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A B S T R A C T   

Physiological principles-based crop modelling and in situ sensor technology provide opportunities for smart ni-
trogen (N) management for sustainable agricultural production. We propose two N-management optimization 
methods, in which the mathematical ‘bisection algorithm’ is combined either with the crop modelling (CM 
method) or with an integrated remote sensing-crop modelling by data assimilation (RSCM method). Data 
collected from a field experiment of rice with six N treatments (each with four times of topdressing) were used to 
illustrate the methods, where the first two N topdressings (Ntop) were applied as in the experiment while the last 
two Ntop were optimized. The two methods were compared with three reference methods: farmer practice 
optimized by the yield response curve (FPopt), and the Sufficiency Index- or Response Index-based remote sensing 
(RS) methods. Crop growth and yields using N applications from these reference methods were also simulated by 
the same crop model. Compared with FPopt, the sum of the optimized last two Ntop of the CM method on average 
decreased by 37.9%, while that of the RSCM method decreased by 61.2%. The methods of CM, RSCM and RS 
decreased the simulated yield by 0.9%, 1.2%, and 4.4%, respectively, while they increased the profit by 2.8%, 
4.4%, and − 0.4%, respectively, compared with FPopt. The CM method relying on crop physiological principles 
tended to perform better than the methods of FPopt and RS in optimizing in-season N application, while the RSCM 
method further benefited from assimilating data from in situ remote sensing information into the CM framework, 
thereby potentially best suiting to guide smart fertilizer management.   

1. Introduction 

Productivity of cereal crops in China has doubled, while chemical 
fertilizer application increased by threefold, over the past forty years 
(National Bureau of Statistics of China, http://data.stats.gov.cn). 
China’s agriculture is dominated by smallholder farms, and nitrogen (N) 
fertilizers tend to be over-used in farmer practice (FP) (Cui et al., 2018; 
Moebius-Clune et al., 2013). While about 45 % of current grain yield 
productivity can be attributed to this high N input (Yu et al., 2019), the 
FP also caused severe environmental issues, including leaching, eutro-
phication, greenhouse gas emission, and potential human health hazards 
(e.g., Cui et al. (2018); Zhang et al. (2013)). The Chinese government 
has invested 10.7 billion dollars from 2007 to 2022 to control the 
eutrophication of Taihu (Taihu Basin Authority of Ministry of Water 
Resources, http://www.tba.gov.cn). For both economic and environ-
mental reasons, there is a need for the precise field N management that 

synchronizes soil N supply and crop demand (Cui et al., 2010). However, 
considering the spatial and temporal variability in soil properties and 
crop needs (Pierce and Nowak, 1999), the optimum N of whole-season 
total N application (Ntot) and in-season N topdressing (Ntop) varies 
(Dumont et al., 2016; Mamo et al., 2003). This poses a great challenge 
for the sustainable agricultural production (Moebius-Clune et al., 2013). 

Production functions have been commonly adopted for fitting the 
yield response curve showing the relationship of yield versus Ntot to 
determine the optimal Ntot (e.g., Cui et al. (2010); Fageria and Baligar 
(2005)). However, nitrogen fertilizer management, particular the 
appropriate rate and timing of application, is an important factor for the 
change of soil N in crop root zones (Dinnes et al., 2002). The so-called 
yield goal method can help to determine the whole-season Ntot and in- 
season Ntop based on the soil N cycle and plant N uptake (Stanford, 
1973). The Ntot is divided between two or three applications within the 
growing season, with the optimal N rate for the basal or Ntop being 
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determined from soil nitrate test in the root zone and a target N value of 
the corresponding crop growth period given the yield goal (Chen et al., 
2006). Field experiments have shown that applying this strategy for the 
wheat-maize system in the North China Plain can reduce N application 
compared with FP without sacrificing crop yield (Chen et al., 2006; Cui 
et al., 2010). However, due to the unpredictability of the grain formation 
caused by the uncertain crop growth conditions, the yield goal might not 
give an optimum N rate (Lory and Scharf, 2003). Additionally, to ac-
count for the between- and within-field variability, considerable effort 
might be required for the destructive sampling and laboratory testing, 
especially when this method is applied at large scale. Moreover, due to 
the lack of standard soil sampling designs, including for example sam-
pling intensity or interpolating methods, there are obstacles for creating 
soil nutrient maps for in situ management in large areas (Pierce and 
Nowak, 1999). Within the comparison of 31 N recommendation tools 
that mainly relied on a soil nitrate test, all tools failed to work as a 
universally reliable tool over diverse environmental conditions across 
eight corn belt states of the US (Ransom et al., 2020). There is a need for 
developing N-recommendation methods that are more responsive to soil 
and weather conditions (Ransom et al., 2020). 

The proximal or remote sensing technologies have shown the po-
tential for monitoring the spatial and temporal variability of crop 
growth for determining the in situ field N management (Hansen and 
Schjoerring, 2003; Pierce and Nowak, 1999). With an attainable yield 
target and the agronomic N efficiency (AEN), an in-season adjustment of 
Ntop for rice at tillering and panicle initiation can be made by estimating 
leaf N status from a chlorophyll meter or a leaf color chart (Peng et al., 
2010). Huang et al. (2015) guided the Ntop for rice at the panicle initi-
ation using satellite multispectral images, relying on the estimated N 
nutrition index, defined as the ratio of the actual to the critical crop 
aboveground N concentration. Due to the frequent cloudy weather 
during the growing season of rice and coarse spatial resolution of sat-
ellite remote sensing, Unmanned Aerial Vehicle-based images, espe-
cially the hyperspectral images with higher spectral resolution, are 
recommended (Huang et al., 2015). For instance, by applying the Un-
manned Aerial Vehicle acquired multispectral images based Sufficiency 
Index (SI) to wheat at stem-elongating, the Ntot was reduced by 15.4 % 
and AEN increased from 9.07 to 10.36 kg kg− 1, compared with the local 
FP (Zhang et al., 2021). Similarly, Yao et al. (2012) demonstrated that 
the Ntot of rice was reduced by 33.3 % without yield loss over FP by 
optimizing the Ntop at stem-elongating using the portable sensor based 
Response Index (RI), following the Nitrogen Fertilizer Optimization 
Algorithm developed by Raun et al. (2002). 

Although the variance of crop growth status can be revealed by 
remote sensing for in situ N optimization, the temporally dynamic in-
teractions of stress like N availability on crop growth and yield cannot be 
totally accounted for. Compared with the spatial variability in crop N 
requirements, the temporal variability of weather conditions is more 
important, and should be better managed (Miao et al., 2011). Relying on 
the ability of simulating the comprehensive interaction between the soil 
and crop processes under a given atmospheric condition (e.g., Yin and 
van Laar, 2005), process-based crop models have been considered as a 
powerful tool (Paz et al., 1999). As future weather is always uncertain, 
the historical weather data over a long time have been commonly uti-
lized for crop growth simulation to optimize Ntop (e.g., Paz et al. (1999); 
Wang et al., (2021a)). However, due to the gathering cost of soil data, 
the between- and within-field variabilities of crop growth cannot be 
simulated sufficiently by crop models only (Basso et al., 2007). To 
simulate the space–time continuum of crop production by a crop model, 
Paz et al. (1999) divided the field into a grid for optimizing Ntot, in 
which the crop model was separately run with calibrated soil parameters 
by measured yield for each grid cell. Coupling a crop model and remote 
sensing technologies has recently been shown to better optimize field N 
management. For instance, based on the remotely sensed vegetation 
index or yield map, a field was delineated into a few stable zones of 
similar crop response and the crop model DSSAT was executed with 

specific inputs in each of these zones (Basso et al., 2007). Instead, Baret 
et al. (2007) generated a map of Ntop for a targeted field at pixel level 
(20 m × 20 m), based on the updated crop growth status by assimilating 
in-season remote sensing observations into the crop model STICS. With 
the improved forecasting accuracy of crop growth status, the optimized 
Ntop is supposed to benefit from the integrated system as well (Baret 
et al., 2007). Thus, more work is needed about assimilating remote 
sensing information into crop models for optimizing in-season in situ N 
management (Morari et al., 2020). 

In this study, methods for optimizing field N management based on 
remote sensing image and crop model were developed and evaluated in 
comparison with earlier remote sensing-based and yield response curve- 
based methods. Due to the great N loss potential caused by frequent 
irrigation, timely N management is especially important for rice, 
compared with other major field crops (Fageria and Baligar, 2005). Our 
field experiments of rice conducted in the years 2019 and 2020, reported 
earlier (Wang et al., 2023a, 2023b), were adopted here as a case study. 
The crop model GECROS was used, because of its generality and phys-
iological robustness (Yin and van Laar, 2005) (see a brief description of 
the crop model GECROS in Supplement A). 

2. Materials and methods 

2.1. Field experiment design 

Details of the experimental design were provided previously (Wang 
et al., 2023a, 2023b), and here, only summary information is given. The 
field study was conducted on a paddy field, located in Chongming, 
Shanghai, China (31.67 N, 121.35E), a typical site for rice cultivation in 
Yangtze River Delta (Fig. 1). The soil type of the experimental site was 
silt loam. The meteorological records of the local weather station around 
our experimental site were collected from the website of the China 
meteorological data service centre (http://data.cma.cn). Monthly 
average temperature and rainfall from 1989 to 2020 are shown in 
Fig. S1. 

The Ntot of the local FP is 240 kg N ha− 1 per season. To assess the 
optimal Ntot, six treatments with varied N application amounts from 0 to 
320 kg N ha− 1 were arranged, in a complete randomized block design, 
with three (2019) or four (2020) blocks, in which each single plot 
occupied an area of 180 m2. Rice was sown with a row spacing of 20 cm 
and a within-row seed spacing of 2–3 cm on 14-Jun (2019) or 4-Jun 
(2020). The application time and amount of N were split as scheduled 
(Table 1). Sufficient phosphate (112.5 kg P2O5 ha− 1) and potash (112.5 
kg K2O ha− 1) fertilizers were applied per season, based on the local 
practice, to prevent phosphorus and potassium deficiencies. Other soil 
and crop management practices (including irrigation, and pest, weed 
and disease control) were the same in each plot following local standard 
practices. 

The optimization of Ntop was established in the field experiment in 
2020. In this study, the decision date was set at two weeks after tillering. 
Before the decision date, half of the Ntot for each treatment was applied 
at the stages of seedling and beginning of tillering, following the field 
experimental design (Table 1). Thus, six treatments with the applied N 
varied from 0 to 160 kg N ha− 1 were generated for evaluating N opti-
mization methods regarding the third and fourth Ntop. The treatments 
were separated into two categories of N conditions accordingly, the 
deficient (for the treatments with applied N before the decision date of 0, 
20, 40 and 80 kg N ha− 1) and the sufficient (for those of 120 and 160 kg 
N ha− 1). 

2.2. Field measurements and the collection of hyperspectral images 

At harvest, two sampling sites were selected in each plot and their 
sampling areas were 2 m2 (2019) or 4 m2 (2020). The total fresh samples 
were weighed and ca. 20 % was dissected into component plant parts, 
including grains. The sampled grains were weighed after oven-drying at 
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70 ◦C until constant weight. Finally, the grain yield of rice was adjusted 
to a moisture content of 14 %. 

At the decision date of two weeks after tillering, the canopy reflec-
tance data of the hyperspectral images were acquired. A DJI M600 PRO 
hexacopter (DJI, Shenzhen, China), equipped with a Cubert S185 
hyperspectral snapshot camera (Cubert GmbH, Ulm, Baden-Württem-
berg, Germany), was flown over the experimental paddy field between 
10 a.m. and 2 p.m. 125 spectral bands were captured in the range of 
450–950 nm with a sampling interval of 4 nm. The spatial resolution of 
remote sensing images and fertilization maps was set at 1 m2 in this 
study, due to the distinguished spatial variability recommended from 

previous studies (e.g., Solie et al., 1996). 

2.3. Nitrogen optimization strategies 

In this study, we proposed two methods, a crop model-based (CM) 
method and an integrated remote sensing-crop model (RSCM) method, 
to optimize N fertilization. These two methods were compared with 
three reference methods (two remote sensing-based (RS) methods, and 
yield response curve-based method), in terms of either yield or profit. 
Profit, P, was defined as, 

P = ypy − xpx (1)  

where y and x represent the yield and N application amount, respec-
tively, and py and px represent their prices, respectively. Other costs, like 
labor, fuel and machinery, are not included here. The values of py and px 

were from local government (https://www.shcm.gov.cn) and defined as 
0.407 and 0.875 $ kg− 1, respectively. 

Moreover, the varied Ntot following the fixed ratio of N partitioning 
from FP was also incorporated for comparison. As there was no opti-
mization of partitioning ratios of Ntop in FP, the amount of total Ntop, the 
sum of the third and fourth Ntop, was as same as the amount of N applied 
before the decision date (Table 1). Within the RS methods, as only the 
third Ntop could be optimized after acquiring hyperspectral images at the 
decision date of two weeks after tillering, the fourth Ntop was kept as 
same as that of yield response curve-based method for consistency with 
the limitation that the Ntot should not exceed the optimized Ntot from the 

Fig. 1. Study site of the field experiment of rice (a, b). The image for field plots at the stem-elongating stage in 2020 is illustrated here (c). N0, N40, N80, N160, N240 
and N320 denote different rates of nitrogen (N) application (see Table 1 for details). 

Table 1 
Split-applied nitrogen (N) fertilizer rates at different growth stages during the 
rice growing season in two experimental years following farmer practice, based 
on Wang et al., (2023a,2023b).  

Year Application stage N rate (kg N ha− 1) 

0 40 80 160 240 320 

2019 Beginning of tillering 0 16 32 64 96 128  
Two weeks after tillering 0 8 16 32 48 64  
Panicle initiation 0 10 20 40 60 80  
Two weeks after flowering 0 6 12 24 36 48 

2020 Seedling 0 12 24 48 72 96  
Beginning of tillering 0 8 16 32 48 64  
Two weeks after tillering 0 8 16 32 48 64  
Panicle initiation 0 12 24 48 72 96  
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production function (see later). 

2.3.1. The crop model-based optimization method 
In the CM method, the Ntop optimization was based on the crop 

model with a bisection algorithm (Conte and De Boor, 1965; Supplement 
B). While applying the method for optimizing Ntop in the interval of the 
lower bound (Nlb) to the upper bound (Nub) to maximize yield or profit, 
the midpoint (Nlb + 2ΔN) of the interval is replaced with either Nlb or 
Nub that comes with lower simulated yield or profit, where ΔN is 
calculated as (Nub − Nlb)/4 (Fig. 2a). As yield always increases with an 
increase in N apply until the optimal Ntop and then may slightly 
decrease, to reduce the required times of simulation and improve 
searching efficiency, the new interval can be selected by comparing the 
simulated yield or profit of the midpoints of candidate intervals of [Nlb,

Nlb + 2ΔN] and [Nlb + 2ΔN,Nub] (Fig. 2b). 
To optimize the third and fourth Ntop simultaneously, a double- 

bisection algorithm was designed as follows: 

1. The amount of leftover N after the first two Ntop was obtained ac-
cording to the whole-season Ntot optimized from the production 
function for yield response curve (see later). Both the third and 
fourth Ntop were varied in the initial interval of zero (lower bound, 
Nlb) to the amount of leftover N (upper bound, Nub).  

2. The ΔN of the third and fourth Ntop was set to 
(
Nub,3rd − Nlb,3rd

)
/4 and 

(
Nub,4th − Nlb,4th

)
/4, respectively. The candidate intervals of the third 

Ntop were bisected as 
[
Nlb,3rd,Nlb,3rd + 2ΔN3rd

]
and 

[
Nlb,3rd + 2ΔN3rd,Nub,3rd

]
, while that of the fourth Ntop were 

[
Nlb,4th,

Nlb,4th + 2ΔN4th
]

and 
[
Nlb,4th + 2ΔN4th,Nub,4th

]
.  

3. The midpoints of candidate intervals of the third Ntop, 
(
Nlb,3rd +

ΔN3rd
)

and 
(
Nlb,3rd + 3ΔN3rd

)
, were paired with that of the fourth 

Ntop, 
(
Nlb,4th + ΔN4th

)
and 

(
Nlb,4th + 3ΔN4th

)
. Pairs whose total 

amount of the third and fourth Ntop was higher than the amount of 
leftover N were recognized as illegal and excluded.  

4. The yields or profits were derived from the simulated crop growth by 
the crop model with weather data and the candidate Ntop pairs.  

5. The Ntop pair that gave the maximum yield or profit was selected 
among the candidates. However, if the relative difference of yield or 
profit among the pairs was less than 0.1 %, the Ntop pair with the 
minimal Ntot was selected to avoid excessive use of N.  

6. The new intervals of the third and fourth Ntop were updated to that of 
the selected Ntop pair (Fig. 2b), and ΔN3rd and ΔN4th were updated 
accordingly. This narrowed down the searching ranges of the third 
and fourth Ntop.  

7. The procedure continued by iterating the steps from 2 to 6. When the 
difference between the upper and lower bounds for both third and 
fourth Ntop was less than 1 kg N ha− 1, the iteration stopped and the 
midpoint of the pair was considered as the optimal Ntop that maxi-
mized yield or profit. 

For the CM method, the weather data fusion approach (Chen et al., 
2020) was incorporated. Take optimizing Ntop in 2020 for example, 
thirty single-year historical (1990–2019) weather files were generated 
and the historical daily weather data until the decision date in each 
weather file were replaced by the daily records in 2020. The third and 
fourth Ntop of rice were optimized based on the proposed CM method 
with fused weather data series. Finally, the averaged Ntop was served as 
the final optimized decision. 

Fig. 2. Illustration of the adaptation of the bisection algorithm to optimize N topdressing (Ntop) in our study. Panel (a) shows the original bisection method when 
applied in our N optimization context, where the initial interval of optimization is between lower (Nlb) and upper bounds (Nub) and the varying step ΔN of opti-
mization within the interval is defined as (Nub − Nlb)/4. Yields at Nlb, at Nub, and at the interval midpoint (Nlb + 2ΔN) are calculated. Then the midpoint is set to be the 
new Nlb, generating the new interval of [Nlb + 2ΔN,Nub] and yields at new Nlb, at Nub and at the new midpoint are calculated. This process continues iteratively till the 
difference of the upper and lower bound Ntop is less than 1 kg N ha− 1, and the midpoint of the final lower and upper bounds is considered as the optimal Ntop 
(indicated by the red dot). Panel (b) shows the adapted procedure that improves calculation efficiency. In this procedure, the new interval is selected by comparing 
yields at the midpoints of candidate intervals of [Nlb,Nlb + 2ΔN] and [Nlb + 2ΔN,Nub] (i.e. yields at only two points are calculated for each round). Then, the lower 
bound of the higher-yield interval of the preceding round, Nlb +2ΔN, is set to be the new Nlb, from which two new candidate intervals are formed and yields at the 
midpoints of these new intervals are compared. This process continues iteratively till the difference of the upper and lower bound Ntop is less than 1 kg N ha− 1, and 
the corresponding midpoint Ntop is considered as the optimum (indicated by the red dot). 
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2.3.2. The integrated remote sensing-crop model optimization method 
A method of RSCM was proposed, in which the CM method 

(including the above-described optimization method) was further 
incorporated into the integrated system for crop status monitoring and 
data assimilation developed in our previous study (Wang et al., 2023a). 
Within the integrated system, Monte Carlo-based Ensemble Kalman 
Filter (Evensen, 1994), one of the most popular methods for data 
assimilation (Carrassi et al., 2018), is applied to assimilate the crop 
model simulations and remotely sensing observations based on their 
quantified uncertainties. A Markov Chain Monte Carlo approach (Vrugt 
et al., 2009; Schoups and Vrugt, 2010) was adopted to calibrate the 
uncertain parameters in crop model GECROS and estimate their poste-
rior probability distribution functions. The uncertainties of crop growth 
simulations were estimated simultaneously by incorporating an 
assumed residual model. Remotely sensed canopy-level leaf traits, leaf 
weight, leaf N content and leaf area index, were predicted by a Gaussian 
Process Regression model (Rasmussen and Williams, 2006), with the 
uncertainties of remote sensing observations estimated from the model 
itself. The feature set combining reflectance, vegetation indices and 
texture information was extracted from the collected hyperspectral 
images for the better prediction of leaf traits (Wang et al., 2023b). While 
applying Ensemble Kalman filter, the procedure iteratively alternates 
between model forecasting and state updating. Each forecasting step 
produces an ensemble of different crop model simulations with un-
certainties from an ensemble of parameter sets, which were sampled 
from the estimated posterior probability distribution functions. Each 
updating step uses the predicted remotely sensed observations, 
weighted by the estimated uncertainties from the Gaussian Process 
Regression model, to correct the ensemble forecast. Consequently, the 
crop model simulations of canopy-level leaf traits were updated directly 
in the integrated system and those of aboveground biomass, grain 
weight, aboveground N content and grain N content were updated 
indirectly for their better forecasting (Wang et al., 2023a). 

To this end, based on the acquired hyperspectral images in 2020, the 
crop status at two weeks after tillering in the experimental area was 
updated pixel by pixel by the integrated system accordingly. The third 
and fourth Ntop were optimized in a pixelated manner in the RSCM 
method. Like with the CM method, historical weather records after the 
decision date were used in the RSCM method to optimize Ntop under 
different weather conditions and the averaged Ntop map was generated 
as the final decision. 

2.3.3. Remote sensing methods 
Two remote-sensing methods are evaluated. The two methods are 

based on Sufficiency Index (SI) and Response Index (RI), respectively. 
The SI is expressed as: 

SI =
Vsen

Vref
(2)  

where Vsen and Vref represent the sensed crop property and that from the 
referenced crop of N-rich treatments under the same measurement 
condition, respectively. SI ranges from zero to one; the closer SI is to one, 
the more sufficient the N supply is. Vref in this study was from the 
treatment 240 kg N ha− 1, which is also the local FP. Following Holland 
and Schepers (2013), Vsen or Vref was calculated as 
(reflectancenir/reflectancere − 1), i.e. based on the reflectance of the 
waveband of near infrared (nir, 850 nm) and red-edge (re, 730 nm) 
determined from our previous study (Wang et al., 2023b), respectively. 

The RS method with SI (RSSI) developed by Holland and Schepers 
(2010) was adopted for comparison, in which the Ntop is formed as, 

Ntop =
(
Ntot,opt − NPreDeci − NOM

)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − SI
ΔSI(1 + 0.1em(SIThreshold − SI) )

√

(3)  

where Ntot,opt is the optimal Ntot for maximizing yield or profit, NPreDeci is 

the amount of N applied before the decision date, and NOM is the N credit 
for the organic matter content within the field. ΔSI is defined as the 
sufficiency index difference parameter and calculated as 1 − SI0, in 
which SI0 denotes the SI when there is no N application, representing the 
difference between the SI of healthy plants (SI = 1.0) and those hardly 
able to recover by topdressing N. m and SIThreshold are the back-off pa-
rameters controlling the reducing rate of Ntop for situations with reduced 
yield potential (i.e., plant density), which are described as the back-off 
rate variable and the back-off cut-on point, respectively. In this study, 
the Ntot,opt was determined from the production function (see later). 
NPreDeci values for different treatments were derived from field records 
following Table 1. The values of ΔSI were set at 0.41, as the measured 
SI0 in our field experiment was 0.59. m was set at 20, according to the 
results of Holland and Schepers (2010) and Zhang et al. (2021). SIThreshold 
was set at 0.59 in this study, as it is supposed to coincide with the SI0 
point (Holland and Schepers, 2010). NOM was estimated to be 20–30 kg 
N ha− 1 per 1 % soil organic matter (Holland and Schepers, 2013), and 
set to 60 kg N ha− 1 for this study, based on the tested soil organic matter 
of 3 % at the experimental site. 

The in-season RI, proposed by Raun et al. (2002), is equivalent to the 
reciprocal of SI in our context, i.e.:RI = Vref/Vsen. Ntop optimized by the 
RS method with RI (RSRI), known as the Nitrogen Fertilizer Optimization 
Algorithm, is described as (Raun et al., 2002; Raun et al., 2005): 

Ntop =
Ngrain

NUE
YP0(RI − 1) (4)  

where Ngrain represents the average N uptake (2.0 kg) per 100 kg grains 
for Japonica rice cultivars in Yangtze River Delta (Ling et al., 2005). 
Nitrogen use efficiency (NUE, harvested grain N (kg) per 1 kg of applied 
N fertilizer) is set to 0.6, as the theoretical NUE of an in-season N 
application is ranged from 0.5 to 0.7 (Raun et al., 2005). The prediction 
of yield potential with no added fertilization (YP0, kg ha− 1) is followed 
the form of YP0 = aINSEY + b, in which In-Season Estimated Yield 
(INSEY) is determined by dividing Vsen by the number of growing degree 
days (GDD) > 0 from emergence to sensing. The GDD is calculated as 
GDD = (Tmin +Tmax)/2 − Tb. Tmin and Tmax represent the daily minimum 
and maximum air temperature, respectively, while Tb is the base tem-
perature for phenological development and set at 8.0 ◦C for rice (Yin and 
van Laar, 2005). The potential yield with additional N fertilizer, the 
product of YP0 and RI, should not exceed the maximum of field mea-
surements (Raun et al., 2002), which is equal to 11.2 t ha− 1 in this study. 
The RI is capped at 2.0 as the in-season Ntop would unlikely lead to the 
potential yield two times greater than the baseline YP0 (Raun et al., 
2002). 

2.3.4. Production function and yield response curve 
The optimal Ntot in this study was defined as the Ntot at which the 

yield or profit was maximized. Here, yield response curve to N observed 
in our experiments was fitted to a cubic model, a simplified application 
of the growth functions proposed by Yin et al. (2003): 

y = y0 +
(ymax − y0)(3xe − 2x)x2

x3
e

(5)  

where y0 denotes the value of yield when there is no N input, ymax de-
notes the maximum value of yield and xe represents the amount of N 
when ymax is achieved. In the form of this equation, all the three pa-
rameters have a straightforward biological meaning. 

The economically optimum Ntot is defined as the Ntot when the first 
derivative of the production function equals to the price ratio of fertil-
izer N to yield (e.g., Cerrato and Blackmer, 1990). Based on Eqn (1), the 
derivative of profit with respect to N is expressed as: 

dP
dx

=
dy
dx

py − px (6)  
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in which dy
dx denotes the derivative of y with respect to x (or called the 

marginal yield); it can be solved from Eqn (5) as dy
dx =

6(ymax − y0)
x3

e
x(xe − x). 

The highest profit achieves when dP
dx = 0. Thus, the optimal N for 

maximizing profit, xp, is solved as: 

xp =

(

kxe +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(kxe)2
− 4k

px

py

√ )

/(2k) (7)  

where k is 6(ymax − y0)
x3

e
. xp is available when px

py
≤

kx2
e

4 . 
The measured yield across varied Ntot in both experimental years was 

used to fit the yield response curve. The determined optimal Ntot for 
maximizing yield or profit was able to be used directly to optimize the FP 
for the corresponding target, named FPopt thereafter, in which the left-
over N was split-applied for the last two Ntop with fixed partitioning ratio 
of FP. 

2.4. Evaluation of the nitrogen optimization methods 

The above five methods were applied for optimizing the last two Ntop 
based on our field experiment in 2020. The crop growth with the applied 
first two Ntop was simulated and updated at two weeks after tillering in 
2020 based on the integrated system (described in Section 2.3.2). The 
last two Ntop optimized from different methods was fertilized in the 
forecast of their corresponding crop growth. Based on the simulated crop 
growth with actual weather data, the performance of the obtained Ntop 
from different strategies was evaluated by yield, profit and AEN. AEN was 
calculated as: 

AEN = (y − y0)/Ntot (8)  

3. Results 

3.1. Field nitrogen optimization based on yield response curve 

The yield response to Ntot is shown in Fig. 3. Measured yield in both 
experimental years increased significantly (P < 0.05) from no N input 
until Ntot reached 240 kg N ha− 1 (Fig. 3a). Yield with Ntot at 320 kg N 
ha− 1 decreased by 0.16 % (2019) and 1.89 % (2020), compared with 

that at 240 kg N ha− 1. As fitted curves for individual years of 2019 and 
2020 did not differ significantly (P > 0.05), a general yield response 
curve was generated using the pooled data (Fig. 3b). Derived from the 
cubic yield response model, the optimal Ntot for maximizing yield was 
282.5 kg N ha− 1, located in the indicated range of optimal Ntot (Fig. 3). 
Based on Eqn (7), the optimal Ntot for maximizing profit was calculated 
as 273.3 kg N ha− 1, which was slightly lower than that for yield 
(Fig. 3b). 

3.2. Topdressing nitrogen based on the remote sensing methods 

The maps of Ntop optimized by the RS methods were generated based 
on the SI or RI map (Fig. 4). As described in the RSSI method, the opti-
mized Ntop targeting at maximizing yield and profit changed not only 
with the levels of SI, but also with the levels of applied N before the 
decision date (Fig. S2). Due to the slight differences between the opti-
mized Ntot for yield and profit, the optimized Ntop for yield and profit 
changed accordingly (Fig. 4b-c, S2). Regarding the RSRI method, as it 
recommends N just based on the potential yield (Fig. S3), only the 
objective of maximizing yield was included here (Fig. 4e). In N deficient 
treatments, the pixel-level third Ntop optimized by the RSSI method 
tended to be higher than that of the uniform Ntop of FPopt, while that by 
the RSRI method tended to be lower. For instance, the third Ntop of the 
RSSI method for maximizing yield for N treatments with applied N in 
levels of 0, 20 and 40 kg N ha− 1 increased by 66.9 %, 57.0 % and 19.0 %, 
respectively, and that of the RSRI method on average decreased by 8.7 % 
(Table S1). The plot-level total amount of the last two Ntop (hereafter 
referred to as total Ntop) of the RSSI method in all treatment for maxi-
mizing yield and profit decreased, compared with that of FPopt, by 
39.4–51.8 % and by 39.6–51.1 %, respectively (Table 2). Similarly, the 
total Ntop of the RSRI method for maximizing yield decreased by 
42.9–61.5 % (Table 2). 

3.3. Determining the optimal topdressing nitrogen with the crop model 
method 

As the optimization of Ntop from the CM method used historical 
weather records, its applicability was validated at first. Compared with 
using the actual weather data, simulated yield by the historical records 

Fig. 3. Bar plots of measured yield (a) and yield response curve (b) to the varied N application amount (Ntot). The error bars in panel a denote the standard deviations 
derived from replications. The response equation for yield in panel b was fitted by Eqn (5) to two years’ data in 2019 and 2020, and the green and orange vertical 
lines represent the optimized Ntot for maximizing yield and profit, respectively. 
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agreed well with the field measurements in both experimental years of 
2019 and 2020 (Table S2). The response curve from the simulated yield 
by the model (R2 = 0.60, P < 0.01, Fig. S4) was similar to that from the 
measured data shown in Fig. 3b. The amount of total Ntop of the CM 
method was consistently decreased in different N treatments and the 
decrease for maximizing yield varied from 22.4 % to 54.3 % and that for 
maximizing profit was from 27.6 % to 55.6 %, compared with FPopt 
(Table 2). Similar to FP, the partitioning ratio of the third Ntop in FPopt 
was fixed at 40 % of the total Ntop, while that of the CM method 
increased to ca. 80 % and tended to be increased with the decrease of 
applied N before (Table 2). Compared with FPopt, the third Ntop of 
different treatments optimized by the CM method increased by − 5.1 % 
to 48.9 %, while the fourth Ntop decreased by 65.4 % to 89.2 % (Table 2). 

3.4. Optimization of topdressing nitrogen by the method of remote 
sensing-crop model 

The maps of Ntop optimized by the integrated method of RSCM tar-
geting at maximizing yield and profit were generated, based on updated 
crop growth status using the integrated system for crop status monitor 
and forecast (Fig. 5). Due to the difference between the optimized Ntot 
for yield and profit, like with the method of CM, the optimized third and 
fourth Ntop of RSCM for yield tended to be slightly higher than that for 
profit in both pixel- and plot-level (Tables 2, S1). Taking the N sufficient 
treatment with the 120 kg N ha− 1 applied as an example, ca. 70 % pixels 

of the optimized third Ntop for maximizing yield were in the range from 
85 to 100 kg N ha− 1, while that for maximizing profit ranged from 75 to 
90 kg N ha− 1 (Fig. 6). The total Ntop of RSCM in both pixel- and plot-level 
was lower than that of RS, and like with the CM method, more N tended 
to be allocated to the third Ntop (Tables 2, S1). Compared with the CM 
method, benefiting from the in situ crop growth status, the averaged 
pixel-level total Ntop of different treatments optimized by the RSCM 
method decreased by 4.6–13.9 % (Table S1). Relying on the in situ 
optimization, the plot-level total Ntop of RSCM further decreased, by 
49.7–77.2 %, compared with FPopt (Table 2). 

3.5. Performance evaluation of optimized field nitrogen 

Yield maps of the different Ntop strategies were simulated using the 
actual weather data (Fig. 7), although the simulated yield tended to be 
higher than the measurements (Fig. S4). Even though the AEN increased 
while decreasing Ntot to 40 kg N ha− 1 following the strategy of FP, the 
yield and profit decreased greatly (Table 3). The method of FPopt ach-
ieved the highest yield among the N optimization strategies, with the 
cost of the highest Ntop and lowest AEN (Tables 2, 3). Compared with 
FPopt, in N deficient treatments for maximizing yield or profit, the 
simulated yield of the methods of CM and RSCM decreased by 0.1 % to 
1.1 % and 0.2 to 1.4 %, respectively (Table 3), while their profit 
increased by 1.1 % to 9.4 % and 2.3 % to 13.2 %, respectively, due to the 
saved N (Table 3). As for the sufficient N treatment with 160 kg N ha− 1 

Fig. 4. Maps of Sufficiency Index (SI) (a), Response Index (RI) (d) and optimized topdressing N (Ntop) by the method of remote sensing with SI (RSSI) or RI (RSRI). 
Within the method of RSSI, Ntop was optimized for maximizing yield (b) and profit (c), respectively. As the RSRI method recommends N just based on the potential 
yield, the objective of maximizing yield was only included (e). N0, N20, N40, N80, N120 and N160 denote varied N rates applied before the decision (the decision 
date was set at two weeks after tillering, see the text). The dotted lines within the maps depict the boundaries of experimental plots. 
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applied, both the simulated yield and profit of the methods of CM and 
RSCM decreased, but the AEN of them for maximizing yield and profit on 
average increased by 9.2 % and 23.0 %, respectively (Table 3). As there 
was hardly Ntop for N treatments with sufficient input, not only the 
simulated yield and profit but also the AEN of RS were lower than those 
of RSCM (Fig. 7, Table 3). Moreover, compared with the local FP, the 
simulated yield and profit of FPopt increased by 140 kg ha− 1 and 20 $ 
ha− 1, respectively, but its AEN decreased from 19.2 to 16.8 kg kg− 1, 
while the yield and profit of the methods of CM and RSCM increased by 
54 and 15 kg ha− 1 and 22 and 43 $ ha− 1, respectively, and their AEN 
increased to 19.9 and 22.6 kg kg− 1, respectively (Table 3). 

4. Discussion 

4.1. Characteristics of in-season nitrogen topdressing from different 
nitrogen optimization methods 

Guerrero et al. (2021) indicated that more N is suggested to be fed to 
the poor fertility fields and less to the rich fields. In line with the Ntop at 
stem-elongating of winter wheat optimized by the RSSI method (Zhang 
et al., 2021), our results also showed that higher Ntop at the decision date 
of two weeks after tillering for rice tended to be recommended for the N 
deficient treatments (Table 2). Regarding the N sufficient treatments, 
less N was recommended by the RS methods, as SI tended to be higher 
than 1.0 or RI tended to be lower than 1.0 (Fig. 4). However, Huang et al. 
(2015) suggested that as the optimal or sufficient crop N status in the 
vegetative phase only indicates the N status at that particular stage, a 
certain amount of N fertilizer should still be recommended for the 
required N needs of the crop until the maturity. Our results showed that 
for the N sufficient treatments, compared with FPopt, the third Ntop 
optimized from the methods of CM and RSCM varied by 29.7 % to 48.9 
% and − 14.5 % to − 3.2 % while that of the RS method decreased by 
73.7 % to 85.5 % (Table 2). 

While applying the strategy of FPopt, more yield or profit can be 
achieved only through directly optimizing Ntot, in which Ntop was 
adjusted with a fixed ratio of N partitioning. Like with FP and FPopt in 
this study, the ratio of the third (mid-tillering) and fourth (panicle 
initiation) Ntop is recommended as two to three (Peng et al., 2006). 
However, in the RS methods, for N deficient treatments, 33.3 % to 70.3 
% of total Ntop was allocated to the third Ntop, while only 9.8 % to 21.8 % 
was allocated to the third Ntop in N sufficient treatments (Table 2). 
Especially, the N partitioning of the methods of CM and RSCM per-
formed consistently among different treatments and on average, 80.4 % 
of total Ntop was applied in the third Ntop (Table 2), indicating that more 
N should be allocated for tillering. Thus, the difference in early growth 
vigor of rice might be caused by the adjusted in-season N partitioning, 
which is always overlooked in N optimization methods with the fixed 
one (Peng et al., 2010). 

4.2. Optimization of whole-season nitrogen application amount 

By means of the production function in the form of the quadratic 
model, the economically optimal Ntot of rice along the Yangtze River 
Basin was determined within the range from 180 to 285 kg N ha− 1 (Chen 
et al., 2011) and higher optimal Ntot was found in regions with better 
environmental conditions, like the Yangtze River Delta (Ren et al., 
2022). However, it is noticeable that the identified optimal Ntot tends to 
differ between forms of production functions (Cerrato and Blackmer, 
1990). For instance, in this study, the optimized Ntot for yield from the 
commonly used linear-plateau and quadratic model was 153.6 and 
373.3 kg N ha− 1, respectively (Eqns (S1)-(S3) in Supplement C, Fig S5), 
while that from our cubic model was 282.5 kg N ha− 1 (Fig. 3b). The 
measured data indicated that the linear plateau model overestimated 
yield in the section of the response curve close to the optimized Ntot and 
thus resulted in a lower optimum Ntot, while the quadratic model indi-
cated an even higher optimum Ntot (Fig. 3a, S5), in line with the Ta
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statements of Cerrato and Blackmer (1990). Consequently, the cubic 
model performed better in our results (Fig. 3b). 

The in situ N managements based on the production function are able 
to decrease the required N inputs, as both spatial and temporal vari-
ability are considered appropriately (Mamo et al., 2003). For instance, 
compared with the optimized Ntot (250 kg N ha− 1) from the production 
function, the optimized Ntot for rice from the in situ approaches was 
lower and ranged from 166 to 233 kg N ha− 1 (Xue and Yang, 2008). 
Likewise, our results also showed that the Ntot optimized for maximizing 
yield for different treatments varied in the range from 115.8 to 230.6 kg 
N ha− 1 (from the RS methods), from 129.1 to 255.0 kg N ha− 1 (from the 
CM method) and from 67.1 to 221.6 kg N ha− 1 (from the RSCM method), 
all lower than that from the production function (282.5 kg N ha− 1) 
(Table 2). Moreover, Xue and Yang (2008) recommended that not only 
Ntop should be fine-tuned, but also the proportion of the basal N applied 
could be properly reduced. The optimization of the basal fertilizer will 
be incorporated together in the further study for the more efficient 
whole-season N arrangement. 

4.3. Responses of optimized field nitrogen management to yield, profit 
and nitrogen use efficiency 

In line with the optimized Ntop for wheat using the method of N 
nutrition index (Jiang et al., 2023), our simulated results showed that 
the performance of the optimized Ntop from our CM and RSCM methods 
was reasonable among varied N treatments of rice. Compared with FP, 
the yield increment of these optimization methods in N deficient treat-
ments was similar and on average ranged from 27.5 % to 29.9 %, while 
the decrement of the optimized Ntot for the N sufficient treatment with 
160 kg N ha− 1 applied varied from 20.3 % to 32.5 % (Tables 2, 3). 
Compared with the CM method, the RS methods tended to save more N 
by the sacrifice of grain yield (Table 3). The Ntot of the RSCM method 
was able to be further decreased to a lower level than that of the RS 
methods, but a similar grain yield with that of CM was maintained 
(Tables 2, 3). The in-season Ntop optimization considering both soil N 
supply and crop N demand contributes to a higher N use efficiency 
(Flowers et al., 2004). AEN of different treatments with optimized Ntop 
by the RSCM method increased to the range from 18.4 to 27.6 kg kg− 1, 
generally agreeing with values for the developed countries (20–25 kg 
kg− 1) (Zhang et al., 2008), while that of FPopt decreased to the range 
from 4.8 to 18.3 kg kg− 1 (Table 3). 

In reviews of N optimization, the in situ optimized N seems more 
profitable than the uniform one (e.g., Pedersen et al. (2020)). For 
instance, after delineating the management zones, the profit from the in 
situ Ntop for maize simulated by the crop model SALUS increased by 12 € 
ha− 1 (13 $ ha− 1), compared with that from the uniform FP (Basso et al., 
2016). Pedersen et al. (2021) integrated the simulated remote sensing 
proxies into the DAISY crop model and found that there was an expected 
profit increase from 6 to 29 € ha− 1 (7 to 32 $ ha− 1). Our results further 
demonstrated the utility of the RSCM method with actual remote sensing 
images. Especially, compared with local FP, the profit of the methods of 
FPopt, CM and RSCM for maximizing yield increased by 20, 22 and 43 $ 
ha− 1, respectively, although that of the RS methods decreased by 
140–174 $ ha− 1 (Table 3). Even though the profit of the method of FPopt 
achieved the highest in N sufficient treatments, higher increment of 
yield and profit was achieved under N deficient conditions by the 
methods of CM and RSCM, in which the profit of them on average 
increased by 24.0 % and 26.6 %, respectively, compared with that of FP 
(Table 3). The results were consistent with the conclusions from Guer-
rero et al. (2021). However, field N under N sufficient conditions still 
should be optimized carefully to prevent the yield and profit loss, taking 
the RS methods for example (Table 3). 

4.4. The applicability of crop model in field nitrogen management 

Like with previous studies (Paz et al., 1999; Wang et al., 2021a), our 
results also showed that the crop model GECROS could be used for 
guiding field N management (Tables 2, 3). However, it has been claimed 
that the use of the crop model is limited due to the required inputs and 
parameters (e.g., Guerrero et al. (2021)). Thus, machine learning models 
have been regressed by combining soil, weather and management data 
with remotely sensed crop data (Wang et al., 2021b). However, the 
optimization of Ntop is affected by the selection of machine learning 
algorithms and might fail due to the inaccurately simulated yield 
response (Wang et al., 2021b; Zhang et al., 2023). Meanwhile, due to the 
black-box nature of the machine learning algorithms, the lack of the 
process-based response of the crop growth hinders the in-season opti-
mization of Ntop, especially when considering it over a long period of 
time. Instead, the strength of a crop model for determining the optimal 
Ntot or Ntop lays in interactions between genotypes, soil, weather and 
management and the long-term simulations under different weather 
conditions (Basso et al., 2016; Jiang et al., 2019). 

Fig. 5. Maps of optimized topdressing N (Ntop) by the integrated method of remote sensing-crop model targeting at maximizing yield (a) and profit (b). The third and 
fourth Ntop maps were shown in upper left and lower right, respectively, in each panel. N0, N20, N40, N80, N120 and N160 denote varied N rates applied before the 
decision (the decision date was set at two weeks after tillering, see the text). The dotted lines within the maps depict the boundaries of experimental plots. 
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Fig. 6. The distribution of pixel-level optimized third topdressing N (Ntop) by the method of remote sensing-crop model targeting at maximizing yield (a) and profit 
(b). The decision date was set at two weeks after tillering (see the text). 
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Nonetheless, until now, most crop model-based approaches are still 
used for optimizing the averaged N rates in years or sites, rather than in- 
season or in situ (Bai and Gao, 2021). In line with previous reports for N 
optimization of maize at planting and V8 stage (Wang et al., 2021a), our 
results also showed that the weather data fusion approach enables the 
crop model to forecast the rice growth of entire growing season for 
optimizing the in-season Ntop (Tables 2, S1). Moreover, within the in-
tegrated system of RSCM, the remote sensing observation provides the 
missing heterogeneously spatial information required by the crop model 
for the improved yield forecasting (Morari et al., 2020). Like with the 
results of Baret et al. (2007), relying on the RSCM method, the third and 
fourth Ntop was optimized in situ without the cost of yield or profit loss 
(Table 3). Especially, compared with previous studies that optimizes 
Ntop by various N levels (e.g., Baret et al. (2007); Wang et al., (2021a)), 
the Ntop in this study was optimized continuously. 

4.5. Prospect of the long-term application of the proposed nitrogen 
optimization methods 

Although the N optimization methods were evaluated comprehen-
sively by the simulations from the calibrated crop model with the actual 
weather data, their actual performance in real farmers’ fields is of 
importance, especially when considering the effect of the long-term N 
optimization for the sustainable agricultural production. When applying 

these methods to real farmers’ fields, the costs from information 
acquisition, information processing to decision implementation, need to 
be further included. Pedersen et al. (2020) estimated the all included 
costs and pointed out that it is ranged from 5 to 80 € ha− 1 (5 to 88 $ 
ha− 1) depending on farm size. Based on the cost estimation, the varied N 
application from the method of RSCM in this study could be relevant on 
farms with 100 ha and above. By further coupling with soil information, 
it could be relevant on even smaller farms (Pedersen et al., 2021). 
Moreover, after a long-term application of the in situ management, the 
between- and within-field variability shall be diminished (Pierce and 
Nowak, 1999) and thus the field management can be simplified, 
contributing to the increase of profitability. While there are obstacles 
like acquiring remote sensing images and implementing in situ decisions, 
the CM method is recommended based on our results (Table 3). With the 
optimized long-term fertilizer management plan, severe environmental 
issues from over or under fertilization can be prevented for the sus-
tainable agricultural production in the era of smarting farming (Berger 
et al., 2020). 

5. Conclusions 

In this study, two new methods, CM and RSCM, for N optimization 
were developed and evaluated by the simulated crop growth from the 
crop model GECROS in varied field N conditions. The optimized in- 

Fig. 7. Yield maps from different strategies, the farmer practice (FP) (a), the method of remote sensing with Sufficiency Index (RSSI) (b, c) or Response Index (RSRI) 
(d), and the integrated method of remote sensing-crop model (RSCM) (e, f), for optimizing topdressing N targeting at maximizing yield and profit. As the RSRI method 
recommends N just based on the potential yield, the objective of maximizing yield was only included (d). The yield for different strategies was simulated from the 
crop model GECROS using actual weather data. N0, N20, N40, N80, N120 and N160 denote varied N rates applied before the decision (the decision date was set at 
two weeks after tillering, see the text). The dotted lines within the maps depict the boundaries of experimental plots. 
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season Ntop from the CM and RSCM methods was compared with that of 
FPopt and the RS methods. Compared with FPopt, although the simulated 
yield of the methods of CM and RSCM slightly decreased, their profit on 
average increased by 2.8 % and 4.4 %, respectively, and their AEN on 
average increased from 13.35 kg kg− 1 to 18.24 and 24.54 kg kg− 1, 
respectively. Compared to the local FP (240 kg N ha− 1), after optimizing 
Ntop, the simulated yield of the methods of CM and RSCM increased by 
0.6 % and 0.1 %, respectively, whereas the RS methods decreased the 
simulated yield by 6.0–7.2 %. In general, the developed methods of CM 
and RSCM benefiting from the crop physiological principles and in situ 
remote sensing information provide promising opportunities to improve 
the productivity, the profit and resource use efficiency for the sustain-
able agricultural production. However, this potential requires field 
experimentation or farmer’s demonstration trials to verify. 
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