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Abstract: The approach of using multispectral remote sensing (RS) to estimate soil available nutrients
(SANs) has been recently developed and shows promising results. This method overcomes the
limitations of commonly used methods by building a statistical model that connects RS-based
crop growth and nutrient content. However, the stability and accuracy of this model require
improvement. In this article, we replaced the statistical model by integrating the World Food
Studies (WOFOST) model and time series of remote sensing (T-RS) observations to ensure stability
and accuracy. Time series of HJ-1 A/B data was assimilated into the WOFOST model to extrapolate
crop growth simulations from a single point to a large area using a specific assimilation method.
Because nutrient-limited growth within the growing season is required and the SAN parameters
can only be used at the end of the growing season in the original model, the WOFOST model was
modified. Notably, the calculation order was changed, and new soil nutrient uptake algorithms
were implemented in the model for nutrient-limited growth estimation. Finally, experiments were
conducted in the spring maize plots of Hongxing Farm to analyze the effects of nutrient stress on
crop growth and the SAN simulation accuracy. The results confirm the differences in crop growth
status caused by a lack of soil nutrients. The new approach can take advantage of these differences to
provide better SAN estimates. In general, the new approach can overcome the limitations of existing
methods and simulate the SAN status with reliable accuracy.

Keywords: SAN simulation; model modification; LAI; HJ-CCD; EnKF method

1. Introduction

Soil available nutrients (SANs), including available nitrogen (N), available phosphorus (P) and
available potassium (K), play an important role in crop growth. Variable rate fertilization (VF),
proposed for precision agriculture [1], is an effective method to optimize SAN status at field (based on
field survey) or pixel (based on remote sensing data) scales and has been generally accepted on modern
farms [2]. With the advancement of mechanized farming and control technologies, the operability
and accuracy of VF has been significantly improved. Studies have demonstrated that variable rate
fertilization is beneficial to increasing production and revenue, ensuring sustainable agricultural
development and protecting the environment [3,4]. A reasonable prescription map is the key factor
for VF application [5], and the SAN content is necessary in map making. Hence, the soil nutrient
content should be acquired before VF application, and the accuracy of the SAN estimates will decide
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the application effect. However, timely SAN content monitoring is a very challenging task because of
the distribution of the soil plow layer and spatial heterogeneity.

A series of monitoring methods have been designed to obtain soil nutrient content and these can
be classified into two types: traditional field surveys and remote sensing methods. Traditional soil
testing methods can obtain reliable point-scale results [6], but these methodologies have disadvantages,
including high cost and low temporal efficiency, especially when the method is applied at field or
regional scales [7]. Remote sensing observations can be used to address these issues and extrapolate
simulations over large areas [8,9]. Several studies have confirmed that soil reflectance spectroscopy can
be successfully applied to predict soil nutrients [10]. However, because this technique only acquires
information from the bare soil spectral reflectance, only the total nutrient content of the soil surface can
be measured. This is less useful than the SAN content of the root zone which can provide guidance
regarding fertilizer application. By taking advantage of changes in crop growth status caused by a
lack of SANs, statistical models can be built by combining the vegetation indexes determined from
extensive spatial remote sensing (RS) and SAN content. Such models can overcome the limitations
of direct simulations and field surveys by simulating the available nutrients of the whole plow layer,
reducing costs, and improving the timeliness of data acquisition [11]. The disadvantages of these
statistical models are also obvious. Among them, low stability and simulation accuracy caused by
different crop types, study area limitations and application times are typical issues that should be
addressed before application.

Crop models can provide the more reliable crop growth parameter simulations because of their
comprehensive mathematical descriptions of key physical and physiological processes, simulation
of soil processes, and ability to overcome issues such as abnormal weather conditions and natural
disasters [12,13]. Furthermore, soil nutrient availability is an important factor used by crop models to
simulate crop growth [14]; thus, the changes in SAN content can be easily transferred to the output
parameters of crop models. Hence, a crop model could be a feasible model to replace the empirical
regression model. However, using a crop model requires the calibration of additional parameters,
and the cost is significant, especially when the model is applied at a regional scale. Fully exploiting
RS data is useful for addressing this problem. An assimilation method that combines a crop model
with time series RS observations (T-RS) can help extrapolate the simulation from a single point to a
large area [15,16]. Since Maas first suggested the combining of RS data and modeling in the 1980s [17],
several methods for assimilating RS data into crop models have been explored, including the ensemble
Kalman filter (EnKF) [13,18,19], particle filtering (PF) [20], and four-dimensional variational data
assimilation (4DVar) [21,22]. By assimilating T-RS into a crop model, crop growth parameters can
be accurately estimated. Thus, crop models can be used in place of empirical regression models to
improve the soil nutrient simulation stability, and they have great potential application prospects.

In this study, we propose a new approach to simulate SAN content in the whole plow layer.
The EnKF method is applied to realize crop growth simulation at the pixel scale by integrating
the WOFOST model and T-RS observations. The WOFOST model is also modified to build stable
connections between crop growth and SAN content. The objectives of the present study are as follows:
(1) to verify the feasibility of the new method by analyzing the effects of SAN stress on crop growth,
(2) to provide a method for estimating SAN content by connecting the actual and nutrient-limited crop
growth simulation results, and (3) to simulate SAN content using the new approach and analyze the
simulation accuracy.

2. Materials and Methods

2.1. Study Area and Field Campaign

This study was conducted on a large farm in Northeast China, Hongxing Farm. This farm (48◦09′N,
127◦03′E) is located in a mid-temperate monsoon climate zone. The average annual precipitation was
548.8 mm and the average annual accumulated temperature (>10 ◦C) was 2293 ◦C in 2014. The planting



Remote Sens. 2018, 10, 64 3 of 21

area of Hongxing Farm is approximately 27,300 hectares (ha) and contains 490 plots. The average size
of the fields is more than 55 hectares, and moderate-resolution remote sensing data such as HJ-CCD
data, which has a spatial resolution of 30 m can easily be applied. The field distribution in this farm
is nearly an oblique triangle and a 32 km × 27 km zone covers all arable plots. Spring maize is the
major crop and accounts for approximately 50% of the planting area. The soil in this farm is black
soil with a depth of 0.5–1.5 m. The fertilizers, including basal dressing, top dressing and leaf fertilizer,
are centralized and controlled by the farm department and are applied using modern agricultural
machinery. Figure 1 shows the field distribution of Hongxing Farm.
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Figure 1. Location of Hongxing Farm and the field campaign sites (The location of LAI quadrats in
field experiment A is the first one of five sequential field campaigns).

Three field campaigns were conducted in 2014–2015. The locations of these campaigns are shown
in Figure 1. During the field campaigns, basic SAN content, the leaf area index (LAI), yield, biomass and
nutrient uptake were observed. The sampling strategies included the layout methods for the quadrats
and the establishment of the measurement points in one quadrat. Two strategies were used to establish
the quadrats: stratified sampling and isometric sampling [23]. The stratified sampling method was
used to determine the experimental plots in the study area. Considering the crop type and soil fertility
level in Hongxing Farm, the experimental fields were divided into six stratifications: high-nutrient
fields, medium-nutrient fields and low-nutrient fields of spring maize and soybean. The cultivation
area ratio was calculated by the actual cultivation area of these stratifications. For example, in 2014,
the cultivation area of high-, medium-, and low-nutrient fields of spring maize is 8100, 8275, 8150 ha,
respectively, and of soybean is 7900, 10,450, 5520 ha, respectively. Then, the cultivation area ratio of
the six stratifications is approximately 3:3:3:3:4:2. Using the ratio and the number of experimental
plots we planned to select in each experiment, the sampling amount for each stratification could be
estimated. The location of the experimental field was labeled on the study area map before the field
campaign and minor changes were made based on the actual experimental plots during the field
campaign. The isometric sampling method was used to establish quadrats for each plot. Considering
the influence of roads and protection forest 200 m away, any edge of the selected plot was used to
determine the location of first quadrat. The other quadrats were established using fixed distance along
the row crop. Another two sampling methods were used to establish the measurement points in one
quadrat, included Method 1 and Method 2 (shown in Figure 2). In Method 1, rectangular quadrats of
4 m × 8 m were established with 7 sampling points in each; the mean values of the points in a quadrat
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were calculated as the results for that quadrat. In Method 2, considering the resolution of RS data
used in this study, the quadrat area was 30 m × 30 m. Three sampling points on the diagonal of each
quadrat were selected to gather the objective data.Remote Sens. 2018, 10, x FOR PEER REVIEW  4 of 21 
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The three field experiments were designed with different aims: field experiment A was conducted
to support LAI simulation model building and accuracy analysis for the SAN content estimations, field
experiment B was designed to provide field data for the analysis of the effect of soil nutrient stress on
crop growth, and experiment C was conducted in an experimental plot to collect necessary data for
SAN uptake equation design and LAI comparison in the discussion section. The details for the three
experiments will be introduced in this section. Field experiment A was conducted in 2014 to observe
the field LAI and basic SAN content. For the LAI, five sequential field campaigns were conducted in
2014; the observation dates were 10 June, 17 and 25 July, 25 August, and 25 September. The number
of quadrats in the first field campaign was 54; thus, we established 9 quadrats in each soil fertility
category for spring maize and 9, 12, and 6 quadrats in the high-, medium-, and low-nutrient soybean
fields using the stratified sampling and isometric sampling method (the fixed distance was 150 m).
The other four campaigns were conducted using a similar sampling method and each campaign was
independently conducted with different locations. Two hundred and seventy quadrats across 90 fields
were established during the sequential field campaigns and 259 observed LAI were used in this study.
LAI-2000 [24,25] and the LAISmart system [26] were used to obtain the LAI field data and Method 1
was used to establish sample points in each quadrat. For LAI-2000, a one-up-seven-down pattern was
used to gather the LAI. In each quadrat, we obtained one measurement of sky light above the canopy
and then seven measurements of diffuse light below the canopy. The final LAI was measured using
an LAI-2000 analyzer. LAISmart was used to correct the errors in the LAI-2000 measurement results
where the LAI was lower than 1.0. For the SANs, we measured the basic N, P and K content in the same
LAI quadrats of maize plots. The observation time was from 5–9 May 2014. The same quadrats were
used for field SAN collection and Method 2 was used to establish the sampling points in each quadrat.
At each point, a soil sample to a depth of 40 cm was obtained by using a soil auger. After drying and
pulverizing the samples, the SAN content was tested in the lab. Field experiment B was used to analyze
the effect of soil nutrient stress on crop growth. Three plots with varying fertilizer rates, including a
high-nutrient plot (13-2-2), medium-nutrient plot (14-2-2), and low-nutrient plot (5-6-1), were selected.
The SAN content was measured in a field campaign in 2014. Three quadrats were selected using the
stratified sampling and isometric sampling methods (the fixed distance was 400 m), and the sampling
strategy in each quadrat was Method 2. We calculated the mean value of the nine sampling points
as the SAN content of the experiment plot. After harvesting was completed, we obtained the total
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weight of each plot, and the yield was estimated by dividing the total weight by the area. The soil
nutrient uptake and the biomass of maize in different growth periods were necessary to build the
uptake equation; these data were gathered in field experiment C. In this experiment, we selected
an experimental plot (5-1-2) and established 37 sampling quadrats. The isometric sampling method
(the fixed distance was 100 m) was used to establish these quadrats. For each quadrat, we obtained the
biomass and SAN uptake amount of two maize plants by drying, weighing and testing the plants in
the lab. The sampling strategy is similar to Method 2 while the quadrat area was 10 m × 10 m. Field
experiment C was conducted in 2015, and sampling was performed on eight dates: 27 May, 13 and
24 June, 20 and 28 July, 29 August, 5 September and 8 October. Furthermore, LAI was also measured
in this plot using LAI-2000 and LAISmart. The sampling strategy was Method 1 and the observation
times were 27 June, 31 July and 30 August.

2.2. RS Data and Processing

We selected time series HJ-1A/1B CCD data to simulate soil available nutrients. The data were
collected from two Chinese environmental RS satellites: HJ-1A and HJ-1B. There are four advantages
to employing such RS data in this study: broad coverage (360 km), a frequent revisit period (2 days),
moderately high spatial resolution (30 m), and appropriate spectral resolution (four visible and
near-infrared bands: 430–520 nm, 520–600 nm, 630–690 nm, and 760–900 nm). We obtained 15 images
of Hongxing Farm in 2014 for the following dates: 13 and 29 April; 24 and 31 May; 12 and 22 June; 7,
14 and 26 July; 19 August; 12, 18, 24 and 30 September; and 4 October. The images were obtained from
the China Centre for Resources Satellite Data and Application (CRESDA) site (http://www.cresda.
com/EN/gywm/zxgk/index.shtml). Relative radiometric correction and systematically geometric
correction [27] were performed by CRESDA before data sharing. Precise geometric correction was
applied to the CCD images based on the Landsat TM 5 image of the study area. Fifteen field-measured
ground control points were used to calculate the root-mean-square error (RMSE) of the corrected
CCD images. The results show that the RMSE was less than one pixel (30 m) for the acquisition time
from April to October. The universal transverse Mercator (UTM) 50N projection was used for each
image. The radiometric calibration coefficient and spectrum response function (SRF) were provided by
CRESDA and used to perform atmospheric correction. The Fast Line-of-Sight Atmospheric Analysis
of Spectral Hypercubes (FLAASH) model in the ENVI software (version 5.3) was used to realize the
atmospheric correction [19,28]. The normalized differential vegetation index (NDVI) was used to
estimate the LAI, and the NDVI can be expressed as,

NDVI =
NIR− RED
NIR + RED

(1)

where NIR and RED are the reflectance of the near-infrared band (760–900 nm) and red band
(630–690 nm), respectively.

2.3. WOFOST Model

Crop models can provide reliable crop growth simulations because of their comprehensive
mathematical descriptions of key physical and physiological processes, simulation of soil processes,
and ability to overcome issues such as abnormal weather conditions and natural disasters [12,13].
Furthermore, soil nutrient availability is an important factor used in crop models to simulate crop
growth [10]; thus, crop models can be used to improve the stability and accuracy of common SAN
simulation methods. The WOFOST model was selected to replace a statistical model in this study.

The WOFOST model [29] used in this study was built by the Center of World Food Studies
located in the Netherlands, more than 15 years ago. The model is a popular eco-physiological
model worldwide and can simulate daily crop physiological and ecological processes, including CO2

assimilation, respiration, leaf growth and dry matter formation. The soil nutrient module was an
important factor contributing to our selection of the WOFOST model. This module can simulate the
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uptake of soil nutrients, the use of crop nutrients, and nutrient-limited crop parameters. It is the key
module utilized in SAN estimation. Using the soil nutrient module, the nutrient-limited yield can be
estimated based on the potential or water-limited yield. In this study, all the values of nutrient-limited
yield and crop growth were estimated based on water-limited results. The widespread application
of the WOFOST was another factor leading to our use of this model. The main parameters of the
WOFOST model have been well calibrated for different crops under different meteorological, soil and
management conditions via field campaigns and RS data assimilation in China [13,14]. However, crop
parameters can vary substantially among different types of spring maize. Hence, a new calibration
was necessary.

2.4. T-RS Observations Assimilation

Crop growth parameters are required by the SAN simulation. We used the WOFOST model
to perform the simulation. However, the WOFOST model was originally designed for point-based
simulation. Thus, additional parameters should be calibrated when using the model to simulate
crop growth at the regional scale, and the costs must be considered. An assimilation method that
combines a crop model with T-RS observations can help extrapolate simulations from a single point to
the regional scale.

LAI is the main daily output variable of the WOFOST model, and it is the key factor in light capture
and carbon assimilation. In this study, we selected LAI as the index in the data assimilation procedure.
Hence, a time series of RS-based LAI should be estimated before assimilation. Previous studies have
shown that several methods can be used to accurately estimate LAI from RS data. Among them,
physical model-based methods [30,31] and empirical regression methods [32] are frequently used.
Previously, we compared the accuracy of a PROSAIL model (physical model-based method) with that
of a simple empirical regression model (empirical regression method) [33]. The results indicate that the
empirical regression model can provide more accurate LAI simulation than the PROSAIL model. In the
present study, we focused on the feasibility and accuracy of SAN estimation based on the difference of
two types of LAI results. The LAI simulation accuracy was the main factor leading us to select the
model. Therefore, we used the empirical regression model to realize the RS-based LAI simulation.

The EnKF method [34] was used to assimilate the LAI estimates into the WOFOST model.
The EnKF method is based on Monte Carlo ensemble generation and performs model forecasting with
two related parts—the model dynamics and a filter update—to realize assimilation [14]. The core
algorithm is shown in the following equation:

Aa = A f + Ac HT ∗
(

HAcHT + Dc

)−1
∗ (Dt − HA) (2)

where Aa is the optimal estimated ensemble, Af is an ensemble of forecast, K = Ac HT∗(
HAcHT + Dc

)−1 is the Kalman gain matrix, Dt is an ensemble of observation, and HA is typically
equal to 1.

The EnKF was applied at the pixel scale independently. For each pixel (30× 30 m), the EnKF algorithm
integrates the RS-based LAI and model-simulated LAI to generate the forecast ensemble [14]. The result
ensemble was used as the input LAI in the next step of model crop growth simulation. The assimilation
process was repeated until the required end time is reached. Furthermore, an expansion parameter (E)
was used to solve the filter divergence problem.

2.5. WOFOST Model Modification

The SAN content can influence crop growth through four aspects: crop cell formation, carriers,
enzyme activity change, and information transmission. For example, the soil available nitrogen
maintains the chlorophyll level and increases its activity; thus, this nutrient may play a more important
role during the rapid growth phase of the crop biomass than during other phases, and the optimal
simulation time for soil available nitrogen is generally the early growth season. Furthermore, the period
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of SAN simulation and fertilization and its effects on application cannot be ignored. Thus, the nutrient
module should be applied during the growth season. Because the original model only allows us to use
the nutrient module at the end of growth season, necessary model modification must be performed
before SAN simulation.

To facilitate the modification, we recoded the WOFOST model with interactive data language
(IDL) and reintegrated the modules. The original module calling queue of daily crop growth simulation
is emergence time, CO2 assimilation, transpiration, soil water, water stress, respiration, dry matter
formation, biomass increment, LAI and remote sensing assimilation. The yield and soil nutrient
module are applied at the end of crop growth season to estimate water- and nutrient-limited yield,
i.e., nutrient-limited crop growth can only be estimated at the end of crop growth simulation. In the
rewritten code (IDL-WOFOST), we can change the module calling sequence and add the soil nutrient
module to the end of the daily simulation calling queue. This allows mid-season nutrient-limited
crop growth to be simulated in the IDL-WOFOST model. Because performing nutrient-limited crop
growth simulation for the whole season will increase the running time, the module calling sequence
was changed at the required time during the growth season in this study.

The daily nutrient uptake of spring maize can be influenced by crop growth condition, soil
compaction, soil water content, and fertilization [35–39]. As the original WOFOST model calculates
the seasonal nutrient supply, variation is ignored, which is unproblematic for the nutrient-limited
yield estimation at the end of the growth season. However, errors are inevitable when the new module
calling sequence is applied to within-season nutrient-limited crop growth simulation. Therefore,
within-season soil nutrient absorption is another problem that should be addressed before the new
module calling queue is applied. In WOFOST, the absorption fraction of spring maize is 1 when the
growth period is 120 days and 0.55 when the growth period is 60 days. However, the absorption
fraction cannot simply be considered 0.55 when the nutrient module is called on the sixtieth day of
the growth season, which is more than 60 days. Generating the soil nutrient absorption rate curve
of spring maize is necessary to address this problem. Previous work has shown that the rate of
soil nutrient absorption for maize is low in the early growth season; it then rapidly rises and then
gradually declines [40]. The process approximately follows an S-curve and can be simulated by an
exponential equation:

D(t) =
a
t2 e−

c
t (3)

where D(t) is the soil nutrient absorption rate, t is the day of the growing season (DOG), and a and c
are coefficients that should be calibrated when the crop variety is changed.

Furthermore, we combined the SAN content and fertilizer amounts as the total SAN input
parameters of the nutrient module. However, the basic unit of nutrients measured during the field
campaign (mg/kg) is different from the WOFOST model input nutrients and fertilizer application
(kg/ha). The following equation is used to convert the relevant units:

Nsoil = Nactual ∗ 10−6 ∗ ρ ∗ h ∗ 104 (4)

where ρ is the soil density, Nactual is the nutrient content measured during the field campaign, and h is
the effective soil depth, which is the minimum depth of the root and soil in the field campaign data.

2.6. SAN Simulation Algorithm

Based on the model modification, the mid-season SAN absorption amounts and their influence
on crop growth can be estimated. We designed a series of corresponding algorithms to realize the
SAN simulation. To express the SAN simulation clearly, the process of crop growth simulation in
the WOFOST model was divided into three stages: pre-growth stage, SAN simulation stage, and late
growth stage. First, the WOFOST model was used to simulate crop emergence and early crop growth
in the pre-growth stage. Then, the SAN content was estimated in the second stage. Based on the
SAN estimates, the nutrient-limited yields were calculated based on the SAN simulation results in the



Remote Sens. 2018, 10, 64 8 of 21

late growth stage. In the SAN simulation stage, the T-RS observations obtained at the start (point A)
and end (point B) of this stage were assimilated into the WOFOST model using the EnKF method to
estimate the actual short-term crop growth. Additionally, WOFOST simulates the nutrient-limited crop
growth at point B using the nutrient module. The two types of crop growth simulations should yield
similar results if the soil nutrient input parameters are well calibrated at the pixel scale. However, this
process is difficult because of the spatial heterogeneity and variability of the SAN content. Nevertheless,
we took advantage of the errors in the nutrient-limited crop growth simulation and applied algorithms
to monitor the SAN content.

During the SAN simulation, we varied the nutrient input parameters within a large scope and
included all probable values. The nutrient-limited growth was then calculated at different levels.
Via comparison with the actual growth simulation results, the objective results were determined.
Because the nutrient module should be repeated for all the probable input SAN values at the pixel
scale, the time cost is large. Thus, the SAN simulation algorithm was designed to be similar to the
look-up table (LUT) method. The table was built by the input variables and output results from the soil
nutrient module. Moreover, considering the varying functions and key function periods of different
nutrients, we set the other two nutrients at the mean level of the whole farm when the third nutrient
was simulated. For example, when we estimated N content, P was 40 mg/kg and K was 176 mg/kg,
which were both equal to the mean values of Hongxing Farm. Based on the field campaign data, the N
in the table was between 0 kg/ha and 1000 kg/ha with an interval of 0.1 kg/ha. Then, the DOG was
varied to include all the possible times of point A and point B, and the corresponding SAN uptake
amounts were calculated. The SAN uptake estimation also considered the SAN consumption of the
dead biomass. The dead biomass can be simulated by the WOFOST model, and the SAN percentage
of this part was equal to the normal biomass. In addition, the water-limited leaf, stem and storage
organ biomass of point A and point B and the water-limited LAI value of point B were added to the
table. Their ranges of variation were determined by the field data to ensure that all the input biomass
combinations were included. Running the nutrient module with the input SANs, LAI and biomass
information, the nutrient-limited biomass and LAI can be estimated. The table includes N contents,
effective soil depth (Equation (4)), DOG, input water-limited biomass combinations, and output
nutrient-limited LAI. Three tables for the N, P and K simulation were made independently, and nine
lines of the N table are listed in Table 1.

Table 1. The N table of the LUT method.

SAN
(kg/ha) Depth (m) DOG (Day) Input Biomass of Point A

(kg/ha)
Input Biomass of Point B

(kg/ha) LAI

N Min (Root,
Black Soil)

Point
A

Point
B Leaf Stem Storage

Organs Leaf Stem Storage
Organs Input Output

420 1.0 20 80 800 1200 0 3200 3300 400 2.75 2.57
320 1.0 20 80 800 1200 0 3200 3300 400 2.75 2.52
220 1.0 20 80 800 1200 0 3200 3300 400 2.75 2.48
420 1.1 30 90 1500 1600 50 3700 3700 800 2.85 2.70
320 1.1 30 90 1500 1600 50 3700 3700 800 2.85 2.67
220 1.1 30 90 1500 1600 50 3700 3700 800 2.85 2.63
420 0.9 1 60 10 5 0 1600 1700 200 2.55 2.43
320 0.9 1 60 10 5 0 1600 1700 200 2.55 2.39
220 0.9 1 60 10 5 0 1600 1700 200 2.55 2.33

When the N content is simulated at point B, the input biomass of point A and point B and the
input LAI of nutrient module are provided by the crop growth simulation process in the WOFOST
model. The P, K, fertilization and DOG are fixed values. As a result, 1000 lines with different N and
output LAI combinations can be selected from the table. Via comparison with the RS-based LAI,
the ideal N content can be found. P and K can also be simulated by using a similar method. The LUT
method can help us to avoid running the nutrient module for each pixel. The process of crop growth
and SAN simulation is shown in Figure 3.
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3. Experimental Results

The new approach estimates SAN content through three processes. In the first process, T-RS
observations are assimilated into the WOFOST model using the EnKF method to estimate actual crop
growth. In the second process, WOFOST is modified to estimate nutrient-limited crop growth by
combining the simulation results of water-limited crop growth and the soil nutrient module. In the
third process, SAN simulation algorithms are designed by comparing the actual and nutrient-limited
crop growth. The complete results of model calibration, LAI estimation and soil nutrient absorption
equation calibration are presented in this section. Then, the SAN simulation method was conducted in
the spring maize fields of Hongxing Farm. We also analyzed the effect of soil nutrient stress on crop
growth, the simulation accuracy of crop growth, the SAN simulation accuracy and the application
potential in this section.

3.1. Calibration of WOFOST Model

There are more than 80 input parameters in the WOFOST model, including meteorological, soil,
and crop parameters. Daily meteorological data, including temperature, sunshine duration, wind
speed, vapor pressure, precipitation, and humidity were available from the meteorological station
in Hongxing Farm as the meteorological parameters. The soil and crop parameters needed to be
calibrated by field campaigns. Before parameter calibration, the sensitivity was analyzed. Because
LAI was selected as the index to realize the RS data assimilation and SAN simulation, we analyzed
the sensitivity of the input parameters. Moreover, the nutrient-limited LAI, which is simulated in the
modified WOFOST model (described in the following section), was selected as the index to realize the
analysis. Because LAI is a daily output parameter in the WOFOST model, the development stage of
the crop (DVS) was also considered, and DVS = 0.5, 1.0, and 1.5 were used to give the time of output
LAI. We varied the soil and crop parameters from 95% to 105%, and the variations in output LAI were
calculated by the WOFOST model. The reason we selected 95% to 105% as the variation in this study
was to guarantee all the parameters keeping in a reasonable range. Then, the sensitivity factor (Sfactor)
was calculated by the following equation,

S f actor =
LAI∆ ∗ parameter
parameter∆ ∗ LAI

(5)

where LAI is the mean LAI simulation results of DVS = 0.5, 1.0 and 1.5, parameter is the input parameter
value, parameter∆ is the variation of the input parameter, and LAI∆ is the mean variation of LAI along
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with the parameter variation. Sfactor is a non-dimensional ratio, and the sensitivity judgment standard is
listed in Table 2.

Table 2. Relationship between Sfactor value and parameter sensitivity.

Value Range Sensitivity Level Description

0.00–0.05 1 Insensitivity
0.05–0.20 2 General sensitivity
0.20–1.00 3 Sensitivity
1.00–2.00 4 Significant sensitivity

>2.00 5 Highly significant sensitivity

Based on the Sfactor value and judgment standard, we calculated the sensitivity values of the crop
and soil parameters. The results indicate that 21 parameters show sensitivity to highly significant
sensitivity to the LAI (Sfactor is equal or greater than 0.2), and we calibrated them by the field campaigns
in this study. The values of the sensitivity parameters are listed in Table 3. Details of the calibration
methods can be found in our previous study [31].

Table 3. Crop and soil parameter calibration results of the WOFOST model.

Parameters Description Values Unit Sensitivity Value

TSUM1 Temperature sum from emergence to anthesis 890 ◦C*d 2.82
TSUM2 Temperature sum from anthesis to maturity 710 ◦C*d 2.75

CVL Conversion efficiency of assimilates into leaf 0.65 kg/kg 1.35
CVO Conversion efficiency of assimilates into storage organ 0.82 kg/kg 0.56
CVR Conversion efficiency of assimilates into root 0.72 kg/kg 0.34
CVS Conversion efficiency of assimilates into stem 0.69 kg/kg 0.49
FRTB Fraction of total dry matter to root 0–0.40 kg/kg 1.31
FOTB Fraction of above ground dry matter to storage organs (DVS = 0.1–1.7) 0–0.73 kg/kg 1.56
FLTB Fraction of above ground dry matter to leaves (DVS = 0.1–1.7) 0.19–0.77 kg/kg 2.23
FSTB Fraction of above ground dry matter to stem (DVS = 0.1–1.7) 0.08–0.55 kg/kg 1.44

NBASE Mean basic soil nitrogen content 316 mg/kg 2.11
PBASE Mean basic phosphorus content 40 mg/kg 1.23
KBASE Mean basic potassium content 176 mg/kg 1.45

NF Quantity of nitrogen fertilizer 261.5 kg/ha 0.98
PF Quantity of phosphorus fertilizer 138 kg/ha 0.43
KF Quantity of potassium fertilizer 150.5 kg/ha 0.66

SMTAB Volumetric moisture content (pF = −1–6) 0.084–0.41 cm3/cm3 0.22
SMFCF Soil moisture content at field capacity 0.295 cm3/cm3 0.22
SMW Soil moisture content at wilting point 0.084 cm3/cm3 0.34
SM0 Soil moisture content of saturated soil 0.41 cm3/cm3 0.21

RDMCR Maximum root depth allowed by soil 0–2.5 m 1.20

We applied the original and calibrated WOFOST model to simulate spring maize growth in 2014
and analyzed model performance. Emergence time, anthesis time, maturity time and yield were
selected as the indexes to assess the parameter simulation accuracy. These parameters were simulated
at pixel scale, and then averaged them as the value for the whole farm. The analysis results are listed
in Table 4 and indicate that the calibrated model accurately simulated spring maize crop growth.
The errors of simulated emergence time, anthesis time, maturity time and yield were −2 days, 3 days,
2 days and −40.50 kg/ha, respectively. Compared with the original model, the calibrated model
showed the improved simulation accuracy.

3.2. Calibration of Soil Nutrient Absorption Equation

Equation (5) should be verified and recalibrated before it is used to simulate the daily SAN
absorption amount. We conducted a field campaign (field experiment C) for verification and calibration.
The mean biomass of the 37 sampling points was calculated as an index to analyze the quantitative
relationship between biomass and the DOG. Then, the mean SAN uptake value was calculated and
analyzed. The analysis results (shown in Figure 4) indicate that the biomass assimilation and SAN
uptake amount show a similar pattern and can be estimated by an exponential curve.
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Table 4. Crop growth parameter simulation accuracy of calibrated WOFOST model.

Name Method Values Error

Emergence time
(month-day)

Observed results 28 May -
Original model 23 May −5 days

Calibrated model 26 May −2 days

Anthesis time
(month-day)

Observed results 24 July -
Original model 15 July −9 days

Calibrated model 27 July 3 days

Maturity time
(month-day)

Observed results 26 September -
Original model 22 September −4 days

Calibrated model 28 September 2 days

Yield (kg/ha)
Observed results 9808.20 -
Original model 9607.67 −200.53

Calibrated model 9767.70 −40.50
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From Figure 4, we find that the N uptake amount can be simulated by

N(t) = 556.70e−
79.52

t (6)

where N(t) is the soil nutrient absorption rate, and t is the DOG. The N absorption rate can be calculated
by the derivative of Equation (6), which is similar to Equation (5),

D(t) =
44268.78

t2 e−
79.52

t (7)
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Using Equation (7), the total N uptake amount of a maize plant at time t can be estimated. For the
amount from t1 to t2, we can integrate Equation (8),

Nt =
∫ t2

t1

44268.78
t2 e−

79.52
t dt (8)

However, the SAN uptake estimation is for a single maize plant. Additional coefficients should
be added to Equation (8) to extrapolate the estimation to the field scale. We introduced the coefficient
Cfarm to realize the unit conversion from mg/plant to kg/ha. Cfarm can be estimated based on the plant
density. Furthermore, another coefficient, CLAI, was added to Equation (8) to incorporate the influence
of crop growth status. CLAI is computed as

Clai(t) =
LAI(t)
LAI0(t)

(9)

where LAI(t) is the LAI of the target plot or pixel at time t, and LAI0(t) is the mean LAI value of the
experimental field at time t. The crop absorption can be given by

Nupt =
∫ t2

t1
C f arm ∗ Clai ∗

a
t2 e−

c
t dt (10)

where Nupt is the soil nutrient absorption (kg/ha) at time t. Equation (10) can be used to simulate the
SAN uptake of the study area at the field scale. However, the growth period is variable for different
meteorological conditions and planting plans. In 2015, the emergence time was 27 May, and the growth
period was 135 days, whereas in 2013, heavy snow caused waterlogging and delayed the sowing time,
decreasing the growth period to 122 days. Hence, the DOG cannot be directly put into Equation (10).
The DVS can be used to unify the growth period of different years. In the WOFOST model, the DVS is
calculated from the thermal time and DOG:

DVS(t) =
t

∑
1

DTUM(t)
TSUM

(11)

where DVS(t) is the DVS when DOG is t, DTUM(t) is the effective accumulated temperature of the
corresponding time, and TSUM is the total required thermal time from emergence to harvest. For 2013,
when we calculate the N uptake amount at a DOG of 60, the DVS is 0.90. Inserting DVS = 0.90 into
Equation (11), the DOG can be estimated as 67. Accordingly, we should put t2 = 67 and t1 = 1 into
Equation (10) when the N uptake from the beginning of the growing season to DOG = 60 in 2013 is
required. The P and K uptake can be simulated by similar equations, and the coefficient values are
listed in Table 5.

Table 5. The coefficient values of SAN uptake simulation.

Coefficient Type a (g/Plant) c

N 4.42 79.52
P 1.08 87.60
K 4.49 71.30

3.3. Effect of Soil Nutrient Stress on Crop Growth

The precondition of the new SAN simulation method is the difference between the RS-based
actual crop growth and WOFOST-based nutrient-limited crop growth. Hence, showing that changes in
current SAN content can affect crop growth is necessary before designing the simulation algorithm.
We first analyzed the effect based on the field campaign results; then, the effect on model crop growth
simulations was assessed by running the WOFOST model under different SAN conditions.
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A series of variable rate fertilization experiments have been conducted in Hongxing Farm for
more than ten years, and the resulting experimental data are useful for analyzing the soil nutrient
stress. In Hongxing Farm, the fertilizers include carbamide (CH4N2O), diammonium ((NH4)2HPO4)
and potassium sulfate (K2SO4). The three fertilizers were mixed in a fixed proportion and applied to
the field. The ratio of N, P and K of the mixed fertilizer was 17:12:9, which is controlled by the farm.
In 2010, a spring maize plot covering 12 hectares (ha) was selected as the experimental field. The field
was divided into two parts: 9 hectares (part A) with normal fertilization and 3 hectares (part B) with
variable rate fertilization. The fertilizer amount in both parts was 700 kg/ha. Here, normal fertilization
means that 6300 kg fertilizer was uniformly used in part A. For part B, a reasonable prescription map
was made based on the SAN field measured data, then the variable rate fertilization was applied.
The average yield of the two fields were gathered at the same time. The average yield of the variable
rate fertilization part increased from 8905 to 9735 kg/ha. This finding indicates that optimizing the
fertilization can increase the yield. To illustrate the influence directly, we designed an experiment
that was conducted in another spring maize plot in 2014. The 71-hectare plot was divided into three
parts, and different fertilizer amounts were applied in each part. Then, the yields of the three parts
were measured. The results (listed in Table 6) show that changes in the fertilizer amount can directly
influence the yield. Considering the relationship between crop growth and yield, we can conclude that
changes in SAN content can cause variation in crop growth in the study area.

Table 6. The variable rate fertilization experiments in 2010 and 2014.

Year Area (ha) Fertilizer Yield (kg/ha)

2010 3 Variable rate fertilization 9735
2010 9 Normal 8905
2014 26 Normal 9645
2014 25 5% fertilizer reduction 9451
2014 20 10% fertilizer reduction 8598

We also analyzed this stress through WOFOST model simulation. Fertilization and simulated
yields were selected as indexes to test whether soil nutrient stress can influence the WOFOST-based
crop growth simulation. In field experiment B, we selected three plots to observe the SAN content and
yield. We also simulated the mean yield with the WOFOST model and RS data. Details of these plots
are listed in Table 7.

Table 7. Field details for the selected plots.

Plot Number 13-2-2 14-2-2 5-6-1 Farm Mean Value

Soil fertility High nutrient field Medium nutrient field Low nutrient field -
N (mg/kg) 378.81 325.48 267.38 315.00
P (mg/kg) 44.98 39.60 33.39 40.00
K (mg/kg) 198.73 173.71 174.83 175.00

Fertilization in 2014 (kg/ha) 700.00 700.00 700.00 700.00
Actual yield of 2014 (kg/ha) 11,295.00 10,031.47 9588.25 9808.20

Simulated yield of 2014 (kg/ha) 11,013.20 10,761.10 9639.38 9686.28

The soil nutrient stress on crop growth was analyzed by a simple method. In this method,
the total N, P and K fertilizer applications were varied from −100% to 300% in 2% increments, and the
WOFOST model was repeatedly executed at each step to simulate the yields at different fertilization
levels. The output yields (shown in Figure 5.) indicate that any change in the fertilizer application can
initiate differences in the crop simulation process. In general, the changes in SAN content can affect
crop growth, and the calibrated WOFOST model can be used to simulate these changes.
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3.4. Crop Growth Simulations

The T-RS observations and modified WOFOST model were used to estimate the required actual
crop growth and nutrient-limited growth. An empirical regression model was used to estimate LAI
from the T-RS observations. In field experiment A, we obtained the field LAI of maize and soybean.
The empirical regression model was constructed using NDVI and field campaign data. The NDVI and
LAI of one crop showed similar trends of initially increasing and then decreasing, whereas the rate did
not remain the same. Hence, the relationship between the NDVI and LAI varied. This phenomenon
became evident when we analyzed the field LAI of soybean. The results, which are shown in Figure 6,
show that a given NDVI value corresponds to two different LAI values, one from an earlier stage of
the growing season and the other from a later stage.
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It was necessary to address this problem before building the model of spring maize. Therefore,
the DVS was considered. DVS = 1, i.e., when the LAI reached its peak value, was considered as the limit
for both stages. The empirical regression models and the accuracy of spring maize are listed in Table 8.
Previous work has shown that the RS-based LAI can be easily assimilated into the WOFOST model [19].
A physical model, such as a PROSAIL model, is still recommended when the SAN simulation method
is applied to a larger area or a longer time span.

Table 8. The regression models for LAI calculation.

Time (Month-Day) Model R2 F RMSE

DVS = 0–1 Y = 5.828X − 0.784 0.96 980.02 0.22
DVS = 1–2 Y = 4.564X + 0.026 0.80 233.64 0.19

In addition, the LAI and yield were selected to analyze the simulation accuracy. For actual growth,
the EnKF method was used to assimilate time-series HJ-CCD data into the WOFOST model to correct
the model crop growth simulation process. The water-limited LAI of WOFOST and RS-estimated
LAI are typically selected as the indexes used for assimilation. However, because of the existence
of nutrient stress on crop growth, the water-limited LAI of the original model is higher than that of
the RS-simulated result, as shown in Figure 7. Thus, the assimilated LAI is higher than the RS-based
LAI, which can influence the SAN simulation. In this study, we calculated the mean nutrient-limited
LAI using the mean SAN content of the entire farm, and the mean nutrient-limited LAI was used
to replace the water-limited LAI for the RS assimilation. The LAI profile (shown in Figure 7) shows
that this substitution can improve the LAI assimilation accuracy. Additionally, we conducted a field
campaign in 2014 to gather the mean value of yields. In this campaign, 134 spring maize plots were
selected, and the details of plot location and yield observation method can be found in our previous
study [30]. The coefficient of determination (R2), root-mean-square error (RMSE) and average relative
deviation (ARD) were selected as the indexes to analyze the accuracy of the yield simulation based
on the WOFOST model and the EnKF assimilation method. The results (shown in Figure 7) indicate
that the simulation accuracy (R2 = 0.58, RMSE = 530.61, ARD = 4.45%) of the WOFOST model with the
EnKF method is higher than the original model (R2 = 0.13, RMSE = 976.53, ARD = 9.17%).
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Figure 7. Analysis results of actual crop growth simulations. (a) LAI profiles (Original model represents
the water-limited crop growth simulation of the original WOFOST model, RS represents the RS
empirical regression model estimation, EnKF withoutnu represents the assimilation of RS-simulated
LAI with water-limited LAI, and EnKF withnu represents the assimilation of RS-simulated LAI with
mean nutrient-limited LAI); (b) The yield simulation accuracy with the EnKF method.



Remote Sens. 2018, 10, 64 16 of 21

For nutrient-limited growth, the daily crop growth parameters were first simulated by the
WOFOST model at the water-limited level. During the model modification process, the nutrient module
was added to estimate the nutrient-limited crop condition parameters based on the water-limited
results. Because the SAN content cannot be acquired at the pixel scale, the soil nutrient parameter
inputs were generated from 27 sets of field data using kriging interpolation, thus, some associated
errors are inevitable. R2 was selected as the index to analyze the difference between actual and
nutrient-limited crop growth. The analysis results (listed in Table 9) indicate that the simulation
accuracy of actual growth is higher than that of nutrient-limited growth. Using the errors associated
with nutrient-limited growth compared with those of the actual growth, we can design algorithms to
simulate the SAN content.

Table 9. The accuracy of crop growth simulations.

Index Method R2 Method R2

Yield Nutrient-limited growth 0.36 Actual growth 0.58
LAI05 Nutrient-limited growth 0.78 Actual growth 0.84
LAI10 Nutrient-limited growth 0.52 Actual growth 0.65
LAI15 Nutrient-limited growth 0.63 Actual growth 0.79

LAI05 indicates that the LAI is simulated at DVS = 0.5; LAI10, DVS = 1.0, and LAI15, DVS = 1.5.

3.5. SAN Simulation

A preliminary attempt at SAN simulation was made in the spring maize plots of Hongxing Farm,
and analyses were conducted to assess the accuracy. The SAN simulation algorithm was used in the
soil nutrient simulation stage to create a connection between actual crop growth and nutrient-limited
growth. The ranges of N, P and K were set to 0–1000, 0–200, and 0–700 mg/kg, respectively, to include
all possible SAN content. The time of point A was DVS = 0.12 to ensure the spring maize emergence.
Moreover, the change at point B corresponds to different periods of assimilation and crop growth
stages. Hence, we varied the time of point B from DOG = 23 to 123 with a step of 10 and repeated the
simulation process to estimate a series of SAN content. The R2 values of these simulation results were
calculated. The results indicate that the change at point B can have significant effects on the simulation
accuracy. We selected the optimal time for the three nutrients according to the R2 values. Specifically,
the optimal time for N was 43 (DOG), and the accuracy is shown in Figure 8. The results indicate that
this method can simulate the spatial heterogeneity of N with acceptable accuracy (R2 = 0.48). Similarly,
the optimal times for P and K are DOG = 53 and 63, respectively.
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Figure 8. Analysis results of available nitrogen simulation.

Additionally, a commonly used method was applied by building a statistical model using the RS
index and SAN content. We selected the optimal index and time by performing an accuracy analysis.
The near-infrared (NIR) band of the RS image on 22 June (DOG = 23) simulated N content with the



Remote Sens. 2018, 10, 64 17 of 21

highest R2. In addition, the NDVI and ratio vegetation index (RVI) of the RS image on 19 August
(DOG = 57) were optimal for the determination of P and K. Finally, the R2 values of the two different
methods were calculated. The results, which are listed in Table 10, show that the new approach can
monitor the SAN content with higher accuracy than can the statistical model.

Table 10. The accuracy of SAN simulations.

Nutrient Method Time (DOG) Index R2

N New approach 43 - 0.48
N Statistic model 23 NIR 0.14
P New approach 53 - 0.37
P Statistic model 57 NDVI 0.17
K New approach 63 - 0.15
K Statistic model 57 RVI 0.09

3.6. The Application Value of the SAN Simulation Algorithm

The aim of SAN estimation is to generate a prescription map for guiding VF. Hence, in this study,
it was important to analyze the improvement that the new SAN simulation method can provide
in VF applications, and we discuss this in this section. The VF experiments (introduced in the
previous section) demonstrated that yield can be improved by controlling fertilization. However, these
experiments were conducted based on field campaign data. The spatial heterogeneity of soil nutrients
and the errors from the spatial interpolation in the prescription map can both lower the application
effect. We applied the new SAN simulation method to improve the application value by providing
timely SAN content information at the pixel scale. The three plots of field experiment B were selected
to analyze the improvement. Considering that the VF method of the previous experiments involved
maintaining total fertilization while boosting yield, the fertilization rate of the three plots was set to
700 kg/ha. We produced the prescription map and ran the WOFOST model to obtain the yield increase.
The results (listed in Table 11) indicate that the new method can improve the mean yield of the three
plots from 10,304.90 to 11,428.51 kg/ha with an increment of 1123.61 kg/ha. Meanwhile, the increment
of the VF experiment in 2010 was 830.00 (from 8905.00 to 9735.00) kg/ha. Hence, the new method can
provide a greater yield growth than the field survey method with the same VF strategy. In general,
the new method is promising for optimizing SAN content, which can increase production and ensure
sustainable agricultural development.

Table 11. The results of VF experiments.

Plot Name Fertilization
(kg/ha)

Observed Yield
(kg/ha)

Simulated Yield
with VF (kg/ha)

Yield Increment
(kg/ha)

13-2-2 700.00 11,295.00 12,215.30 920.30
14-2-2 700.00 10,031.47 11,102.55 1071.08
5-6-1 700.00 9588.25 10,967.67 1379.42

VF experiment in 2010 700.00 8905.00 9735.00 830.00

4. Discussion

Previous research has demonstrated that it is feasible to simulate soil nutrients using different
methods, which have been mainly adopted from field surveys, soil spectroscopy and remote sensing.
However, these methods have obvious shortcomings, and many of them may pose an obstacle to
simulating results for fertilizer management on a larger scale. Field surveys are inefficient and costly,
soil spectroscopy can only monitor the total nutrients from the surface soil, and remote sensing usually
adopts statistical methods and cannot guarantee precision and stability. Therefore, in this study,
a model with a more thorough theoretical basis and a more stable framework was evaluated, and
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its soil nutrient module can represent soil nutrient content with the input of remote-sensing data
assimilation, and soil nutrient simulation methods. Compared with typical methods, this model has
obvious advantages in particular, low cost, timeliness, and precision.

In terms of cost, the HJ-CCD data used in this study is free on the internet, and the field data was
gathered only to calibrate parameters and analyze nutrient simulation accuracy. It was unnecessary
for us to conduct field surveys and soil sample assays for each year; hence, the cost of this method
is lower than that of field surveys and soil spectroscopy. In terms of timeliness, the revisiting period
of HJ satellites is two days and the CCD cameras observe broad coverage of 360 km. This capability
gives us more options in this method than others. In terms of precision, the application of WOFOST
provides a more robust theoretical basis and detailed mechanism process. Also the nutrient module
of this method is able to consider the influence between different nutrients. This can improve the
precision of nutrient monitoring and the accuracy analysis results has verified the improvements.

The error propagation of the proposed SAN simulation was also analyzed in this study.
Considering the SAN content was simulated by comparing the difference of WOFOST based LAI and
the RS-WOFOST based LAI (the LAI simulated by assimilating time-series LAI into WOFOST model),
any errors in the RS-WOFOST based LAI can influence the SAN simulation accuracy. Hence, we
selected the RS-WOFOST based LAI as the index to analyze the error propagation of the proposed SAN
simulation model. The mean value of RS-WOFOST based LAI were varied from −90% to 100% in 5%
increments. The SAN simulation method was repeatedly executed at each step to calculate the changes
in N, P and K estimations. The results, listed in the Table 12, indicate that the error propagation from
RS-WOFOST based LAI to SAN simulations matches an approximate linear relation.

Table 12. The results of error propagation from LAI to SAN simulations.

LAI (%) N (%) P (%) K (%)

90 91 88 93
95 94 94 96

100 100 100 100
105 104 107 105
110 108 113 112

Meanwhile, this study is a preliminary study. Some deficiencies should be addressed before
the new method can be used to guide VF application. Among these, the K simulation accuracy is
important. The analysis results showed that the accuracy of K is lower than that of N and P for both
methods. There are several potential reasons for this finding, which can be classified into four aspects:
the stability of K in soil, the absorption-action mechanism of K in spring maize, the interaction effects
between SANs, and the RS assimilation effect. The potassium ion is the main form of K in soil, which
means that it can be easily influenced by soil water flow. The spatial heterogeneity of SAN content was
analyzed and a variable coefficient (CV) was selected to examine the spatial heterogeneity. The CV can
be calculated as [30]

CV =
SD

Mean
∗ 100% (12)

where SD is the standard deviation and Mean is the mean value of the research data.
We calculated the CV values of the field SAN content data in the nine selected plots of field

experiment A. Then, the mean value of them was estimated and the spatial heterogeneity of K
(CV = 11.70%) was found to be higher than for N (CV = 4.53%) and P (CV = 10.48%). The results
indicate that K is more readily changed than N and P. For the absorption-action mechanism of K in
spring maize, K plays an important role in crop metabolism, protein synthesis and charge balance [41].
In this study, the LAI was used for the SAN simulation. Hence, the ability for K to affect leaf growth is
the key factor for accurate simulations of the K content. This influence is helpful for selecting an optimal
time for point A and B, which can improve the K simulation accuracy. In WOFOST, the absorption of
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K can be influenced by N and P. The interaction effects between SANs should be considered in this
study. However, we neglected these effects by setting the other two nutrients at their mean levels for
the entire farm. To analyze these effects, we applied the N monitoring result (with highest simulation
accuracy) to replace the mean value during the K simulation in WOFOST; as a result, R2 increased from
0.15 to 0.29. Further improvement can be achieved by considering more interaction effects. For the RS
assimilation effect, we compared the LAI simulation accuracy of the N and K simulation period (the
time of point B). Because the optimum time for K and N simulation is mid-August (DOG = 63) and
early July (DOG = 43), the corresponding R2 was calculated using the LAI field data of field experiment
C and the simulation results of the RS-based WOFOST model. The results (shown in Figure 9) indicate
the LAI simulation accuracy for 13 June is higher than for 29 August. Thus, the RS assimilation effect
during the N simulation period is better than the K simulation stage. The quality of the RS observations
used in this stage and the saturation of the NDVI are potential reasons for this finding. In conclusion,
optimizing the K absorption-action mechanism in both crops and soil, the interaction effects and the
RS assimilation of spring maize in the mid- to late growth stage can improve the simulation accuracy
of K; further studies should be conducted to realize this improvement.
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5. Conclusions

In this article, a new SAN simulation approach is proposed. This approach is based on the
modified WOFOST model and T-RS observations. In this approach, actual crop growth is simulated
by assimilating T-RS observations into the WOFOST model, and the nutrient-limited crop growth of
the same period is estimated by integrating the nutrient module and the water-limited crop growth
simulation results. An LUT algorithm was designed to simulate SAN content by connecting the two
types of crop growth. Then, experiments and analyses based on spring maize at Hongxing Farm
were conducted. The results indicate that the new approach is a low-cost but effective method of
addressing the problems associated with existing SAN content monitoring. Additionally, we analyzed
the application value of the new method, and the results showed that the new method improves the
VF effect over that of commonly used methods.
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