when the particles with lager weight are copied many times, and the 
particles with smaller weight are ruled out after many iterations [45,48]. To solve these above 
problems, we applied an approach of Gaussian repetitious perturbation to the resampled model 
states’ particles. Based on this perturbation method, the imposing time variant model errors are more 
representative of model uncertainty, and the analysis deviation will be reduced. 

 
Figure 2. The flowchart of CERES-Wheat model data assimilation with PF. 

3.4. Ensemble-Based Four-Dimensional Variational Data Assimilation 

The POD4DVar transforms an implicit optimization problem into an explicit functional 
minimization problem by merging the POD technique and the Monte Carlo method into the 
traditional 4DVar [81]. The basic idea is that a four-dimensional ensemble is firstly obtained from the 
forecast ensembles using the Monte Carlo method. Then, the POD is used to approximate the  
four-dimensional ensemble using a set of the orthogonal base vectors, which could capture the spatial 
structure of the state and temporal evolution. After the model states are represented by a truncated 
expansion of the base vectors, the control variables in the cost function appear explicit so that the 
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optimal simulation results could be obtained, and the tangent linear or adjoint model is no  
longer required [9,81]. 

Compared to the PF strategy, the POD4DVar is a non-recursive process in which all observations 
at multiple times are used to solve all “analyses” in an assimilation process. In this study, the 
POD4DVar was also used to assimilate the observed LAI into the CERES-Wheat model to estimate 
the winter wheat yield. The whole calculation process mainly includes the stages of constructing a 
new ensemble matrix on deviations from the mean, computing the POD modes matrix and 
reconstruction of the analysis variable, reconstructing the cost function, solving the control variable 
and state estimation. The detailed process was reported previously [9], and the flowchart is shown 
in Figure 3. 

The same as the PF assimilation strategy, the plant leaf area and observational LAI are both 
considered as state variables and observation vectors, respectively, in the POD4DVar data 
assimilation process. 

 
Figure 3. Flowchart of the proper orthogonal decomposition-based ensemble four-dimensional 
variational (POD4DVar) strategy with the CERES-Wheat crop model. 

4. Results 

4.1. Remotely-Sensed LAI Estimates 

In this study, 16 images with a high overall quality between green-up and maturity in 2014 were 
acquired, and the inversion of LAI was carried out by the PROSAIL radiation model based on the 
LUT method. The LAI estimated maps were validated by comparing the LAI values measured in the 
55 sample plots at seven phenological stages with the corresponding values estimated from the LAI 
maps. The results (Table 5) showed that the estimated LAI at seven key phenological stages have 
high correlation with the measured LAI, with an R2 value of >0.54. A t-test [82] was used to determine 
whether the fitting curves between the measured LAI and the estimated LAI were the best fit. The 
linear regression formulas all passed the t-test (p < 0.05) with no significant difference. The accuracies 
of the estimated LAI were also all high, with the relative error (RE) values of <12.18% and the RMSE 
values of <0.51. Additionally, the total accuracy of the estimated LAI is also high, with an RE value 
of 9.44% and an RMSE value of 0.39 (Figure 4). The validation results showed that the  
remotely-sensed LAI maps accurately represented the LAI values during the given time periods and 
the temporal changes in LAI and could be employed in crop model data assimilations. 
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Table 5. Validation of winter wheat LAI at different phenological stages. RE, relative error. 

 Green-up Jointing Elongation Booting Heading Anthesis Maturity
R2 0.66 0.54 0.83 0.74 0.64 0.66 0.78 

RE (%) 12.18 9.33 9.74 8.97 7.75 9.37 8.77 
RMSE 0.09 0.19 0.46 0.51 0.45 0.44 0.32 

 
Figure 4. Comparison of the observed and inverted LAIs during critical growth periods of  
winter wheat. 

4.2. Comparison of Crop Yield Estimates Based on Data Assimilation at the Field Scale 

To explore the performances and uncertainty between different assimilation algorithms, two 
assimilation algorithms (PF and POD4DVar) were applied to the crop model data assimilation at the 
field scale, respectively. To compare the performance of the PF-based and POD4DVar-based data 
assimilation strategies, both methods were performed with the same simulation conditions, including 
model inputs, initial conditions and seven assimilating LAIs measured at each field plot. 
Additionally, the ensemble/particle size was set to 100 to accurately and stably estimate the crop  
yield [10,16,40,66], and the standard deviation of the observation (10% of the observational LAI) was 
calculated from the measured observations. 

We firstly compared the three assimilated LAI trajectories with PF-based, POD4DVar-based and 
without assimilation at the field scale (Figure 5). The results show that the simulated LAI trajectories 
with the two assimilation strategies are closer to the observations than the simulation curve without 
assimilation. Then, we compared the simulated LAIs with measured LAI (Figure 6). The accuracy is 
relatively low with an R2 of 0.71, an RMSE of 0.91 and an RE of 25.94% between the simulated LAI 
without assimilation and observations at the field scale. Compared to the simulated LAI process 
without data assimilation, it was evident that the assimilation strategy dramatically improved the 
LAI estimates. The improved LAI estimates were observed with an R2 of 0.85, an RMSE of 0.44 and 
an RE of 14.96% for the PF-based assimilation strategy and with an R2 of 0.71, an RMSE of 0.31 and 
an RE of 11.38% for the POD4DVar-based assimilation strategy. The results show that the 
POD4DVar-based assimilation strategy provides a better promising approach for improving the 
wheat LAI estimation. 
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Figure 5. Comparison of the LAI curves with PF-based assimilation, POD4DVar-based assimilation 
and without assimilation at the field scale. 

 

Figure 6. Comparisons of winter wheat LAI with (a) no data assimilation; (b) the PF-based data 
assimilation and (c) the POD4DVar-based data assimilation. 

Consequently, the yield estimates were dramatically improved because of the optimization of 
the LAI simulation process (Figure 7). Compared with the simulated yields with no assimilation 
(Figure 6a), the estimated yields with the PF-based assimilation better predicted the measured yields, 
with an R2 of 0.57, an RMSE of 564 kg·ha−1 and an RE of 6.49% (Figure 7b). Comparing the three 
processes, the estimated yields with the POD4DVar-based assimilation predicted the measured 
yields better, with an R2 of 0.61, an RMSE of 523 kg·ha−1 and an RE of 5.65% (Figure 7c). Furthermore, 
less computing time was required for the POD4DVar-based assimilation (4.41 s over an assimilation 
window) than the PF-based assimilation (35.69 s). A comparison of the yield estimate experiments 

0

1

2

3

4

5

6

0 20 40 60 80 100 120 140 160

L
A

I 

Julian day

CERES-Wheat simulated LAI without
assimilation
PF-assimilated LAI

POD4DVar-assimilated LAI



Remote Sens. 2017, 9, 190  13 of 23 

 

without assimilation and assimilation with the two algorithms indicated that the employed crop 
model data assimilation provides a promising approach for improving the wheat yield estimation. 
The experimental results also support the practical feasibility of the POD4DVar-based crop model 
data assimilation, especially in terms of yield estimation accuracy and computational efficiency. 
Thus, the subsequent simulations all used the POD4DVar-based assimilation strategy. 

 

Figure 7. Comparisons of winter wheat yield estimated by the CERES-Wheat model with (a) no data 
assimilation, (b) the PF-based data assimilation and (c) the POD4DVar-based data assimilation. 

4.3. Assimilation of Remotely-Sensed LAI at the Regional Scale 

Remotely-sensed LAI are an important information source for describing the growth of regional 
winter wheat. In addition, these data are the main source of information for correcting the crop model 
simulation process. To map the regional winter wheat yield, 16 remotely-sensed LAI data from the 
crop growing season were averaged to allow scaling up to a 1-km spatial resolution and then 
assimilated into the CERES-Wheat model using the POD4DVar-based strategy. The yield map 
showed that the yield per unit area generally decreased from south to north of Hengshui (Figure 8). 
The average yield over the study region was 6996 kg·ha−1; the yield range was from  
4480–9558 kg·ha−1. The maximum productive capacity was observed in Gucheng County  
(7611 kg·ha−1), followed by Wuyi (7479 kg·ha−1) and Wuqiang (7253 kg·ha−1) counties. The minimum 
yield was 6493 kg·ha−1 in Raoyang County.  

The accuracy of the crop yield estimation was evaluated at the pixel and county scales. The 
estimated yields of the 55 pixels closely agreed with the actual yields of the field plots with an R2 of 
0.53, an RMSE of 543 kg·ha−1 and an RE of 5.91% (Figure 9a). Then, the estimated yields with a 1-km 
spatial resolution were aggregated at the county level so that the results could be validated using 
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regional official yield statistics, which are compiled at the county level. The statistical mean yields of 
11 counties showed that the R2 was 0.67, the RMSE was 172 kg·ha−1 and the RE was 7.77% (Figure 9b). 
The results also showed that the estimated yields are generally slightly higher than the official 
statistical yields. The reasons are mainly because most of the field plots’ observational yields (five of 
seven plots) in the agricultural experiment station were slightly higher than the official statistical 
yields, which led to the higher simulated yields and assimilated yields after the calibration of the crop 
model. However, on the whole, the estimated statistical mean yields own small deviations with the 
official statistical yields, and the accuracy is relatively high. These results suggest that the  
POD4DVar-based assimilation of remotely-sensed LAI significantly improved the simulation of 
yields with CERES-Wheat at the pixel and county scales.  

 
Figure 8. Distribution of winter wheat yield estimates with a 1-km scale using POD4DVar. 

 

Figure 9. Comparisons between the measured and estimated yields at the pixel (a) and county  
scales (b). 

4.4. Effects of LAI in Different Phenological Stages for Wheat Yield Estimation at the Field Scale 

To analyze the impacts of LAI in different phenological stages, the measured LAI during the 
seven individual phenological stages, earlier stage (green-up and jointing), medium stage (booting, 
heading and flowering), later stage (anthesis and maturity) and whole period (all seven phenological 
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stages) in the 55 sample plots at the field scale were all simulated. Wheat yield estimation experiments 
with different phenological stages (Figure 10) showed that the LAIs at booting and heading both 
played the most critical roles with RE of 5.85% and 5.87%, RMSE of 549 kg·ha−1 and 550 kg·ha−1 and 
both R2 of 0.59, when considering only individual stages. Canopy LAI values of wheat at these two 
stages are at a maximum and closely related to the final yields. In addition to the above two stages, 
the order is followed by the LAI during the elongation, jointing, anthesis, maturity and green-up 
stages. The least importance of the LAI values during the maturity and green-up stages is because 
they do not adequately represent the temporal variability of the LAI trajectory. Crop yield estimation 
experiments with four different combining stages (Figure 10) showed that the worst performance 
was the assimilation of observations at the later stage, with the RE of 6.42%, RMSE of 588 kg·ha−1 and 
R2 of 0.54. In contrast, the LAI during the medium stages showed better performances, with the RE 
of 5.80%, normalized RMSE of 547 kg·ha−1 and R2 of 0.59. Overall, assimilating the measured LAI with 
whole phenological stages achieved the best accuracy compared with any single phenological stage 
or the earlier, medium or later stages. Thus, it is important to obtain observations between jointing 
and anthesis as much as possible (particularly for the elongation, booting and heading stage) to 
improve the accuracies of the crop yield estimation when observing scarcity. 

 
Figure 10. Accuracy of the estimated wheat yield using LAI from different phenological stages or 
combinations of these stages compared with the measured yield at the field scale. 

4.5. Effects of LAI in Different Temporal Frequencies for Wheat Yield Estimation at the Regional Scale 

In consideration of LAI in different phenological periods affecting the assimilating yield, the LAI 
at different temporal frequencies also affects the simulated results. To analyze the impacts of the 
temporal frequency of LAI for yield estimates, the smooth remotely-sensed LAI trajectory from 
green-up to maturity after S-G filtering was divided into four different frequencies (four days with 
24 images, eight days with 12 images, 16 days with six images and 32 days with three images) to 
assess the accuracies of the yield estimates, respectively. The assimilation of LAI during the growing 
season could effectively correct the simulated trajectory of LAI in CERES-Wheat, and the simulated 
LAI curve would move gradually closer to the real LAI curve during the growing season. Hence, 
modest increases in the frequency of assimilating observations may improve yield estimations. The 
results (Figure 11) showed that the accuracies of the assimilated yields tended to gradually drop as 
the frequency of assimilating LAI decreased from 32 days to four, the RE increased from  
7.72%–11.24% and the RMSE increased from the 176–357 kg·ha−1, especially for the frequency of  
16 days and 32 days, whereas the computation time that is required for the yield estimation of a given 
pixel decreased. The estimated yield from the assimilating frequency of four days to eight days seems 

601 

573 

552 549 550 

580 

598 

551 547 

588 

523 

5.00

5.20

5.40

5.60

5.80

6.00

6.20

6.40

6.60

6.80

480

500

520

540

560

580

600

620

R
E

 (
%

)

R
M

S
E

 (
kg

·h
a-1

)

Phenological stages

RMSE

RE



Remote Sens. 2017, 9, 190  16 of 23 

 

to have a similar accuracy, with an RE of 7.723%–7.726% and an RMSE of 175 kg·ha−1–176 kg·ha−1. 
Therefore, selecting a reasonable frequency of assimilating LAI (e.g., eight days) could improve the 
computational efficiency and accuracy of regional crop yield estimations. 

 
Figure 11. Accuracy of estimated wheat yield using LAI from a different temporal frequency 
compared with the official statistical yields at the regional scale. 

4.6. Effects of LAI at Different Spatial Scales for Wheat Yield Estimation 

Regional crop yield estimates mainly rely on remotely-sensed LAIs during the crop growth 
season. In addition to the effects of LAI in different temporal scales (containing the phenological 
stages and temporal frequency), the spatial scale of LAI also affects the accuracy of regional yield 
estimations. For example, coarser pixels with abundant mixed landscape patterns usually result in 
greater spatial scale errors of LAI values obtained from more heterogeneous surface, which increase 
the errors of regional crop yield estimates. In addition, the abundant and detailed information that is 
supplied by remote sensing data with high spatio-temporal resolution is limited by high 
computational costs. To analyze the impacts of LAI at different spatial scales, six spatial scales of LAI 
(with pixel sizes of 1 km, 2.5 km, 5 km, 7.5 km, 10 km and 15 km) were aggregated based on the 
nearest neighbor algorithm by using the remotely-sensed LAI data and assimilated into a crop model 
using the POD4DVar-based strategy to estimate regional yield. The results (Figure 12) showed that 
the accuracies of the assimilated yields at the county scale tended to gradually decrease as the pixel 
resolution of assimilating LAI decreased from 1 km–15 km, the RE increased from 7.77%–10.45% and 
the RMSE increased from the 172–573 kg·ha−1, respectively. In contrast, the computation time 
decreased from 6.21 h down to 0.04 h. Consequently, it is important to select a reasonable pixel size 
for remotely-sensed observations to compromise between the accuracy and efficiency of operational 
regional crop yield estimation systems. 
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Figure 12. Accuracy and computation time of estimated wheat yield using LAI from a different spatial 
scales compared with the official statistical yields. 

5. Discussion  

Crop growth models often oversimplify actual crop growth conditions. Some uncertainty is 
introduced by the model’s structure, the model assumed, observation errors and meteorological 
parameters, resulting in a biased simulation of the true growth process. Without altering the crop 
models’ structure, the uncertainties of the crop model can be reduced using the assimilation of 
observational LAI during the crop growing season. To obtain better estimates of regional crop 
information, a series of remotely-sensed LAIs during the crop growing season must also be accurately 
estimated [6]. Unfortunately, current remote sensing LAIs have several shortcomings in their 
temporal and spatial resolutions due to the limits of the revisit circle, the cloud coverage and/or 
mixed pixels, which may result in poor performance of the assimilation process. To reduce these 
uncertainties in observation errors, we retrieved LAIs using the PROSAIL model with multiple 
sensors’ optical data (i.e., Landsat OLI, HJ-1 and GF-1) to improve accuracy and increase the effective 
temporal resolution of remotely-sensed LAI. On the other hand, we constructed two strategies (PF 
and POD4DVar) to assimilate the observed LAI directly into the CERES-Wheat model and compared 
the performances of these two strategies at the field scale. It was found that the employed  
POD4DVar-based assimilation strategy is the better approach for improving the wheat modeled LAI 
and yield estimation. Then, based on the POD4DVar-based assimilation framework, we analyzed the 
performance of crop model assimilation of LAI at different temporal scales (phenological stages and 
temporal frequencies) and spatial scales. 

Compared with traditional EnKF-based strategy and re-recalibration strategies (e.g., SCE-UA [5]), 
the PF-based strategy can sample particles and update particle weights according to any distribution 
function and is able to express the model estimation as a recursive process that avoids the higher 
dimensions of control variables and a high computational burden [22]. In this study, the resampling 
and reperturbation of the resampled particles were used to avoid the particle degeneracy and lack of 
particle diversity under the constraints of the model by using fewer particles. However, the particles 
would increase exponentially in order for the posterior mean from the particle filter to have an 
expected error smaller than either the prior or the observations [83]. This study provides new 
progress and challenges that will be addressed in our future work. Compared with the EnKF-based 
strategy, the POD4DVar-based strategy can perfectly solve the issues in non-Gaussian dynamic 
distributions and nonlinear models, which avoids the greater dimensions of control variables and 
computational costs, so as to obtain higher accuracy and lower computational costs than EnKF [9]. 
By merging the Monte Carlo and POD into the 4DVar method, the POD4DVar-based strategy retains 
the main advantages of the traditional 4DVar (i.e., dynamic constraint and assimilation of multiple 
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time observations) [40] and need not maintain and update the adjoint or tangent linear models of the 
forecast models [9]. Compared with the PF-based strategies, our results indicated that the 
POD4DVar-based assimilation strategy results in better performance and higher computational 
efficiency of the assimilation process and is the better approach for improving the wheat modeled 
LAI and yield estimation. However, the uncertainty of the ensemble size and the initial perturbation 
fields on the assimilated results were not shown in this study and will be addressed in our future 
work. 

Unfortunately, few studies have focused on the application of PF-based and POD4DVar-based 
assimilation strategies to yield estimations. In this study, the uncertain effects of the LAI in different 
temporal scales (phenological stages and temporal frequencies) and spatial scales were given greater 
emphasis. The optimal yield estimates may be highly dependent on the reasonable spatio-temporal 
resolution of assimilating LAI. Observations between jointing and anthesis stages (particularly for 
the elongation, booting and heading stage) play important roles in improving the accuracies of the 
crop yield estimation when observing scarcity. This finding is similar to the observations of  
Huang et al. [6], in which the MODIS-LAI model was assimilated into the WOFOST (World Food 
Studies) model. In addition to this, LAI with a high frequency and spatial resolution significantly 
improved the accuracy of crop yield estimations, although the increased computing time may be 
problematic for regional applications. This finding is similar to the observations of Jiang et al. [22], in 
which the HJ-LAI model was assimilated into the CERES-Wheat model. Thus, the use of the 
POD4DVar-based strategy to assimilate LAI with moderate spatial resolution (e.g., 1 km), 
phenological stages between jointing and anthesis stages and an assimilation temporal frequency of 
eight days appears to be a promising assimilation approach with reasonable spatio-temporal scale to 
achieve a tradeoff between accuracy and effectiveness in regional wheat estimate applications. 

When remotely-sensed LAIs are used to replace the value of a model-simulated state variable in 
a data assimilation system, one assumes that the remotely-sensed LAIs are free of error or assumes 
that the level of data error is acceptable to be propagated within the simulated system [53]. To reduce 
the errors, the remotely-sensed LAIs were retrieved using the PROSAIL model from multiple sensors’ 
optical data (i.e., Landsat OLI, HJ-1 and GF-1) and accurately obtained the results. However, the 
uncertainty effects of the remotely-sensed observations’ errors on assimilated yield estimates based 
on the method of error perturbation are not shown in this study and will be addressed in our  
future work.  

In this study, the independent assimilation of LAI was a preferred method for optimally 
estimating the crop yields from plots with relatively wet soils that were extensively irrigated during 
the crop growth season. This finding is similar to the observations of Nearing et al. and  
Ines et al. [53,68], in which the LAI and soil moisture were assimilated into the decision support 
system for the agro-technology transfer-cropping system (DSSAT-CSM) model. This finding is also 
similar to the observations of Huang et al. [5], in which the MODIS LAI and ET products were 
assimilated into the WOFOST model. Thus, assimilating LAI, evapotranspiration (ET) and/or soil 
moisture represents another important area of research that will be investigated further, especially in 
arid and semi-arid areas.  

Although the POD4DVar-based assimilation method achieved good results in 2014, the 
capabilities about the method presented in prediction mode with other years were not shown in this 
study. An extension of multiple years to validate the assimilation method and determine how well it 
accounts for the inter-annual variability in crop yield prediction is needed and will be addressed in 
our future work. 

6. Conclusions 

In this study, the data assimilation methods of PF and POD4DVar were used to improve the 
performance of the CERES-Wheat model for yield estimates. Compared with traditional assimilations 
of crop models, we mainly focus on the uncertainties of wheat yield estimates due to different 
assimilation strategies and multi-source errors, such as the remotely-sensed LAIs, assimilation 
strategies, temporal scales (phenological stages and temporal frequencies) and the spatial scale. 
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The experimental results showed that the accuracy and temporal resolution of remotely-sensed 
LAI can be improved and increased by using the PROSAIL model with multi-sensors’ optical data 
(i.e., Landsat OLI, HJ-1 and GF-1). The inversed LAIs could be employed in crop model data 
assimilations. Compared with the crop model without assimilation, the crop model with the PF-based 
and POD4DVar-based strategies provides significantly better regional crop yield estimates, 
especially for the POD4DVar-based strategy, which resulted in greater performance of the 
assimilation model. Although the best yield estimates were obtained when all of the observed LAIs 
during the crop growing season were assimilated into the crop model, an acceptable estimate of crop 
yield could also be achieved by assimilating fewer observations between the jointing and anthesis 
periods of the crop growth season. Good performance was observed when the frequency of the 
assimilation observations increased from four to 32 days, and the assimilation temporal frequency of 
eight days also appears to be a reasonable tradeoff between the accuracy and effectiveness in regional 
wheat estimate applications. In contrast, the accuracy of the regional crop yield estimates generally 
decreased as the spatial resolution of the LAI decreased from 15 km down to 1 km. Conversely, the 
computation times were lower for the assimilation of observations with lower spatial resolution. 
Thus, the use of the POD4DVar-based strategy to assimilate LAI with moderate spatial resolution 
(e.g., 1 km), phenological stages between jointing and anthesis stages and assimilation of the temporal 
frequency of eight days appears to be a reasonable tradeoff between accuracy and effectiveness in 
regional wheat estimates. 
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