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Abstract: To improve crop model performance for regional crop yield estimates, a new 
four-dimensional variational algorithm (POD4DVar) merging the Monte Carlo and proper 
orthogonal decomposition techniques was introduced to develop a data assimilation 
strategy using the Crop Environment Resource Synthesis (CERES)-Wheat model. Two 
winter wheat yield estimation procedures were conducted on a field plot and regional scale 
to test the feasibility and potential of the POD4DVar-based strategy. Winter wheat yield 
forecasts for the field plots showed a coefficient of determination (R2) of 0.73, a root mean 
square error (RMSE) of 319 kg/ha, and a relative error (RE) of 3.49%. An acceptable yield 
at the regional scale was estimated with an R2 of 0.997, RMSE of 7346 tons, and RE  
of 3.81%. The POD4DVar-based strategy was more accurate and efficient than the  
EnKF-based strategy. In addition to crop yield, other critical crop variables such as the 
biomass, harvest index, evapotranspiration, and soil organic carbon may also be estimated. 
The present study thus introduces a promising approach for operationally monitoring 
regional crop growth and predicting yield. Successful application of this assimilation 
model at regional scales must focus on uncertainties derived from the crop model, model 
inputs, data assimilation algorithm, and assimilated observations. 
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1. Introduction 

Regional crop yield information is critical for food security and sustainable agriculture [1–3]. 
However, obtaining such data in a timely and accurate manner is challenging if global climate change 
is considered. Recently, remote sensing data assimilations based on crop growth simulations [4,5]  
have furnished a potential approach to improving regional crop yield monitoring and forecasting.  
By making better use of crop-growth models such as the World Food Studies (WOFOST) [6], Erosion 
Productivity Impact Calculator (EPIC) [7], and Decision Support System for Agro-technology Transfer 
(DSSAT) [8], crop growth processes can be effectively simulated under different environmental and 
management conditions while incorporating various limiting factors (e.g., soil, weather, water, and 
nitrogen) in a dynamic manner [9]. However, the use of spatial observations from remotely sensed data 
is an ideal option for reducing regional simulation uncertainties [10]. Accordingly, several remote 
sensing data assimilation strategies based on crop-growth models have been proposed to accurately 
estimate regional crop yields. 

Most data assimilation strategies focus on reducing the discrepancy between observations and 
simulations by adjusting the uncertain model parameters, initial conditions [11,12], or model state 
variables [13–15]. Early data assimilation strategies based on optimum estimation algorithms failed to 
consider errors in observations and the model itself. In addition, the iterative process of minimization 
between the modeled and observed values may require excessive computing time. To address these 
shortcomings, several researchers have proposed advanced strategies based on sequential Bayesian 
filters, i.e., the ensemble Kalman filter (EnKF) [16], particle filter (PF) [17], or variational algorithm [18]. 
More accurate performance of these strategies was also obtained for operational numerical weather 
predictions [19–22], ocean prediction systems [23–28], and land surface processing simulations [29–35]. 

Although the abovementioned strategies have been successfully applied at regional scales, many 
well-known drawbacks limit the efficiency and feasibility of data assimilation with crop-growth 
models. Sequential data assimilation becomes prohibitively expensive in terms of computational cost 
for high-dimensional state spaces because of recursive calculations of the posterior distributions of 
simulated variables [17,36]. The EnKF, in particular, relies on the assumption that the posterior density 
at every time step is a Gaussian distribution parameterized by a mean and a covariance, which results 
in an obvious deficiency when addressing complicated estimation issues in a realistic, nonlinear, and 
non-Gaussian dynamic system [37]. In data assimilation with crop-growth models, the assumptions 
described above are unlikely to hold true. The PF-based strategy appears to be a better choice for  
crop-growth models in nonlinear and non-Gaussian systems. However, a particle filter is a suboptimal 
algorithm whose accuracy and stability depend on the choice of importance density or resampling 
method [17]. For traditional four-dimensional variational (4DVar) data assimilation, the most attractive 
feature is the reduced computing cost that can be attributed to the ability to simultaneously assimilate 
the observational data at multiple times in an assimilation window. However, 4DVar still faces 
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numerous challenges in coding, maintaining, and updating the adjoint model of the forecast model, and 
it requires linearization of the forecast model [38]. Accordingly, it has not been used frequently in 
crop-growth models. 

To address these problems and maximally exploit the strengths of both sequential and variational 
data assimilation while simultaneously offsetting their respective weaknesses, a 4DVar method is 
proposed on the basis of the proper orthogonal decomposition (POD) and ensemble forecasting 
techniques [39]. Although a Gaussian distribution assumption of the posterior density of the simulated 
variable is also given, this method is capable of outperforming both the 4DVar and EnKF methods 
under perfect- and imperfect-model scenarios with lower computational costs than EnKF, which 
improves accuracy and efficiency and produces correct estimates of prediction uncertainty in nonlinear 
and non-Gaussian crop-growth model data assimilation. Notably, few studies on POD-based ensemble 
4DVar (POD4DVar) for regional crop yield estimations have been published. 

The main objective of this study was to introduce the POD4DVar algorithm into crop model data 
assimilation and to evaluate its performance. The CERES-Wheat model was employed to design a 
feasible data assimilation strategy because it is an outstanding agro-ecological dynamic model that 
considers the effects of weather, management, genetics, soil water, carbon, and nitrogen on crop-yield 
simulations [40,41]. Moreover, the leaf area index (LAI) was used as an observational variable to 
couple observed LAI with simulated LAI. Two experiments for winter wheat yield estimation were 
performed. One experiment was performed using the LAI measured in field plots to determine the 
feasibility of the data assimilation strategy and to compare its performance with that of the EnKF-based 
data assimilation strategy. A second experiment was conducted on a regional scale by employing 
remotely sensed LAI to map regional winter wheat yields and to analyze the accuracy and efficiency of 
the strategy. In addition, the potentials and uncertainties were analyzed for the application of the 
CERES-Wheat model with POD4DVar to an operational system for monitoring regional crop growth 
and predicting critical crop variables. 

2. Study Area and Data 

2.1. Study Area 

Hengshui (37°03'–38°23'N; 115°10'–116°34'E), located in the Huang-Huai-Hai Plain of China,  
was the primary planting area for winter wheat considered in this study. This area has a temperate  
sub-humid continental monsoon climate, the annual average temperature is between 12 °C and 13° C,  
the annual cumulative temperature above 0°C is between 4200 °C and 5500 °C, the annual average 
precipitation is between 500 and 900 mm, the annual cumulative radiation is between 5.0 × 103 and  
5.2 × 103 MJ/m−2, and the frost-free season lasts between 170 and 220 days. There are abundant water 
resources, with nine tributaries belonging to four rivers of the Haihe River system. In this region, the 
anthropogenic soil types are generally categorized as fluvo-aquic soil, sandy fluvo-aquic soil, wet 
fluvo-aquic soil, salinized fluvo-aquic soil, and meadow saline soil. The main vegetation includes 
crops such as winter wheat, maize, and cotton. For winter wheat, the developmental period occurs 
from early October to early June of the next year. The re-greening period begins in early March, the 
heading stage lasts from the end of April until early May, and the harvest usually occurs in mid-June. 
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2.2. Regional Soil, Weather, and Crop Information 

The soil map for the study area was derived from the Soil and Terrain database of primary  
Chinese data at a scale of 1:1 million; this map was compiled using enhanced soil information  
within the framework of the FAO’s Land Degradation Assessment in Drylands (LADA) program. Data 
on the physical and chemical properties of the soil profiles were collected from the Soil Species of 
Hebei Province [42]. 

Meteorological data were derived from the National Meteorological Information Center, China 
Meteorological Administration and included daily estimates of maximum and minimum temperature, 
precipitation, sunlight hours, wind speed, and relative humidity. In addition, radiation was estimated at 
the station level based on sunlight duration [43]. In this study, daily meteorological parameter data for 
the study area were interpolated as a raster map with grid cells using ANUSPLIN software [44]. 

Detailed crop management information was also surveyed, including the dates of planting and 
harvest, planting depth and spacing, planting density, irrigation dates and volumes, fertilization date 
and volume, phenological calendar, and other data. Winter wheat yield data were measured at 53 field 
plots, and the regional statistical yields for 11 counties were obtained from the Hebei Rural Statistic 
Yearbook [45]. 

2.3. Remotely Sensed LAI Maps 

Remotely sensed images with four bands (blue, green, red, and near-infrared) at 30-m spatial 
resolution were acquired from the Small Satellite Constellation for Environment and Disaster 
Monitoring and Forecasting and based on data collected by the A and B satellites (HJ-1A/B satellites) 
from March to June of 2009. A series of pre-processing steps was performed using ENVI software [46] 
and included radiometric calibrations, atmospheric corrections, and geometric corrections to convert 
HJ CCD radiance to reflectance with the correct geographic information. 

To extract regional winter wheat LAI maps, a two-layer canopy reflectance model (ACRM) [47] 
was employed to establish the lookup table (LUT) [48]. To avoid an ill-posed inversion, the estimated 
LUT was regularized according to the statistical information of the image and a priori knowledge 
obtained from winter wheat observations. To eliminate inversion distortion from clouds, moisture, 
aerosols, and mixed pixels, a Savitzky-Golay filter [49,50] was used to smooth the time series of the 
LAI maps. Finally, acceptable LAI maps of winter wheat were extracted with an R2 of 0.82, an RE of 
10.75%, and an RMSE of 0.46. 

3. Methods 

3.1. Crop Growth Model 

The CERES-Wheat model was developed and integrated into DSSAT software in an International 
Benchmark Sites for Agro-technology Transfer project sponsored by the United States Department of 
Agriculture [8]. Driven by input data on weather, soil, field management, and genetic information, the 
CERES-Wheat model can simulate daily phenological development, vegetative and reproductive plant 
developmental stages, assimilate partitioning of the growth of leaves and stems, senescence, biomass 
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accumulation, and root system dynamics under stressful environments, i.e., those involving light, 
temperature, water, nitrogen, carbon, and field management interventions [11]. The water and nitrogen 
sub-models have feedback effects on plant growth and development. This model has been widely 
applied to field sites to assess crop potential productivity [51,52] and the influence of climate change 
on grain yields [40,41], farmland water, and fertilizer management [53]. 

To obtain accurate predictions, a model calibration is first performed, i.e., an estimation of cultivar 
characteristics using field winter wheat experimental data. In this study, in situ data for the study area 
were employed to estimate the genetic coefficients in the CERES-Wheat model such that differences 
between the simulated and measured values were minimized to within acceptable error limits. 

3.2. Ensemble-Based Four-Dimensional Variational Data Assimilation 

The POD4DVar was proposed by Tian et al. [54] and is based on incorporating the Monte Carlo 
method and the proper orthogonal decomposition (POD) technique into 4DVar. The basic idea of this 
method is to start with a four-dimensional ensemble obtained from the forecast ensembles at all times 
in an assimilation time window produced using the Monte Carlo method. The POD technique is then 
applied to the four-dimensional forecast ensemble so that the orthogonal base vectors can capture the 
spatial structure of the state and reflect its temporal evolution. After the model status is expressed by a 
truncated expansion of the base vectors obtained using the POD technique, the control variables in the 
cost function appear explicit so that the adjoint or tangent linear model is no longer required [54]. 

In principle, the traditional 4DVAR analysis 𝑥𝑎  is obtained through the minimization of a cost 
function J, which measures the misfit between the model trajectory 𝐻(𝑥(𝑘)) and the observation 𝑦(𝑘) 
at a series of time points 𝑡𝑘, k = 1, 2, …, S, 

𝐽(𝑥0) = (𝑥0 − 𝑥𝑏)𝑇𝐵−1(𝑥0 − 𝑥𝑏) + ��𝑦(𝑘) − 𝐻�𝑥(𝑘)��
𝑇
𝑅(𝑘)−1(𝑦(𝑘) − 𝐻�𝑥(𝑘)�)

𝑆

𝑘=1

 (1) 

with the forecast model M imposed as a strong constraint, defined by 

𝑥(𝑘) = 𝑀(𝑥(𝑘 − 1)) (2) 

where the superscript T stands for a transpose, 𝑥𝑏 is the background value, the index k denotes the 
observational time, 𝐻(∗) is the observational model, and matrices B and R are the background and 
observational error covariances, respectively. The control variable is the initial condition 𝑥0 (at the 
beginning of the assimilation time window) of the model. In the CERES-Wheat model, the plant area 
growth function (PLA) and plant area senescence function (SENLA) are considered as state variables 
whose integrating functions forward with time are considered to be forecast models. The LAI function 
was used as an observational model in the data assimilation process. 

𝑦(𝑘) = 𝐿𝐴𝐼(𝑘) = 𝐻 �𝑥𝑖(𝑘),𝜃�, 𝑖 = 1, 2 (3) 

𝑥1(𝑘) = 𝑃𝐿𝐴(𝑘)  =  𝑀 ( 𝑃𝐿𝐴(𝑘),𝑃𝐿𝐴𝐺𝑇(𝑘 − 1) ) (4) 

𝑥2(𝑘) = 𝑆𝐸𝑁𝐿𝐴 (𝑘) =  𝑀 ( 𝑆𝐸𝑁𝐿𝐴(𝑘),𝑃𝐿𝐴𝑆(𝑘 − 1) ) (5) 

where 𝜃  is the initial condition of the crop model, index i denotes the number of state variables, 
𝑃𝐿𝐴𝐺𝑇 is the plant growth area, and 𝑃𝐿𝐴𝑆 is the reduced leaf area resulting from various stress factors. 
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Figure 1. Flowchart of POD4DVar with the CERES-Wheat crop model. 

 

The POD4DVar strategy is a non-recursive process in which all observations at multiple time nodes 
are used to solve all “analyses” in an assimilation process. In contrast, sequential assimilation uses the 
observations at one time node to solve only one “analysis” in a recursive assimilation process. To 
minimize the cost function, the details of POD4DVar with the CERES-Wheat crop model are as 
follows (Figure 1):  

  
𝑥𝑛𝑖 (𝑘), 𝑖 = 1, 2;𝑛 = 1, … ,𝑁 

Forecasted state ensemble 
𝐻𝑛(𝑘),𝑛 = 1, … ,𝑁 

Forecasted observation ensemble 

𝑥𝑛𝑖 (𝑘 − 1) = 𝑥𝑖(𝑘 − 1) + 𝜂𝑛𝑖 (𝑘 − 1), 
 𝑖 = 1, 2;𝑛 = 1, … ,𝑁 

Initialized state ensemble Regional database 
(weather, soil, crop management) 

CERES-Wheat crop growth model 

𝑥1(𝑘) = 𝑃𝐿𝐴(𝑘)  =  𝑀 ( 𝑃𝐿𝐴(𝑘),𝑃𝐿𝐴𝐺𝑇(𝑘 − 1) ) 

𝑥2(𝑘) = 𝑆𝐸𝑁𝐿𝐴 (𝑘) =  𝑀 ( 𝑆𝐸𝑁𝐿𝐴(𝑘),𝑃𝐿𝐴𝑆 (𝑘 − 1) ) 

Model operators 

𝑦(𝑘) = 𝐿𝐴𝐼(𝑘) = 𝐻 �𝑥𝑖(𝑘),𝜃� 

Observation operator 

𝛿𝑋𝑛𝑖 = 𝑥𝑛𝑖 − 𝑥𝑖 

Construct a new ensemble on 
deviations from the mean 

𝜙𝑗𝑖 , 𝑖 = 1,2; 1 ≤ 𝑗 ≤ 𝑁 

Obtain base vectors 

Measured/RS observations 
𝑥𝑎𝑖 = 𝑥𝑖 + �𝛼𝑗𝑖𝜙𝑗𝑖

𝑝

𝑗=1

, 

 𝑖 = 1,2; 1 ≤ 𝑗 ≤ 𝑁 

Expression of analysis state 

Analysis state 𝒙𝒂𝒊  

Optimal yield estimation 

𝐽(𝛼) = �Φ(0)𝛼�
𝑇
𝐵−1�Φ(0)𝛼� + �(𝑦(𝑘) − H��̅�(𝑘)−Φ(𝑘)𝛼�)𝑇𝑅(𝑘)−1(𝑦(𝑘) − H��̅�(𝑘) −Φ(𝑘)𝛼�)

𝑆

𝑘=1

 

Cost function 

((𝑝 − 1)𝐼𝑝×𝑝 + ��𝐻′�ϕ(𝑘)��
𝑇
𝑅(𝑘)−1 �𝐻′�ϕ(𝑘)��

𝑆

𝑘=1

)𝛼 = ��𝐻′(ϕ(𝑘))�
𝑇
𝑅(𝑘)−1𝑦′(𝑘)

𝑆

𝑘=1

 

Solve the control variable 𝜶 
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(1) Assuming that there are S time steps in the assimilation time window (0, T), generate N random 
perturbation fields using the Monte Carlo method, add each perturbation field to the initial background 
field at time point 𝑡0 , and integrate the model to produce a perturbed four-dimensional field  
𝑥𝑛𝑖  (n = 1, …, N; i = 1, 2) over the entire assimilation time window (S time steps) or at the 
observational time steps (K). A perturbation of the state variable was conducted with parameterizing 
error 𝜂 as a function of state 𝑥𝑖 as follows, similar to [55]: 

𝑥𝑛𝑖 (𝑘) = 𝑥𝑖(𝑘) + 𝜂𝑛𝑖 (𝑘), 𝜂𝑛𝑖 (𝑘)~N �0, �𝜀𝑚𝑜𝑑𝑥𝑖(𝑘)�
2
� , 𝑖 = 1,2;  𝑛 = 1, … ,𝑁 (6) 

where 𝑥𝑛𝑖 (𝑘) is the nth reperturbed state ensemble member of the ith state variable at time k, 𝜂 is 
random noise with a mean of zero and a variance of (𝜀𝑚𝑜𝑑𝑥𝑖(𝑘))2, and 𝜀𝑚𝑜𝑑 is a parameter that is 
specified as 0.5 to reflect the diversity of the perturbation ensemble. 

The average of the state ensemble (PLA, SENLA) at 𝑡𝑘 is then given by  

𝑥𝑖 =
1
𝑁
�𝑥𝑛𝑖
𝑁

𝑛=1

, 𝑖 = 1,2 (7) 

(2) A new ensemble matrix, 𝐴(𝑀 × 𝑁) = (𝛿𝑋1𝑖 , 𝛿𝑋2𝑖 ,⋯ , 𝛿𝑋𝑛𝑖 ), i = 1, 2, 𝑛 = 1,2,···, N, is constructed 
by focusing on deviations from the mean as follows: 

𝛿𝑋𝑛𝑖 = 𝑥𝑛𝑖 − 𝑥𝑖 , 𝑖 = 1,2;𝑛 = 1,2,···, N (8) 

The matrix A is composed of N column vectors, where 𝑀 = 𝑀𝑔 × 𝑀𝑣 × S(𝐾), 𝑀𝑔 and 𝑀𝑣 are the 
number of model spatial grid points and the number of the model variables, respectively, and S(𝐾) is 
the number of all time levels (observational time levels) over each analysis time window. 

(3) To compute the POD modes, the nonzero eigenvalue 𝜆 and eigenvectors V of 𝑇 = (𝐴𝑇𝐴)𝑁×𝑁 
are solved as follows: 

𝑇𝑉 = 𝜆𝑉 (9) 

The POD mode matrix is then given by Φ = AV. The truncated reconstruction of the analysis 
variable 𝑥𝑎𝑖  is given by 

𝑥𝑎𝑖 = 𝑥𝑖 + �𝛼𝑗𝑖𝜙𝑗𝑖
𝑝

𝑗=1

, 𝑖 = 1,2; 1 ≤ 𝑗 ≤ 𝑁 (10) 

where the POD mode matrix is Φ = (𝜙1𝑖 ,···,𝜙𝑝𝑖 ), 𝑖 = 1,2, 𝛼 is the control variable, and p is the number 
of POD modes, defined as follows: 

𝑝 = 𝑚𝑖𝑛 �𝑝, 𝐼(𝑝) =
∑ 𝜆𝑗
𝑝
𝑗=1

∑ 𝜆𝑗𝑁
j=1

: 𝐼(𝑝) ≥ 𝛾� , 0 ≤ 𝛾 ≤ 1 (11) 

(4) The POD mode matrix is used to reconstruct the cost function J, which is expressed as follows: 

𝐽(𝛼) = (𝛷(0)𝛼)𝑇𝐵−1(𝛷(0)𝛼) + ��𝑦(𝑘) − 𝐻(�̅�(𝑘) − 𝛷(𝑘)𝛼)�
𝑇
𝑅(𝑘)−1(𝑦(𝑘) −𝐻(�̅�(𝑘) −𝛷(𝑘)𝛼))

𝑆

𝑘=1

 (12) 

that is, 

𝐽(𝛼) = (𝛷(0)𝛼)𝑇𝐵−1(𝛷(0)𝛼) + ��𝐻′�𝜙(𝑘)�𝛼 − 𝑦′(𝑘)�
𝑇
𝑅(𝑘)−1(𝐻′�𝜙(𝑘)�𝛼 − 𝑦′(𝑘))

𝑆

𝑘=1

 (13) 
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where 
𝐻′(ϕ(𝑘)) = 𝐻��̅�(𝑘) + ϕ(𝑘)� − H(�̅�(𝑘)) (14) 

𝑦′(𝑘) = 𝑦(𝑘) − 𝐻��̅�(𝑘)� (15) 
Similar to the EnKF [16], the background error covariance can be constructed through the use of 

perturbed state ensemble members as follows: 

𝐵 =
Φ(0)Φ(0)𝑇

𝑝 − 1
 (16) 

In this study, the observational error associated with a normal distribution with a mean of zero and a 
variance of 𝜎𝑜𝑏𝑠2  will be considered as a function of the observation 𝐿𝐴𝐼𝑜𝑏𝑠 as follows, similar to [55]: 

𝜎𝑜𝑏𝑠2 = (𝜀𝑜𝑏𝑠 · 𝐿𝐴𝐼𝑜𝑏𝑠)2 (17) 

where 𝜀𝑜𝑏𝑠 is the appropriate coefficient of variation. In this study, the error parameter is specified as 
𝜀𝑜𝑏𝑠 = 0.1  for all observations. As in the EnKF [16], the observation error covariance can be 
constructed through the use of the perturbed observation error ensemble E as follows: 

𝑅 =
𝐸𝐸𝑇

𝑁 − 1
 (18) 

(5) The optimization problem (13) can be solved as follows: 

𝛻𝐽(𝛼) = 0 (19) 

((𝑝 − 1)𝐼𝑝×𝑝 + ��𝐻′�𝜙(𝑘)��
𝑇
𝑅(𝑘)−1 �𝐻′�𝜙(𝑘)��

𝑆

𝑘=1

)𝛼 = �(𝐻′(𝜙(𝑘)))𝑇𝑅(𝑘)−1𝑦′(𝑘)
𝑆

𝑘=1

 (20) 

Thus, 𝛼 is easily determined, and the final results of the analysis are then obtained. 

3.3. Assimilation Experiments for Winter Wheat Yield Estimation 

To introduce the POD4DVar algorithm into the crop model data assimilation and evaluate its 
performance, two experiments for winter wheat yield estimation were performed in this study. One 
experiment at the field scale was conducted to illustrate the feasibility of a data assimilation strategy 
and to compare its performance with that of the EnKF-based data assimilation strategy. To compare 
the performance of the POD4DVar- and EnKF-based data assimilation strategies, both methods  
were coded and coupled with the CERES-Wheat model using the FORTRAN computer programming 
language. Assimilation with both methods was performed separately on the same computer with the 
same simulation conditions, including model inputs, initial conditions, 7 assimilating LAIs measured at 
each field plot with a time interval equal to that of measuring observations, and 50 ensemble members. 

Another experiment was conducted on a regional scale to map regional winter wheat yields and to 
evaluate the accuracy and efficiency of data assimilation with the POD4DVar algorithm. In this 
experiment, 10 LAIs with a time interval of 8 days were assimilated into the crop model at each pixel. 
Other simulation conditions were the same as those for the experiment performed at the field scale. 

In the data assimilation experiments described above, the crop management parameters in the 
CERES-Wheat model were set using the regional mean value. The planting date was 10 October 2008, 
the sowing population was 450 plants per square meter, and the row spacing was 15 cm. Irrigation with 
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a volume of 65 mm was conducted three times on 10 March, 1 April, and 10 May of the following 
year. The nitrogen fertilizer volume was 120 kg/ha. The soil and weather parameters were derived 
from field observations. 

4. Results and Discussion 

4.1. Experiments for Winter Wheat Yield Estimation at the Field Scale 

The initial parameters and conditions regarding the soil, weather, and crop management varied and 
were difficult to collect on a regional scale. There were often numerous uncertainties regarding the 
simulation in the CERES-Wheat model when a general model was configured for the study area, 
especially for aspects of crop management such as planting, irrigation, and fertilization. These factors 
led to a lower accuracy in regional crop yield estimation and limited the potential application of  
the crop model. In this experiment, a series of LAIs measured at 53 field plots was assimilated into  
the CERES-Wheat model. Compared with the LAI simulation process with no data assimilation 
(Figure 2a), the POD4DVar-based data assimilation performed the incorporation between the observed 
and modeled LAIs within the dynamic framework of the winter wheat growth process such that the 
LAI simulation over the entire growing season was optimized and the simulated LAI was more 
consistent with the actual LAI, with an R2 of 0.92, an RMSE of 0.31, and an RE of 10.25% (Figure 2b). 

Figure 2. (a) Simulated LAIs of winter wheat with no data assimilation and (b) with the 
POD4DVar data assimilation. 

 
Consequently, the yield estimates were dramatically improved because of the optimization of the 

LAI simulation process. Compared with the forecasted yields with no data assimilation (Figure 3a) and 
the EnKF-based data assimilation (Figure 3b), the estimated yields with the POD4DVar-based data 
assimilation better predicted the measured yields, with an R2 of 0.73, an RMSE of 319 kg/ha, and an 
RE of 3.49% (Figure 3c). Furthermore, less computing time was required for the POD4DVar-based 
strategy (1.60 s over an assimilation window) than for the EnKF-based strategy (11.74 s). The 
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experimental results support the technical and practical feasibility of POD4DVar-based crop model 
data assimilation, especially in terms of accuracy and efficiency. 

Figure 3. (a) Comparisons of winter wheat yield estimated by the CERES-Wheat model 
with no data assimilation, (b) the EnKF-based data assimilation, and (c) the POD4DVar-based 
data assimilation. 

 

 

4.2. Experiments for Winter Wheat Yield Estimation on a Regional Scale 

Remotely sensed LAI maps with a spatial resolution of 30 m were used to map regional winter 
wheat yields. The yield map shows that the yield per unit area tended to decrease from the northwest to 
the southeast of Hengshui (Figure 4). The average yield over the study region was 7069 kg/ha,  
the yield range was 4957 to 8367 kg/ha, and the standard deviation was 375 kg/ha. The maximum 
productive capacity was observed in Gucheng county (7884 kg/ha), followed by Zaoqiang (7608 kg/ha) 
and Jingxian (7456 kg/ha). The minimum yield was 6108 kg/ha in Raoyang. 
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Figure 4. The 30 m by 30 m winter wheat yield map in Hengshui based on the  
assimilation of remotely sensed LAI maps into the CERES-Wheat crop model using the 
POD4DVar strategy. 

 

An accuracy verification was performed on pixel and county scales. The estimated yields of  
53 pixels better corresponded to the actual yields of field plots, with an R2 of 0.74, an RMSE of  
335 kg/ha, and an RE of 3.70% (Figure 5a). The statistical results for the mean yields for 11 counties 
showed that the R2 was 0.82, the RMSE was 243 kg/ha, and the RE was 2.59% (Figure 5b). The good 
performance of the CERES-Wheat model with POD4DVar supports the feasibility and potential of this 
approach for operational systems that monitor regional crop yield. 

4.3. Analysis of the Potential of the CERES-Wheat Model with POD4DVar 

The objective of this study was to estimate winter wheat yield by assimilating measured or remotely 
sensed information into the CERES-Wheat model and to examine the suitability of the CERES-Wheat 
model with POD4DVar for operational estimates of crop yield at regional scales. In our assimilation 
strategy, the CERES-Wheat model, as a dynamic agroecosystem model, can be used to simulate 
temporal changes according to the climate-soil-crop-management system that diagnoses and forecasts 
crop growth status during various developmental stages. Moreover, remotely sensed data can provide 
actual information on regional crop growth status in real time. This information is critical for 
optimizing simulation processes in crop models. Most importantly, the POD4DVar-based strategy 
simplifies the data assimilation process and retains the main advantages of the traditional 4DVAR 
method [54]. Consequently, significant improvements in regional yield estimation were observed in 
our experiments when the POD4DVar-based strategy, rather than the EnKF-based strategy, was used 
to assimilate remotely sensed LAI maps into the CERES-Wheat model. Contrary to the EnKF-based 
sequential assimilation strategy, the POD4DVar-based strategy assimilated all observational data at 
multiple times in an assimilation window such that less computing time was required. In our work, the 
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assimilation efficiency of the POD4DVar-based strategy was at least 7 times faster than that of the 
EnKF-based strategy in an assimilation window. The significant improvements in yield estimation 
suggest that the POD4DVar-based CERES-Wheat model data assimilation technique overcomes the 
shortcomings of the other approaches and can be applied to accurately and efficiently estimate regional 
crop yields. 

Figure 5. Comparisons between the real and estimated yields on (a) pixel and  
(b) county scales. 

 

In addition to the yield, other critical information on regional crop growth may also be estimated, 
such as the biomass (Figure 6a), harvest index (Figure 6b), evapotranspiration (Figure 6c), and soil 
organic carbon (Figure 6d). These findings collectively provide strong support for monitoring crop 
growth, guiding agricultural activities, and evaluating agricultural contributions to climate change. 
Hence, some of the observed data will be collected for future analysis to determine the accuracy of 
these additional estimates. These results suggest that the CERES-Wheat model with POD4DVar-based 
data assimilation is feasible and has a potential application in operational systems for monitoring 
regional crops in the near future. 

4.4. Uncertainty Analysis of CERES-Wheat Model with POD4DVar 

Imperfect predictions are often unavoidable because of uncertainty about future weather conditions 
and because of imperfect crop models that are limited due to insufficient detailed knowledge of the 
crop growth process, but the uncertain simulations appear to be well corrected through the use of data 
assimilation technology. When crop models with data assimilation are employed to estimate regional 
crop yields and other growing state variables, several uncertainties in the model inputs, data assimilation 
algorithms, and assimilated observations must be addressed. 

It is essential to obtain high-quality model inputs of soil, weather, and field management 
information because these data may be used for the calibration and validation of crop models. 
Nevertheless, it appears to be impossible to collect all of these data on a regional scale, especially for 
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regional field management information, which is often parameterized as a general value in an 
agricultural region. This issue is present in the current study, but a data quality control was performed 
in the data preparation stage. This procedure reduced the uncertainty due to the model inputs in the 
data assimilation. 

Figure 6. Estimation of additional information in the CERES-Wheat model with 
POD4DVar-based data assimilation. (a) Above-ground biomass; (b) Harvest index;  
(c) Evapotranspiration; (d) Soil organic carbon. 

  
(a) (b) 

  
(c) (d) 

The data assimilation performance of the CERES-Wheat model appears to rely heavily on the 
parameters of the POD4DVar algorithm and the spatiotemporal scales of the assimilating observations. 
As in the EnKF method, the state ensembles are used in the POD4DVar method to describe the 
possibility of real states in crop growth simulations. This characteristic suggests that the quality of the 
results depends on the perturbed ensembles when POD4Dvar is used [54]. Hence, the state ensembles 
must be generated in a reasonable manner to reduce the prevalence of uncertain simulations. 

The assimilated observations also result in uncertainties. The purpose of data assimilation is to 
employ the observational data to correct simulations of the crop growing process. A significant 
improvement at the regional scale could be achieved if remotely sensed observations with high 
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spatiotemporal resolution were assimilated into the crop model. However, these satellite-based 
observations during the crop growing season are usually limited by frequent cloud coverage, long 
revisit periods, and/or mixed-pixel errors [56]. These limitations and errors are important factors that 
result in uncertainty for regional crop yield estimation. This aspect also requires further investigation. 

5. Conclusions 

By merging the Monte Carlo method and the POD technique into the 4DVar method, the POD4DVar 
method retains the main strengths of traditional 4DVar and avoids the need for an adjoint or tangent 
linear model of the forecast model in data assimilation. Compared with the EnKF-based strategy, this 
method has the advantage of higher computational efficiency in operational monitoring of regional crop 
yields. Significant improvements in the accuracy and efficiency of crop yield estimation were observed 
when the measured LAIs or the remotely sensed LAI maps were assimilated into the CERES-Wheat 
model with POD4DVar. In addition to crop yield estimation, the potential applications of the 
POD4DVar-based CERES-Wheat model may include the estimation of other critical variables in a crop 
growing season, such as the biomass, harvest index, evapotranspiration, and soil organic carbon. These 
potential applications suggest that our data assimilation strategy is a promising approach for 
operationally monitoring crop growing states and predicting critical crop variables. However, successful 
application in an operational system for regional crop monitoring must address several issues of 
uncertainty, such as the crop-growing mechanism in the crop model, model inputs, data assimilation 
algorithm, and assimilated observations. These issues will be examined in future studies. 
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