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Highlights 17 
- Demonstrated low computational cost remote sensing assimilation for corn model 18 
- Satellite LAI was integrated into CERES-Maize model by using the DSSAT Pest Module 19 
- Observational constraint benefit was sensitive to assimilation timing and schedule 20 
- LAI reduced biases from incorrect cultivars, particularly for early season growth 21 
- Findings further remote sensing assimilation and support broad domain applications 22 

Abstract 23 
In anticipation of large-domain crop model applications where precise local configuration and 24 
calibration is not possible, we describe benefits and potential drawbacks of employing a crop 25 
pest module to achieve leaf area index (LAI) assimilation into a high performing CERES-Maize 26 
crop model configuration at a field experiment site in Perry, Iowa. Simulation experiments 27 
explore the use of MODIS satellite-derived LAI to constrain and adjust LAI to counter imprecise 28 
cultivar and soil configurations often occurring in the absence of high-quality local information. 29 
Simulations using single-day, window, and continuous LAI replacement across 5 cultivars and 2 30 
soil calibration approaches for nine corn rotation years from 2004-2020 led to different yield 31 
outcomes and reverberations throughout the field environment. Evaluating variance and mean 32 
bias, results indicate minimal interventions in early vegetative and grain-filling stages were more 33 
beneficial than use of continuous LAI adjustments, as they minimized disruptions to the internal 34 
resource balances governing plant stresses and grain production. LAI adjustment was 35 
particularly helpful in constraining growth related to uncertain thermal unit requirements and leaf 36 
tip appearance rates (P1 and PHINT cultivar parameters, respectively). Findings underscore the 37 
need to assimilate additional state variables to ensure internal biophysical coherence. This 38 
approach shows promise for applications spanning wider domains with prediction time pressure 39 
where detailed configuration, more complex assimilation methods, or recalibration of crop model 40 
parameters may not be practical.  41 
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1 Introduction 43 

A core concept behind data assimilation methods is that model simulations accumulate bias 44 

with each time step due to imperfections in input data or the model representation of processes. 45 

To address this issue, within-simulation updates using observations as additional inputs can 46 

serve as a constraint on model conditions keeping the simulation more in line with true 47 

conditions. With more accurate (or representative) data reflected in the model, subsequent 48 

calculations will produce higher quality predictive results. Enhancing crop model capabilities 49 

would benefit decision support applications by agricultural sector stakeholders ranging from 50 

farmers to agricultural suppliers and commodity traders. Several studies have demonstrated 51 

that a remote sensing constraint improves model performance on a field level or in small-scale 52 

domains (Ines et al 2013, Bandaru et al 2022); however, remote sensing-based data 53 

assimilation is not broadly utilized within agricultural modeling community networks such as the 54 

Agricultural Model Intercomparison and Improvement Project (AgMIP; Rosenzweig et al., 2013; 55 

Ruane et al., 2017). In this study, we propose a method to advance data assimilation in 56 

process-based crop models, which simulate plant growth in response to genetics, environment 57 

(soils and weather), and farm management.  58 

Recent years have seen increasing calls for the development of advanced agricultural 59 

modeling systems incorporating crop models, data assimilation, and machine learning, 60 

sometimes linked to ‘digital twins’ (Rosenzweig et al. 2023; Pylianidis et al., 2021; Purcell and 61 

Neubauer, 2023). This ambition is also central to the goals of the AgMIP community, including 62 

as a focus for next-generation crop model development (Jones et al., 2017) and the creation of 63 

new machine learning tools (Sweet et al., 2024).  64 

The development of decision support systems utilizing process-based crop models with 65 

remote sensing data assimilation has been hindered by two major barriers which are 66 

increasingly surmountable. First, previous attempts were limited by computational resources 67 

given the diversity of farming systems that must be represented at small scales. The time 68 

necessary to execute potentially thousands of iterations is beyond a reasonable lag time to 69 

support decision makers. Execution times are further increased for methods interrupting and 70 

restarting streamlined models to perform in-season data assimilation. Recent advances in the 71 

power and speed of high-performance computational systems and model engineering facilitate 72 

parallel processing of large grids at high spatial resolutions, opening up tremendous cost-73 

efficient opportunities. Second, operational systems previously lacked sufficient data to 74 

configure and drive large-domain crop models. Today ground surveys, satellite, drone remote 75 

sensing, and data collection technologies mounted on field equipment have created a new, data 76 



rich environment (Jin et al., 2018). As these barriers fall, new challenges emerge in developing 77 

capabilities to assimilate new datasets into high-performance model configurations. Specifically, 78 

a need exists for (i) new connection points where assimilated data can constrain model 79 

simulations, and (ii) new biophysical process insight allowing models to most effectively 80 

represent information conveyed in observational data constraints (Jin et al. 2018, Basso et al 81 

2013). New modeling and assimilation capabilities will likely identify additional data 82 

requirements and observational gaps. 83 

The current state of crop model data assimilation reflects these limitations in data 84 

assimilation entry points. Previous studies largely targeted an improved calibration with no 85 

within-season (e.g., day by day) updates once the simulation begins (Fang et al., 2011; Martre 86 

et al 2015; Durand et al 2018; Jin et al. 2018). Adjustments are often targeted across multiple 87 

state variables in an effort to maintain consistency and reasonable relationships between 88 

nutrient pools. For example, Richetti et al. (2019) compared observations of crop growth stages 89 

with first-pass simulations to optimize genotype cultivar parameters prior to a subsequent free-90 

running simulation. This approach places potentially undo pressure on a small set of calibration 91 

parameters to correct biases, which can be problematic given the sources of bias are rarely 92 

known and isolated. Some studies have shown within-season assimilation of remote sensing 93 

data to update model state variables can lead to improvements in model performance, but with 94 

high computational expense and requiring novel model components that are not widely 95 

available (Ines et al., 2013; Bandaru et al., 2022). Of note, Ines et al (2013) integrated leaf area 96 

index (LAI) and soil moisture with notable improvement when modeling maize in Story County, 97 

IA, but required interrupting the crop model, performing an Ensemble Kalman filter assimilation 98 

method and reinitializing the model at each assimilation point. Adjustments were made across 99 

multiple state variables, although the effect on computational speed (a major concern for 100 

broader domain studies) was not discussed. A key gap is present addressing model response to 101 

data assimilation without modifying all nutrient pools. 102 

This study quantifies errors induced during the assimilation of satellite-estimated LAI into 103 

the CERES-Maize model utilizing a simple updating method that affects LAI but does not alter 104 

complementary state variables. This approach was examined not as a long-term technical 105 

solution, but as a necessary and illustrative step in the development of a new generation of crop 106 

model data assimilation. Special consideration was given toward the effect of assimilation on 107 

yield, which was the focus of this application. The objectives of this study were to: (1) explore 108 

impacts of LAI assimilation through the pest coupling module of CERES-Maize with limited state 109 

variable consistency, (2) evaluate how LAI assimilation compensates for poor genetic or soil 110 



characterization, and (3) determine which assimilation schedule is the best when compared to a 111 

calibrated model. 112 

2 Methods 113 

From prior work, a baseline of expected field performance was generated from a well 114 

calibrated version of the Decision Support System for Agrotechnology Transfer (DSSAT; 115 

Hoogenboom et al., 2019) model from even years between 1994-2002. Next, we described 116 

modifications to the pest/disease coupling points within the CERES-Maize model distributed 117 

with the DSSAT crop modeling system enabling measured LAI values to be integrated into 118 

simulations of maize production near Perry, Iowa, USA, between 2004 and 2020. Combining the 119 

baseline model and with the LAI assimilation method, we explored three LAI assimilation 120 

updating strategies: single-day, continuous, and window. Yield predictions were compared to 121 

the baseline model. 122 

2.1 Crop Model Calibration  123 

The field used in this study was referred to in various publications as the McGarvey field in 124 

Perry, IA (Thorp et al., 2005; Thorp et al., 2006; Batchelor et al., 2002). Here we provide an 125 

overview of the field study and prior crop model calibration, with further specifics of the 126 

calibration provided in the above-referenced studies. This 20-ha field was divided into 100 grids 127 

approximately 0.2 ha in size to represent variations in field characteristics and management in 128 

the region. Plant populations were measured in each grid each year, but populations were 129 

relatively uniform across grids and years. Management information including planting date, row 130 

spacing, nitrogen (N) fertilizer rate, and hybrid were available for each plot. Weather data were 131 

collected at the site each year. Yield data was collected by a yield monitor for 1994, 1996, 1998, 132 

2000 and 2002 and averaged for each grid. Calibration data was used from prior studies. No 133 

new data was collected or utilized in this study. 134 

In previous work, the CERES-Maize v3.5 model was used to calibrate two soil parameters 135 

to minimize error between simulated and observed yield in the 100 unique 0.2 ha grids within a 136 

20 ha field in Perry, IA (Fig. 1). Five seasons of maize yield data were available for 1994, 1996, 137 

1998, 2000 and 2002. (Thorp et al., 2006; Thorp et al., 2007)). The field was divided into 100 138 

grid cells approximately 0.2 ha in size (Figure 1). The CERES-Maize v3.5 model was linked to 139 

an optimizer that used a simulated annealing algorithm to optimize two soil parameters related 140 

to the effects of tile drainage on crop growth and yield. Cultivar coefficients for the maize hybrid 141 

were available. Their results yielded an overall RMSE of 490 kg ha-1 and an r2 of 0.89 between 142 

simulated and observed yields over 100 grids and 5 seasons of data.  143 



Thorp et al. (2007) calibrated this field using CERES-Maize v3.5. For this work, we 144 

recalibrated soil inputs for each of the 100 grids using CERES-Maize v4.8. Recalibration was 145 

necessary because CERES-Maize v3.5 had a modified root growth model that was substantially 146 

different compared to the current root growth model in v4.8. These differences affect root depth 147 

and distribution dynamics and water stress patterns. The five soil parameters that were 148 

calibrated include: 1) RHRF – root shape factor; 2) PASW – percent available soil water (cm3 149 

cm-3); 3) ETDS – effective tile drain spacing (m); 4) KSAT – saturated hydraulic conductivity of 150 

the bottom soil layer (cm d-1); and 5) SLNF – soil nitrogen mineralization rate factor (0-1.0). 151 

Parameters ETDS and KSAT affect the efficiency of the subsurface tile drain to control the 152 

water table depth in these impermeable soils. The RHRF parameter changes the distribution of 153 

roots (root length volume) in soil layers below 60 cm, which affects water uptake in deeper soil 154 

layers and ultimately, water stress. The parameter PASW was introduced to make slight 155 

adjustments to the lower limit of water holding capacity across all soil layers in a grid, resulting 156 

in slightly more or less water holding capacity in the soil. The SLPF parameter is a scalar (0-1.0) 157 

that modifies daily photosynthesis rate due to unknown fertility issues or pH problems.  158 

Following the methods outlined in Thorp et al. (2007), crop model input files were 159 

established for each grid and season. The crop model was linked to the Geospatial Simulator 160 

optimization package (Thorp et al., 2013) that is a plug-in to the QGIS software package (a free 161 

and open-source geographic information system suite). Thorp et al. modified the model such 162 

that the five parameters could be passed from the optimizer to the crop model during the 163 

parameter optimization process. Uncalibrated soil data was extracted from SSURGO to produce 164 

field maps. The field map with grid boundaries were imported into QGIS and an attribute table 165 

was constructed for grids. The attribute table contained columns for simulated and observed 166 

yield for each year, as well as a column for each parameter to be optimized. Rows in the 167 

attribute table represented individual grids. The Geospatial Simulation plug-in utilizes the 168 

simulated annealing algorithm for parameter optimization. Parameters required to run the 169 

optimization were taken from Thorp et al. (2007), who also used the simulated annealing 170 

method to calibrate this same field. Different parameter combinations were tested to determine 171 

the best combination of parameters that minimized the overall RMSE and R2 between simulated 172 

and observed yields for each grid over 5 seasons.  173 



 174 
Figure 1. Location and arrangement of field plot centroids near Perry, Iowa (see inset map) relative to MODIS 175 
gridded Leaf Area Index (LAI) for 2015. 176 

One challenge in using crop models to estimate spatial yields across the landscape is the 177 

uncertainty in model inputs including variety and soil properties. The goal of this research was to 178 

determine if incorporating remotely sensed LAI as an adjustment to the model can overcome 179 

uncertainty in cultivars and soil properties. The results of the baseline model are shown in 180 

Figure 2. The baseline model gave good results, with an RMSE of 445.9 kg/ha and R2 of 0.87 181 

between simulated vs observed yield data over five years and 100 grids.  182 
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Figure 2. Mean correspondence between calibration and generic options without LAI assimilation for calibration 185 
period at McGarvey Field near Perry, Iowa, differentiated by experimental year. 186 

Based on these excellent results, we used the baseline model to test different strategies of 187 

incorporating remote sensed LAI as an adjustment to the model for different assumptions about 188 

genetics and soil properties for the 100 grids in this field. The calibrated model was run for even 189 

years (the maize rotation) from 2004-2020 using different combinations of LAI adjustment 190 

strategies, and different cultivars and neighboring soil types (assuming no error in boundaries of 191 

digital soil maps) to determine how errors in cultivar selection and gridded soil maps may affect 192 

simulated yield, and to determine if LAI adjustments could overcome these discrepancies 193 

between in-field and simulated results. Inputs for the years 2004-2020 were assumed based on 194 

management practices in 2000 and 2002. The maize cultivar was assumed to be PC0004 195 

(distributed with DSSAT v4.8) and the planting date was assumed to be Julian day 117 for each 196 

year. Plant populations were maintained from the prior studies, averaging 7.4 pl/m2, while N 197 

application rate was assumed to be 40 kg ha-1 applied in the fall followed by 160 kg ha-1 applied 198 

just before planting. Harvest date was set to maturity. Five soil types were used across the 199 

plots: Canisteo silty clay loam, Clarion loam, Nicollet loam, harps loam, and Okoboji silty clay 200 

loam. Weather was downloaded from the National Aeronautics and Space Administration 201 

(NASA) Langley Research Center Prediction of Worldwide Energy Resource (POWER) project 202 

(White et al., 2008).  203 

2.1.1 Incorporating Remote Sensed LAI Adjustments in CERES-Maize 204 

Batchelor et al. (1993) incorporated pest damage routines into the DSSAT family of crop 205 

growth models. They defined a series of pest coupling points for leaf, stem, pod, seed, and root 206 

damage. Users enter pest damage in a time series pest progress file (File T), and the pest 207 

damage is applied on the user defined date entered in File T. The CERES-Maize model 208 

distributed in DSSAT v4.8 was modified to adjust LAI, leaf weight, and leaf N content on a user 209 

defined (target) date. The new pest input was defined as a Target LAI value derived from 210 

remote sensed data that can be applied on one or more user defined dates. Details of the model 211 

modification are shown in Appendix 1. Essentially, the Pest module allows a user to impose 212 

decreases in LAI as if they were the result of pest damage. This module also allows increases in 213 

LAI as if they were the result of a ‘negative pest’, which is not feasible but an effective mirror 214 

image to pest damage allowing DSSAT to expand plant leaf area. The LAI reported by DSSAT 215 

at the end of each day is the result of the prior LAI condition, any assimilated LAI information, 216 



and any change in LAI resulting from that day’s biophysical processes. In application, this 217 

results in DSSAT reporting an LAI close to the assimilated LAI but not the exact value.  218 

2.2 Leaf Area Index 219 

2.2.1 LAI Data Sources 220 

We elected to use the combined AQUA-TERRA MODIS 4-day product downloaded for 221 

even years from 2004 to 2024 for the McGarvey field from NASA Earthdata (Myneni et al., 222 

2021). This dataset is compatible with NASA HEGTool for simple preprocessing. This dataset 223 

features a 500m grid cell size and a 4-day temporal resolution. This is finer than comparable 224 

datasets, allowing multiple grid cells to overlap the field and allowing greater granularity and 225 

number of assimilation events during the growing season. 226 

2.2.2 Remote Sensed LAI Processing for Crop Model Adjustments 227 

Data assimilation with the LAI product is complicated by the presence of diverse fields, 228 

roads, trees, buildings, and non-agricultural land uses that may also be present in any given 229 

MODIS grid cell (see Figure 1 for a snapshot of the selected LAI product overlaid with the 230 

centers of the field plots). To reduce the effect of minor biases that can cause large spikes or 231 

drops in LAI, we investigated three methods to smooth the MODIS 4-day product across (1) 232 

time, (2) space, and (3) a combination of time and space. Temporal averaging used a rolling 233 

mean of the previous, present, and future measurements in each grid cell (3 measurements in 234 

an 9-day period). Spatial averaging used an unweighted average of the nine neighboring grid 235 

cells centered on the selected location (effectively increasing the horizontal resolution to 1km2). 236 

Combining both approaches provides stronger spatiotemporal smoothing. We elected to utilize 237 

the time averaged MODIS product (#2) in the simulations given the spatial averaging showed 238 

substantial volatility and the combined temporal and spatial method showed a lower peak than 239 

raw values (influenced downward by neighboring pixels) and washed out some of the spatial 240 

detail desired for future field applications.  241 

 242 



 243 
Figure 3. The effects of spatial and temporal smoothing on MODIS 4-day LAI observations for 2003.  244 

2.3 Simulation Experimental Design 245 

We simulated maize seasons from 2004-2020 using the calibrated genetic coefficients and 246 

soils for each grid in the field. We used the baseline model as our basis for comparison given 247 

accurate estimations of maize yield and excellent spatial performance during the 1994-2002 248 

calibration period. To test the uncertainty of using LAI updating from remote sensing to 249 

compensate for uncertainty in soil properties and cultivars, we developed 150 simulation 250 

scenarios covering combinations of 2 soil calibrations from the field, 5 cultivars, and 15 LAI 251 

assimilation strategies, as described in the section below. Each were tested across 100 grid 252 

locations in the study field to explore different levels of field information availability and the 253 

incorporation of satellite observations against the baseline (unmodified) model. 254 

To determine a modified model’s performance, two statistical tests were applied. 255 

Coefficients of determination (R2) were calculated to evaluate the ability of a model to capture 256 

yield variation. Z-scores were calculated to evaluate the statistical significance of mean bias. Z-257 

scores represent how different a sample model’s mean is from the perfect model’s mean as 258 

measured against the perfect model’s standard deviation. Z-scores were converted to p-values 259 

to evaluate the significance of the model’s difference from the perfect model (see supplemental 260 

Table S2 for thresholds used). An ideal LAI assimilated model will improve the R2 from the non-261 

LAI adjustment and will have a low z-score indicative of a small mean bias compared to the 262 

perfect model. 263 
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2.3.1 Model Configuration Sets 264 

Besides the calibration soil and genetic coefficients, we designed a series of model 265 

simulations to isolate and combine effects of unknown soils and cultivars, proposing LAI 266 

assimilation could serve as a constraining factor to bring simulations with uncertain calibrations 267 

more in line with the default baseline model configuration’s simulation. Cultivars and soils were 268 

swapped in without re-calibrating the full set of internal state variables. 269 

To investigate the ability of LAI assimilation to constrain simulations with uncertain soil 270 

information, we utilized the five generic (uncalibrated) soil parameters as the starting point for 271 

the baseline simulations. Soil data was sourced from the SSURGO dataset for the field 272 

locations. Location-specific soil test data were not included for each plot. Differentiation of LAI 273 

assimilation performance based on specific soil parameters is beyond the scope of this study.  274 

To synthesize conditions where the selection of a cultivar is uncertain, we created 275 

configurations for four cultivar alternatives to PC0004 which may be used in this region (Table 276 

1). In addition to the calibrated cultivar, these included generic varieties characterized by their 277 

temperature response (LowGDD and HighGDD to maturity) and two previously calibrated 278 

cultivars that have historically been widely used in Iowa (Pioneer 3394, which is included in the 279 

standard DSSAT release, and an unreleased Pioneer 3394 parameter set). The LowGDD and 280 

HighGDD options only differed in the P1 parameter, which puts their growing-degree-day 281 

requirements at 2600-2650 and 2750-2800, respectively. The Pioneer 3394 options 282 

representing cultivars differing in more complex ways from the baseline cultivar.  283 

 284 
Table 1. Cultivar parameters used in the experimental design.  285 

Name VRNAME ECO# P1 P2 P5 G2 G3 PHINT 
Calibrated PC0004 IB0001 240 0.75 850 800 8.5 49 
LowGDD PC0002 IB0001 185 0.75 850 800 8.5 49 
HighGDD PC0005 IB0001 260 0.75 850 800 8.5 49 
Pio1 IB1067 IB0001 240 0.5 900 820 8.5 48 
Pio2 ZZ0067 IB0001 246.5 0.611 761.2 818.8 8.28 75 

VRNAME = Cultivar code; ECO# = Ecotype code; P1 = Thermal time from emergence to the end of juvenile phase 286 
(℃*days); P2 = Delay for each hour increase in photoperiod; P5 = Thermal time from silking to physiological maturity 287 
(℃*days); G2 = Maximum possible number of kernels per plant; G3 = Grain fill rate during linear grain fill stage and 288 
under optimal conditions (mg/day);  PHINT = Phyllochron Interval: thermal time interval between successive 289 
appearances of the leaf tip (℃*days). 290 

2.3.2 LAI Assimilation Strategies 291 

LAI assimilation strategies were separated into 4 ensemble options: No LAI, Single-day, 292 

Window, and Continuous. For the No LAI ensemble, no remotely sensed adjustment was made 293 

to the simulated LAI in the crop model. The other ensembles describe different LAI assimilation 294 



schedules. In the Single-day ensemble, a remotely sensed LAI adjustment was made on one of 295 

six Julian days corresponding to phenological stages: flowering – Julian days 193 and 197, 296 

early grain filling – Julian days 213 and 217, and late grain filling – Julian days 257 and 261. For 297 

the Continuous ensemble, LAI adjustments were made to the crop model using all available 298 

dates between Julian days 160 and 270. For the Window ensemble, LAI adjustments were 299 

made to the crop model for all measurement dates available during a Julian day window: mid-300 

vegetative (160-174), late-vegetative (175-189), flowering 190-204, early grain filling 205-219, 301 

mid grain filling 220-234, mid grain filling (235-249), and late grain filling (250-264).  302 

We name each simulation according to patterns describing the soils and cultivars as well as 303 

the LAI assimilation schedule (Table 2). For soils and cultivars, ensemble number was 304 

combined with an abbreviated cultivar (e.g. generic, or uncalibrated, soil with HighGDD would 305 

be ‘’Gen_HighGDD’). For LAI assimilation, the “D”, “C”, and “W” represented single-day, 306 

continuous, and window updates, respectively. The associated Julian days for each strategy 307 

were combined with an underscore (e.g. single-day on Julian day 193 would be “D_193”). 308 

Continuous simulations used LAI information every 4 days and received the label “C_4”.  309 
  310 
Table 2. Soils, cultivars, and LAI assimilation schedules used in combination within this study’s sensitivity tests, along 311 
with their abbreviations. 312 

a) Soils  b) Cultivars  c) LAI Assimilation Schedule 
Soil Abbreviation  Cultivar Abbreviation  Schedule Abbreviation 
Calibrated Cal  Calibration Cal  None No LAI 
Uncalibrated 
(Generic) 

Gen  Low GDD LowGDD  Single Day D 

   High GDD HighGDD  Window W 
   DSSAT 

Pio3394 
Pio1  Continuous C 

   Unreleased 
Pio3394 

Pio2    

 313 

3 Results  314 

3.1 2002-2020 Simulations without LAI assimilation  315 

Analysis indicates cultivar selection has a larger impact on model performance than the 316 

selection of soils as evidenced by the larger decline in R2 when changing cultivars in Table 3. R2 317 

for the LAI integrated models with the baseline ranged from .790 to .994, meaning the models 318 

captured the variance to the perfect model well. The generally high R2were expected given the 319 

soil and cultivar changes represent relatively minor modifications to the calibrated experiment 320 

setup given the management and weather were unchanged. All z-scores were significant at the 321 

p<0.05 level, with smallest absolute value of z=1.96 for the calibration cultivar with the generic 322 



soil. Raw z-scores are provided in supplemental Table S1. These high z-scores, resulting in low 323 

p-values for similarity, indicate the modified models struggled to capture the yield magnitude of 324 

the perfect model. Both metrics indicate room for model improvement using data assimilation to 325 

better reproduce the perfect model. 326 
 327 

Table 3. Performance of simulation configurations without LAI assimilation. The R2 of each cultivar and soil 328 
combination, compared to the default simulation (using calibrated cultivar and calibrated soils) perfect model yields 329 
for maize years between 2002 and 2020 based on NASS CDL land use datasets, indicates a reduction in captured 330 
variance that data assimilation would seek to overcome. P-values on mean bias are delineated by symbols (Table 331 
S2), with lower values indicating significant differences between the modified models and the perfect model (thus 332 
leaving space for data assimilation improvement). 333 

Cultivar Calibrated Soil Generic Soil 
Calibration Cultivar [default configuration] 0.994* 
Generic LowGDD 0.913^ 0.916# 
Generic HighGDD 0.955^ 0.951^ 
DSSAT Pioneer 3394 (Pio1) 0.973^ 0.978^ 
Unreleased Pioneer 3394 (Pio2) 0.814^ 0.790^ 

* denotes significance at p<0.05 level; # significant at p<0.01 level; ^ significant at p<0.001 level 334 
 335 

R2 and z-score differences across varieties were linked to distinct cultivar traits (recall Table 336 

1). The HighGDD generic cultivar more closely tracked the calibration cultivar than the LowGDD 337 

cultivar (higher R2), likely owing to having a more similar early season thermal time (P1; all other 338 

parameters were the same) to the calibrated cultivar. Pio1 had the greatest R2 while Pio2 had 339 

the lowest. The Pio2 variety deviated from the current suite of cultivars through its lower grain 340 

filling rate (G3) and greater time between new leaf initiation (phyllochron interval; PHINT). Z-341 

score magnitudes for Generic LowGDD and HighGDD were approximately similar, biased lower 342 

and higher, respectively, than the calibration cultivar. Mean bias was substantially greater for 343 

both Pio1 and Pio2 varieties. 344 

Soil had a minor impact on R2, as swapping the generic soil for the calibrated soil (columns 345 

in Table 1) had a small effect regardless of cultivar used (∆R2 ≤ 0.24). The generic soils had a 346 

slightly lower R2 than the calibrated soil for the LowGDD and Pio1 cultivars, although these 347 

changes are tiny and may reflect fortuitous bias combinations. Generic soils push mean yields 348 

higher, which partially compensates for the LowGDD bias improving the z-score.  349 

3.2 LAI assimilation in contrasting years 350 

LAI adjustment inputs were successfully integrated into the CERES-Maize crop model by 351 

feeding MODIS LAI observations into the modified DSSAT Pest Module, as illustrated for a 352 

single test plot in 2016 within Figure 4. Looking first at the yellow line representing the baseline 353 

crop simulation without LAI assimilation, 2016 had relatively high yields in this region, with the 354 



baseline model showing simulated LAI peaking near 5 m2 m-2 on Julian day 204 with gradual 355 

decay until Julian Day ~231 and then steeper decay until harvest.  356 

 357 

 358 
Figure 4. Impact of LAI Adjustments to CERES-Maize simulated LAI using the calibrated configuration (top), with 359 
schematic of corresponding LAI adjustment schedule for each assimilation strategy by day of year (bottom). D_197 = 360 
Single day update on Julian day 197; W_235_249 = Window update between Julian days 235-249; C_4 = Continuous 361 
4-day updates. 362 
 363 

The single-day LAI assimilation on day 197 (D_197; blue line) causes an immediate drop in 364 

LAI and results in an earlier peak of only ~4.5 m2 m-2 and lower LAI through the remainder of the 365 

season. The model continued to increase LAI after the day 197 adjustment following the same 366 

pattern as the no-assimilation model given matching phenological progression but never 367 

achieving the baseline’s maximum LAI before grain filling.  368 

The window assimilation adjusts simulated LAI for four consecutive 4-day MODIS 369 

observations (W_235_249; gray line), resulting in a late-season drop in LAI earlier and steeper 370 

than the no assimilation baseline simulation. This adjustment was applied during grain filling, 371 

when leaf growth subsided and carbon was remobilized out of leaf tissue to support grain 372 

growth. In this case, leaf area continued to decrease because of carbon remobilization to seeds.  373 

Finally, the continuous 4-day MODIS update simulation (C_4; orange line) appeared 374 

disjointed and inconsistent. The assimilation imposed an earlier and steeper green-up, a delay 375 

in the peak LAI by at least 10 days (although reaching a similar maximum of ~5 m2 m-2), and a 376 

more rapid decline during grain filling at the end of the season. Taken together, these example 377 

adjustment schedules show how LAI assimilation can impose different seasonal canopy 378 
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structure on the crop simulation model, with even single-day and window interventions having 379 

effects capable of lingering throughout the remaining season.  380 

 381 
Figure 5. LAI responses to different satellite LAI assimilation schedules for different cultivars and example seasons. 382 
LowGDD (a-c), HighGDD (d-f), and Pio2 (g-i) for a low-yielding, dry year (2012, left column), a high-yielding, wet year 383 
(2016; middle column), and an average year (2020; right). Yields for each simulation are displayed in the upper-left 384 
corner of each panel with corresponding colors. Pio2 was included to represent a substantially different cultivar 385 
parameter set. Note,Perry was affected by the derecho (severe wind event) that swept across Iowa on August 10th, 386 
2020 (Julian Day 224), leading to a decrease in LAI as seen in the C_4 line.  387 



 388 

Figure 5 shows how corn in one of the Perry grids responds according to the interplay of 389 

different LAI adjustment strategies (No adjustment, single-day D_197, window W_235_249, and 390 

continuous C_4) and cultivars (LowGDD, HighGDD, and Pio2) across representative lower 391 

(2012), higher (2016), and relatively average (2020) yielding seasons (Schnitkey 2017, Paulson 392 

et al 2024). Because the experiment design used fixed days and windows for LAI assimilations, 393 

cultivar differences and weather-driven effects on seasonal phenological development can shift 394 

LAI constraints away from critical events, such as early season vegetive growth, peak LAI, and 395 

reproductive stages. Yield generally is higher for simulations and years when LAI is higher, 396 

although there is not any direct rule the highest average, peak, or end of season LAI guarantees 397 

the highest yield. This reflects the role of water, nitrogen, and heat stresses affecting the plant at 398 

key phenological stages as well as the potential for limiting biophysical processes not reflected 399 

in the LAI variable (e.g., reduced grain numbers). Further exploration of these stresses is 400 

beyond the scope of this study but represent a notable gap in understanding to be addressed in 401 

future work. 402 

Drier and warmer conditions in 2012 led to a poor growing year for all cultivars (Fig 5a,d,g), 403 

with lower simulated and measured LAI along with a shorter season that interacted with the LAI 404 

assimilation schedule. Early season LAI measurements matched the LowGDD and HighGDD 405 

simulations well, while Pio2 substantially underestimated vegetative growth. Because 2012 was 406 

also a relatively warm year, peak LAI occurred between Julian day 184 and 195, prior to the 407 

single-day D_197 adjustment and over 2 weeks earlier than the peak LAI measured in 2016 for 408 

the calibration cultivar in the baseline scenario. All cultivars approximated the peak LAI timing 409 

well, however the baseline Pio2 approximated peak LAI magnitude while the other cultivars 410 

substantially overestimated. Crop maturity also occurred earlier, around Julian day 235. This led 411 

to the window W_235_249 LAI adjustment occurring during the grain filling stage rather than as 412 

a constraint on peak LAI. Pio2 baseline results again matched the LAI measurements well, 413 

specifically during the early reproductive stages, and underestimated LAI toward harvest. The 414 

LowGDD and HighGDD overestimated LAI during the early grain fill and underestimated LAI 415 

during late grain fill. All simulations agreed that the dry and warm year was the lowest yielding of 416 

the three years for each cultivar, with yield differences across assimilation strategies smaller 417 

than the year-by weather response.  418 

Wet conditions in 2016 (Fig 5b,e,h) led to a better than average yield for all cultivars, with a 419 

higher peak LAI and longer season. Peak LAI was achieved between Julian day 195 and 215. 420 

Similar ranges in peak LAI and harvest timings were seen in the more typical precipitation year 421 



of 2020 (Fig 5c,f,i). Early season LAI measurements were greater than baseline simulations for 422 

all 2016 and 2020 plots, driving an upward LAI adjustment. For C_4 simulations, LAI 423 

measurements increased the peak LAI and typically shifted the LAI peak later in the season (Fig 424 

5b and Fig 5i). Improved growing conditions extended the harvest to around day 260. The 425 

effects of cultivars, weather, and LAI adjustments accumulate to drive the largest differences 426 

between simulations in the reproductive stages (e.g., largest spread of lines in Fig 5.e; Fig 5.h) 427 

In some cases the timing of LAI assimilation fell on days where the model and observations 428 

were in close agreement, which led to a smaller adjustment and more consistent LAI 429 

development across simulations (e.g., 5.b, and Fig 5.i). This underscores the importance of 430 

aligning the LAI adjustments with desirable phonologic conditions and periods when models 431 

may drift further from observations. LAI assimilation did not overwhelm the larger yield impacts 432 

of year-by-year weather variability, with the wettest year always being the highest yielding.  433 

The seasonal cycle of LAI is strongly influenced by the cultivar, which affects phenological 434 

development and peak LAI values. The single parameter (P1) that differentiates the LowGDD 435 

and HighGDD cultivars for this study (Table 1) constrains the thermal time between seedling 436 

emergence to the end of the juvenile phase. A larger P1 value requires a greater duration of 437 

time with temperatures greater than the Growing Degree Day threshold (8℃) before the 438 

flowering stages (tasseling and silking). LowGDD and HighGDD baseline and LAI assimilation 439 

strategies performed similarly until around Julian day 170 for all years, with HighGDD leading to 440 

the largest and latest peak LAI in all seasons as it had a longer vegetative stage. Pio2’s 441 

phenology was similar to the HighGDD cultivar, but the overall LAI was reduced given the larger 442 

phyllochron interval (PHINT), which reflects longer thermal time necessary between successive 443 

leaf tip emergence (reducing the extent of green up). LAI assimilation acted to harmonize the 444 

seasonal cycle of LAI, with the continuous C_4 assimilation leading to nearly identical LAI 445 

patterns across cultivars within each season, although differences in C_4 yields show the effect 446 

of cultivar traits. 447 

The performance of LAI assimilation is also responsive to cultivar differences which can 448 

further complicate the efficacy of LAI assimilation schedules. Using 2020 daily D_197 as a 449 

benchmark, LowGDD (Fig 5c) peak LAI was relatively aligned with the peak simulated LAI, 450 

leading to the simulation having the same peak LAI but lower values for the remainder of the 451 

season. In contrast, HighGDD (Fig 5f) simulated LAI would have continued to rise if not for the 452 

D_197 adjustment before flowering, affecting both peak LAI and the remainder of the season. 453 

For Pio2, simulated LAI deviated greatly from the measured LAI during the early season, 454 

indicated by the large increase in LAI for the C_4 assimilation scheme at 161, the first 455 



assimilation event. Pio2 peak LAI timing was similar to HighGDD with the D_197 adjustment 456 

minimized by the close values between observations and simulated values on that day. All three 457 

cultivars have lower simulated LAI than the observations in the early grain fill stages as cooler 458 

2020 temperatures led to slower phenological growth and a later peak LAI.  459 

3.3 2002-2020 Simulations with LAI Assimilation 460 

An ideal assimilation would improve the model’s R2 and mean bias z-scores compared to 461 

the non-LAI model (top row) and not have a significantly different mean bias compared to the 462 

perfect model (top left corner). Table 4 shows the R2 of the 9 maize growing seasons averaged 463 

across each of the 100 field locations for every LAI adjustment strategy. Highlighted cells 464 

indicate where the LAI adjusted model outperformed the respective no-LAI integrated simulation 465 

with the same soil and cultivar modifications (top row of the table, consistent with Table 3), 466 

indicating a benefit when LAI assimilation brought a simulation with alternative cultivars and/or 467 

soils more in line with the fully calibrated simulation. Definitionally, the upper-left R2 = 1.0 468 

because this is the calibrated configuration (calibrated soils and cultivar with no LAI) compared 469 

against itself. Underlined cells signify improvement in the z-scores for mean bias calculated 470 

against the perfect model (Table S1). Considering the non-assimilation values were all 471 

substantially different than the perfect model (Table 3), a reduction in z-scores (corresponding 472 

to an increase in p-values) indicates the modified model with assimilation is more in line with the 473 

perfect model’s mean than the non-assimilation version of the modified model. Symbols in Table 474 

4 show where p-values are not significantly different than the perfect model, indicating higher 475 

fidelity. 476 

 477 
  478 



Table 4. Analysis of modified model performance with and without LAI assimilation. The R2 of simulated yields to the 479 
calibrated model for 9 years in the maize portion of the maize-soybean rotation (even years from 2004-2020), 480 
averaged across all 100 points at the test location. Rows are indicated by type of LAI adjustment strategy and the 481 
corresponding Julian day of the LAI adjustment date or period as well as an approximation of the corresponding 482 
expected maize development stage according to the baseline simulation. Gray shading shows R2 exceeding the 483 
reference ‘no LAI’ simulation, and underlined values indicate z-score mean bias improvement compared to the 484 
reference ‘no LAI’ simulation. Unless otherwise indicated by symbols, all modified models remain significantly 485 
different from the perfect model at the p<0.001 level.   486 

  Calibrated Soils Generic Soils 

Update schedule Cal LowGDD HighGDD Pio1 Pio2 Cal LowGDD HighGDD Pio1 Pio2 

No LAI 
updates no LAI 1.000 0.913 0.955 0.973 0.814 0.994# 0.916^ 0.951 0.978 0.790 

Si
ng

le
-d
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 L
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D_193 
Flowering 

0.971 0.927 0.951* 0.932 0.833 0.972# 0.929 0.952# 0.940 0.804 

D_197 
Flowering 

0.967 0.928 0.942^ 0.940^ 0.830 0.970 0.932 0.946* 0.948 0.802 

D_213 
Early Grain Fill 

0.971 0.919 0.932 0.927* 0.793 0.981 0.923 0.951^ 0.940 0.761 

D_217 
Early Grain Fill 

0.981 0.925 0.958 0.947 0.803 0.985^ 0.927 0.965* 0.955 0.770 

D_257 
Late Grain Fill 

0.984^ 0.914 0.941* 0.949 0.820 0.988* 0.918 0.946* 0.955 0.808 

D_261 
Late Grain Fill  

0.985^ 0.917 0.935* 0.947 0.786 0.988* 0.920 0.938* 0.950 0.773 

W
in

do
w

 L
A

I U
pd
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es

 

W_160_174 
Mid Veg 

0.974* 0.913 0.941^ 0.930 0.758 0.973* 0.920* 0.936 0.933 0.747 

W_175_189 
Late Veg 

0.984 0.922 0.962* 0.956 0.895 0.983^ 0.929 0.959# 0.962 0.872 

W_190_204 
Flowering 

0.961 0.912 0.938 0.921* 0.847 0.960 0.916 0.938^ 0.927^ 0.821 

W_205_219 
Early Grain Fill 

0.946 0.921 0.934 0.910* 0.794 0.945 0.924^ 0.941 0.917 0.763 

W_220_234 
Mid Grain Fill 

0.968 0.928 0.942 0.930# 0.788 0.967 0.929 0.951# 0.940 0.756 

W_235_249 
Late Grain Fill 

0.982 0.922 0.963 0.954* 0.791 0.985 0.924 0.962 0.958 0.761 

W_250_264 
Late Grain fill 

0.977 0.905 0.949 0.949 0.798 0.981^ 0.909 0.944# 0.951 0.781 

Continuous 
LAI Updates 

C_4 0.979 0.909 0.931 0.946 0.781 0.982 0.912 0.931 0.948 0.773 

* denotes p>0.05 level; # denotes p>0.01; ^ denotes p>0.001  487 
 488 

The extent to which LAI adjustment resulted in improved performance (compared to the no 489 

LAI simulations) varied according to LAI adjustment strategies and timing as well as the use of 490 

generic cultivars and soils. The first column represents the isolated effects of LAI adjustments 491 

when using the same cultivars and soils as the calibrated simulation. With no way to improve 492 

the perfect model, this column identifies LAI assimilation strategies leading to larger drops in R2 493 

and higher z-scores. Large deviations indicate the given  LAI assimilation had a notable effect 494 

on the calibrated simulation (as described in Section 3.2). The lowest R2 in this calibrated soils 495 

and cultivar column came from the early grain fill window adjustment W_205-219 (0.946), a 496 

period that often includes peak LAI where there can be large differences between simulated and 497 

observed LAI. The lowest R2 amongst single-day adjustments in this column, D_197 (0.967), is 498 

similarly around peak LAI and the transition from flowering to early grain filling stages just before 499 

day 200. Notably, the continuous LAI updates C_4, using the calibrated cultivar, had a higher R2 500 



(0.979 in lower left cell of Table 4) than did any No-LAI simulation with an alternative cultivar 501 

(top row of Table 4), indicating that the observed LAI sequence was highly compatible with the 502 

calibrated simulations that serve as our basis for comparison.  503 

LAI assimilation impacts on model bias (z-score) did not always track with the improvement 504 

or degradation of R2. Cultivar and soil combinations not showing R2 improvement often showed 505 

a mean bias improvement instead (as denoted by underlines in Table 4). In the case of the Pio1 506 

cultivar with calibrated soils and LAI assimilation D_213, the assimilation removed mean bias to 507 

a level where it was indistinguishable from the perfect model but reduced R2 compared to the 508 

no-LAI version. For Pio2 improvements in mean bias were still not enough to bring it close to the 509 

perfect model. In contrast, many of the LAI assimilations leading to improved R2 increased the 510 

mean bias. The lone combination where R2 improved and mean bias improved to the point 511 

where the modified model had a statistically indistinguishable mean bias from the perfect model 512 

was the generic soil HighGDD assimilation on day 217 (early grain fill).  513 

LAI adjustments throughout the season can lead to improvements, although mean bias 514 

improvements were slightly reduced in the early and later growth stages. Early in the season 515 

LAI is low in both observations and models, so there is not much room for adjustment. 516 

Adjustment toward the end of the season may come after grain numbers are set and grain filling 517 

is well underway, perhaps reflecting that the adjustment was too late to differ substantially from 518 

the no-LAI approach. Mean bias improvement was most notable for HighGDD, generally 519 

reducing LAI during the season in a manner that reduced error injection. 520 

In analyzing the effects of different LAI assimilation strategies across soils, we first note the 521 

generic soils (right half of the table) generally performed similarly to the calibrated soils (left half 522 

of the table) when evaluating R2. This includes the overall pattern amongst particular 523 

combinations of LAI adjustments and cultivars that resulted in improved performance compared 524 

to the no LAI simulation. R2 values for the same cultivar and LAI assimilation strategy (but with 525 

different soils) largely differed by less than 0.01, with the exceptions revealing that the Pio2 526 

cultivar was most responsive to soil types. When using the calibrated cultivar, the generic soil 527 

had a very high R2 with the calibrated soils version (R2=0.994) which no LAI assimilation 528 

strategy could improve upon.  529 

LAI adjustments had the largest positive effect on R2 for the LowGDD cultivar in a manner 530 

that suggests a substantial ability to offset some of the bias for incorrect phenology. While the 531 

LowGDD parameter was improved with every daily assimilation update, most window updates, 532 

and the continuous update, the HighGDD cultivar was only improved for select daily and window 533 

assimilations. LowGDD and HighGDD are identical for all cultivar parameters but P1, which sets 534 



the thermal time for the vegetative stages associated with the green up period leading to peak 535 

LAI (recall Table 1) with effects on canopy lasting throughout the reproductive stages. For both 536 

generic cultivars LAI assimilation benefits were maximized by incorporating LAI observations 537 

just after peak LAI around the transition from early to mid-grain fill (Julian days 217 to 234). In 538 

this period (which is also the period with the largest R2 improvement for Pio2) the crop model 539 

determines how much energy the plant can transfer from biomass to grain. This timing is 540 

beneficial for correcting cultivars with underestimated P1 (which have lower and earlier peak 541 

LAI) by increasing the given photosynthetic area with respect to biomass, while reducing 542 

biomass from cultivars with an overestimated P1 (which have later and higher peak LAI). 543 

Notable improvement was also seen in the earliest window, as this captures interannual 544 

variation in early season emergence and vegetative performance. LAI substantially improved 545 

the Pio2 cultivar mean bias and R2, underscoring that LAI assimilation is most useful when 546 

constraining more erroneous configurations and discrepancies that manifest in LAI anomalies. 547 

Looking again at the top row of Table 4, Pio1 had the top performance amongst alternative 548 

cultivars under the no-LAI simulation, while Pio2 was the lowest correlating option (and thus had 549 

more room for correction). LAI assimilation was able to improve Pio1 mean bias but did not 550 

improve Pio1 R2, as subtle changes in cultivars (compared to the calibration cultivar) could not 551 

be substantially improved by LAI assimilation using observations that also introduced their own 552 

inconsistencies with the reference calibration model. While the LowGDD and HighGDD cultivars 553 

only differed from the calibration cultivar in the P1 cultivar parameter (vegetative stage thermal 554 

times), Pio1 is distinctive in P2 (photoperiod sensitivity) and G2 (seed number), which are less 555 

well captured in LAI observations, and P5 (reproductive stage thermal time) that may come too 556 

late to make a substantial discrepancy correctable by LAI constraints. Pio2 is substantially 557 

different in nearly all cultivar parameters, although its positive response to the same LAI 558 

assimilation strategies that improved HighGDD indicates that its response is largely adjusting for 559 

P1 inconsistencies. While Pio2’s higher PHINT lowers LAI across the whole season (recall Fig 560 

5), this has a smaller direct sensitivity to the timing of LAI adjustments. Even with assimilation-561 

driven improvements, Pio2 results are weakest on both mean bias and R2.  562 

Results indicate the timing of an LAI constraint is more important than the length of that 563 

assimilation period. Daily and window adjustments around the same phenology show generally 564 

similar results for R2 and mean bias improvement as both directly affect a period that is small in 565 

comparison to the season length. Each effectively leaves the simulation with a modified LAI that 566 

carries forward as the simulation independently completes the season, and their effect will 567 

depend on the alignment of the assimilation day or window with the underlying phenology and 568 



observational biases. The most constrained Continuous C_4 simulation does not improve any of 569 

the imprecise soil and cultivar simulations compared to the no-LAI configuration, with a slight 570 

mean bias improvement in Pio1 the only exception even as the mean bias remains large. This 571 

indicates that the model can suffer when forced to follow an LAI pathway that is more divorced 572 

from the internal phenology and stresses experienced by the simulation. The continuous 573 

simulation also increases the chance of exposing the simulation to any errors in the remotely 574 

sensed LAI observations.  575 

4 Discussion  576 

We have demonstrated a new pathway for publicly available data from space-based remote 577 

sensing resources to act as a constraint for LAI and yield simulated by process-based crop 578 

models when precise cropping system details are not known. Utilizing an updating method for 579 

integrating LAI into DSSAT through its Pest module was successful at assimilating LAI into the 580 

CERES-Maize model at the well-calibrated Perry field site in the heart of the Corn Belt. The 581 

Pest Module entry point allowed external data to be injected into DSSAT without substantial 582 

modification to the underlying code or structure of the model.  583 

The performance of the CERES-Maize model was indicative of a well-designed crop model 584 

representing decades of field experiments and biophysical understanding built into the process-585 

based model by agricultural experts. Selection of a high-quality starting model reduces the 586 

space available to demonstrate remote sensing improvements; however, improvement indicates 587 

LAI assimilation can correct uncertain model configurations. Future work may need to further 588 

explore alternative models, broader configuration and parameter uncertainty, and estimated 589 

initializations which are often the best available in some regional systems where data 590 

assimilation has a larger potential for positive influence. 591 

For most years and cultivars, the LAI from MODIS trended lower than the calibrated 592 

simulation of LAI. In later parts of the year this may be due to saturation of satellite-derived LAI 593 

after canopy closure. Methods to address this obstacle of remote sensing datasets may be 594 

available (e.g., using Enhanced Vegetation Index instead of NDVI to calculate LAI; Fang et al., 595 

2011) but are not the focus of this paper. Assimilation techniques that more smoothly blend 596 

imposed LAI with the prior simulated LAI (rather than using a wholesale replacement) may 597 

result in a gentler and more cohesive continuing simulation state.  598 

While LAI assimilation constrained biomass and yields and brought uncertain cultivars into 599 

closer alignment, it did not overwhelm fundamental differences in cultivars or seasonal weather 600 

impacts. Targeted LAI assimilation near key phenological stages, such as emergence and early 601 



grain fill, brought the generic configurations more in line with the well configured and calibrated 602 

simulations. Benefits were more pronounced with larger gaps in cultivar parameters, particularly 603 

related to early season phenology (P1) and total biomass as influenced by the rate of leaf tip 604 

appearance (PHINT). While improvement were greater, LAI assimilation was not consistently 605 

successful in compensating for a poor model configuration through increased R2 and reduced 606 

mean bias.  607 

LAI constraints for the Perry, Iowa example worked better as a targeted nudge than as a 608 

wholesale replacement. Single-day and window adjustments were most effective when applied 609 

to early portions of the season to constrain simulations which formed a discrepancy with 610 

observations, pulling the value back towards reality while otherwise allowing the model to 611 

proceed freely with its own internal consistency. Continuous simulations, which adjusted LAI 612 

with each new observation, were not helpful on balance because additional adjustments offset 613 

the beneficial adjustments, effectively imposing a seasonal biomass cycle divorced from the 614 

internal balances, phenology, and water, temperature or nitrogen stresses of the underlying 615 

simulations. Noise in LAI observations likely had the largest effect on the continuously updated 616 

simulations C_4, although uncertain results likely also sporadically aligned with single-day and 617 

window assimilation dates.  618 

The strong effects of adjustment timing (within the season) on overall assimilation benefit 619 

underscore the distinct characteristics and importance of key phenological stages that should be 620 

recognized in future assimilation design. Assimilations in the early vegetative stages (when the 621 

crop focuses on leaf and biomass accumulation to maximize photosynthesis) and early grain 622 

filling stage (when the crop prioritizes carbon and energy transfer to the kernels) performed 623 

better than adjustments late in the season after maximum grain number is set and the plant has 624 

already redirected resources toward grain filling. These beneficial adjustments align with the 625 

early phases of green-up and conditions just after peak LAI, allowing assimilation to ensure 626 

model conditions are appropriate for subsequent key reproductive growth stages. LAI 627 

assimilation would be further improved by more frequent satellite observations or aligning 628 

observational adjustments with key phenological stages and crop conditions rather than fixed 629 

Julian days. However, this type of targeted instrument design is not practical for satellite 630 

platforms observing many agricultural regions and heterogeneous systems. Differences in 631 

phenological timing across seasons, such as planting delays (potentially +/- several weeks due 632 

to cold spells or wet conditions) or warm or cold seasons (accelerating or decelerating crop 633 

maturity), result in fixed Julian date adjustments affecting simulations at a different phenological 634 

stage each year. We recommend further work to create a system for LAI adjustments with 635 



aligned phenological constraints, which would require simulation frameworks that could call for 636 

an LAI assimilation based on current crop status.  637 

The LAI assimilation simulations shed interesting light on the ways the model responds to a 638 

rapid adjustment in the biomass state variables. Unlike the ‘generic pest’ we use to rectify 639 

discrepancies between the observations and model biomass, these adjustments do not reflect a 640 

real-world consumption of plant matter and therefore break the mass balance for nitrogen and 641 

water resources across soils and plant organs. When imposing LAI reductions, the DSSAT Pest 642 

module effectively consumes plant assimilated nitrogen as part of its changes to leaf weight and 643 

leaf nitrogen weight. However, when LAI increases the modified Pest Module generates 644 

additional ‘phantom’ nitrogen to meet the demand. Similarly, adjusting the LAI upwards implies 645 

more evapotranspiration occurred in the model, and this method does not adjust soil water 646 

content based on adjustments to LAI. This may disrupt nitrogen and water balances for a given 647 

field and could result in an overestimation of plant organ N and H2O and underestimation of soil 648 

N and H2O when LAI decreases, as well as the opposite biases when LAI increases. Hints of 649 

this appeared when LAI adjustments reduced biomass and reduced water stress in the dry 2012 650 

year (Figure 5). Precise closures of the nitrogen and water budgets were secondary to goal of 651 

constraining LAI and yield, although we recommend further research to more fully address N 652 

balances and phenology discrepancies which can affect resource efficiency, later season crop 653 

conditions and response to weather hazards.  654 

Although the assimilation only directly affected a limited number of variables, the 655 

perturbations reverberated through linked processes to affect most, if not all, state variables and 656 

nutrient pools. Increasing the number of assimilation perturbations may therefore destabilize the 657 

model or render its biophysical processes less consequential than the assimilation itself. 658 

Following each adjustment the model is left with the same phenology and thus tries to follow a 659 

consistent seasonal pattern of growth and decay, as seen by the adjusted and unadjusted LAI 660 

lines being nearly parallel following adjustments before converging with senescence toward the 661 

end of the season in Figure 5. Apparent differences and non-parallel behaviors reflect that soils 662 

and plant nitrogen pools have a stronger influence on water and nutrient stresses which are 663 

missing in LAI observations. This finding motivates future work to assimilate LAI and additional 664 

nitrogen and water observations to constrain soil moisture, nutrient pools and phenology in 665 

addition to biomass.  666 

Although our focus was the yield variable in light of direct interest from commodity traders 667 

and farm operators, observations of alternative state variables may hold additional promise for 668 

improving yield simulations. Here we utilized LAI observations to constrain total biomass but 669 



noted a clear need for observations such as phenology, soil nitrogen, soil water and total water 670 

transpired. Reducing biases in those variables through observations or land surface model 671 

outputs would lead to substantial improvements in water, nitrogen, and heat stress, as well as 672 

assuring appropriate alignment between hazardous conditions and the plant development 673 

stage. Expansion of the key data assimilation capabilities of CERES-Maize’s Pest Module would 674 

allow for integration of more remote sensing and ground data (e.g., drawn from farmer tractors 675 

and combines), ideally in a manner that allows balancing across multiple state variables. Digital 676 

twins that combine observations, crop models, and land surface models would also open doors 677 

for further decision support related to farm resilience, resource management, and the 678 

development of new crop hybrids.  679 

The Perry, Iowa, experimental station proved to be a useful demonstration site for low-cost 680 

LAI assimilation into CERES-Maize; however, it is likely that other sites and contexts may 681 

provide stronger contrasts and additional insights into the data assimilation application. As one 682 

main appeal of process-based crop models is their ability to apply biophysical relationships to 683 

estimate conditions beyond a model’s original calibration, applying the data assimilation 684 

approach for more years, systems and sites would likely identify conditions where observations 685 

are particularly beneficial (or less helpful). Analysis showed that the generic gridded soils used 686 

in this study did not strongly contrast from the calibrated soils, so further work is needed to 687 

determine whether LAI assimilation could have helped constrain more contrasting soil 688 

conditions. This study was also limited by the number of years at the Perry field experiment, 689 

which enabled model configuration and calibration but did not provide long-term yield data for 690 

ground truthing. Comparison on the scale of available validation data would further elucidate the 691 

benefits or drawbacks of data assimilation, although additional biases may be introduced 692 

through voluntary reporting or when aggregating at broad data scales (e.g., country reports).  693 

 694 

5 Conclusions 695 

LAI adjustments at the Perry, Iowa, maize location demonstrate a low-cost observational 696 

assimilation implementation with the potential to offset uncertain configuration parameters for 697 

broader applications. The positive or negative impact of LAI adjustment on DSSAT’s ability to 698 

simulate yield anomalies was dependent on the number and timing of assimilation events. In the 699 

case of a true “perfect model” calibration, introducing observational constraints via data 700 

assimilation also introduces observational errors (e.g., from instrument biases or observational 701 

resolutions that mix land uses). Away from the experimental fields and well-calibrated models at 702 



the Perry site, yield modeling of Iowa corn would likely benefit from a minimal number of 703 

targeted assimilation events to constrain the early vegetative and early grain-filling stages.  704 

Within-season assimilation of observations using remote sensing data is particularly 705 

appealing for wide domain, seasonal gridded crop model applications where precise cultivar, 706 

soils, and management information are not precisely known. While aerial and satellite imagery 707 

allow for tuning of crop model configurations around land use, the presence of irrigation and the 708 

extent of nitrogen applied, these adjustments largely constrain the mean yield pattern rather 709 

than seasonal yield variation. Many farmers and value chain partners, who are committed in 710 

their geography, care more about capturing and explaining seasonal anomalies (good and bad 711 

years) than in using models to describe spatial patterns that are well-captured by ground-based 712 

surveys. Fully quantifying all aspects of a region at a sufficient scale to be relevant is a 713 

challenging task requiring substantial computational and data resources, particularly as farmers 714 

update their management approaches, equipment, and seed cultivars each year. This suggests 715 

high potential for satellite-based, within-season updates that better reflect each season’s 716 

changing crop processes and field conditions. We recommend coordinated development of 717 

gridded crop models using the latest observations to target deterministic state variables in a 718 

biophysically-balanced but otherwise minimally invasive data assimilation routine.  719 
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