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A B S T R A C T   

In this study, the spatial variability of nitrogen (N) balances were determined on heterogeneous arable fields in 
southern Germany using digital methods (combine yield sensing system, tractor mounted multispectral sensor 
and satellite data, vegetation indices, and models). The aim of this study is to precisely localize N surplus and 
nitrogen loss potentials through a high spatial resolution. The spatial variability of plant properties (yield, N 
uptake) were determined in order to calculate the N balances. The spatial variability of soil properties (soil 
organic carbon content, soil total nitrogen content, available water capacity) were determined to identify the 
causes of high or low N surplus on sub fields. 

N surplus, yield, and N uptake determined using different digital methods showed similar spatial variability. N 
surplus determined in test plots correlated best with N surplus calculated using tractor mounted multispectral 
sensor data (up to r = 0.67). Site-specific N balancing identified zones with high N loss potential (N surplus up to 
over 100 kg ha− 1), even if, on average, N inputs and N outputs are almost balanced (N surplus = 0). Soil 
properties showed considerable spatial variation within the fields. Soil organic carbon and soil total nitrogen 
content was closely correlated in all fields (up to r = 0.97) and were most closely positively correlated with yield 
and N uptake (up to r = 0.62) and negatively correlated with N surplus (up to r = − 0.62). The combine yield 
sensor data showed weaker correlations with soil parameters than tractor mounted multispectral sensor and 
satellite data. Based on these results, digital technologies are suitable for the calculation of site-specific N surplus. 
However, their accuracy must be further improved before they can be used to make precise management de-
cisions. Site-specific N balancing using digital methods makes it possible to identify N loss potentials at a sub field 
scale.   

1. Introduction 

Nitrogen (N) surplus is an indicator of the potential nitrogen losses 
(NH3, N2O, NO3

-) from agriculture to the environment and is one of the 
most used agri-environmental indicator in Germany, Europe and global. 
(Salo and Turtola, 2006; Sieling and Kage, 2006; Sassenrath et al., 2013; 
McLellan et al., 2018). N surplus is defined as difference between N 
input (e.g. organic and mineral fertilizers) and N output (e.g. plant 
products) of a system. 

Usually the calculation and modeling of N balances almost always 
takes place on high system levels, e.g. on a global level (Lassaletta et al., 
2016; Kaltenegger and Winiwarter, 2020), national level (Lord et al., 
2002; Dalgaard et al., 2012; Li et al., 2013), farm level (Küstermann 
et al., 2010), crop rotation (Lin, 2017) or field level (Katayanagi et al., 

2013). However, there are almost no N balances at the sub field level, 
although soil parameters (e.g. texture or available water capacity) vary 
over small areas on heterogeneous fields and cause a variability of yield 
and N uptake (Johnen et al., 2014; Heil and Schmidhalter, 2017; Hüls-
bergen et al., 2020). Due to the variability of the yields and N uptakes, 
consequently, the N balances can vary widely. Even if, on average, N 
inputs and N outputs are balanced (N surplus = 0), high 
environmentally-hazardous N losses were detected in low-yield zones, 
while strongly negative N balances occurred in high-yield zones (Hüls-
bergen et al., 2020). Mittermayer et al. (2021) determined N surplus 
ranging from − 76–91 kg ha-1 on a uniformly fertilized field, with a 
mean of 24.0 kg ha-1. They found a strong correlation (r = 0.82) between 
calculated N surplus and measured nitrate content (soil cores, 0 – 9 m) in 
different yield zones. This indicates a spatially variable N leaching on 
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heterogeneous fields. 

1.1. Research needs 

In order to reduce harmful nitrogen emissions into the environment, 
it is necessary to record the N loss potential as precisely as possible. 
Widely used N balancing at field scale can mask relevant N loss potential 
because sub fields with high positive and negative N balances can 
equalize each other. To identify and localize sub fields with high nitrate 
leaching risk, higher spatial resolution is necessary. 

So far there have been only few scientific studies on N balances at sub 
field level, which depicts the lowest scale level (Morari et al., 2018; 
Łukowiak et al., 2020; Hülsbergen et al., 2020; Mittermayer et al., 
2021). Previous analyses on a few arable fields are not sufficient to 
reliably assess the agro-ecological importance and management rele-
vance of small-scale N surplus variability. Thus, further studies that 
include arable fields with different sites and cultivation conditions are 
required. Particularly in drinking water protection areas, site-specific N 
balancing could allow a much more precise identification of potential N 
losses and could lead to a high level of information for management 
decisions. To implement site specific N balancing, it is necessary to 
generate site-specific information on yield and N uptake using digital 
technologies. 

Numerous studies show that data origin (combine harvester yield 
sensing systems, tractor mounted multispectral sensors, drone mounted 
multispectral sensors, satellites) and data analysis methods (vegetation 
indices, algorithms, and models) significantly influence the determina-
tion of site-specific crop parameters (i.e., yield and N uptake) (Diacono 
et al., 2013; Mulla, 2013; Křížová and Kumhálová, 2017; Kaivosoja 
et al., 2019; Wolters et al., 2021). Therefore, further research should be 
conducted to determine which digital technologies can best determine 
these N balance input variables (yield and N uptake) with sufficient 
accuracy and low cost. 

Related to variability of N surplus is the question of the causes of this 
variability. Soil texture and water holding capacity are major factors 
that influence yield and N uptake and consequently N surplus (Hatfield, 
2000; Taylor et al., 2003). Studies by Alvarez et al. (2002), Usowicz and 
Lipiec (2017), Hausherr Lüder et al. (2018), and Mittermayer et al. 
(2021) showed that yield and N uptake are closely correlated with soil 
organic carbon (SOC) content and total nitrogen (TN) content. Further 
studies are needed to clarify which soil parameters are appropriate in-
dicators of N surplus. 

1.2. Subject and aim of this work 

In this work the spatial variability of N balance parameters were 
determined on differently sized, heterogeneous arable fields in different 
soil-climate areas in southern Germany, using digital methods (combine 
harvester yield sensing system, tractor mounted multispectral sensor, 
satellite data, vegetation indices, and models). N surplus was calculated 
using a simple N balancing method. Additionally, the spatial variability 
in soil properties (SOC, TN, AWC) were determined by geo-referenced 
soil sampling and laboratory analysis. Then, the relationships between 
soil and N balance variables were investigated by correlation analyses. 
To verify the accuracy of the digital systems, a comparison was made 
with ground truth data (N surplus calculated from manual biomass 
sampling). 

Based on the current scientific knowledge, we hypothesize that:  

(1) Even if, on average, N inputs and N outputs are balanced (N 
surplus = 0) on field level, high environmentally-hazardous N 
losses can occur on sub fields.  

(2) N surplus on heterogeneous croplands that are determined using 
different digital methods produce similar results (means, ranges) 
and similar patterns of spatial variability.  

(3) N surplus is negatively correlated to SOC and TN content. 

We evaluated the potential for application of digital technologies for 
site-specific N balancing for crop production and agroecology. Further 
we assessed the relevance of site-specific N balancing, and whether site- 
specific N balancing leads to new information (e.g., for the identification 
of previously unrecognized sub fields with a high risk of N loss). These 
investigations will provide new insights into the influence of small-scale 
variable soil parameters on N surplus in different sites and management 
conditions. We show which conditions lead to particularly high envi-
ronmentally harmful N surplus in sub fields and which soil parameters 
have the greatest influence on N balance. 

2. Materials and methods 

2.1. Site and weather conditions 

The studies were carried out in southern Germany (Bavaria) at (1) 
the Roggenstein research station near Fürstenfeldbruck, 20 km west of 
Munich (48◦10′47′′N 11◦19′11′′E); (2) the Freising research station 
(experimental farms Thalhausen and Veitshof), 40 km north of Munich 
(48◦24′18.7′′N 11◦41′43.3′′E); and (3) at a farm in Hohenthann near 
Landshut, 70 km northeast of Munich (48◦41′34.2′′N 12◦03′05.7′′E). 

The climatic conditions of the study farms differ in terms of total 
annual precipitation (Roggenstein, 954 mm; Freising, 791 mm; 
Hohenthann, 720 mm), but have almost the same mean annual tem-
perature (Table 1). Compared with the long-term mean, significantly 
lower annual precipitation and higher mean temperatures were 
measured in 2018 and 2019 (Table 1). In 2018 and 2019, there were 
pronounced dry periods in the growing season. 

2.2. Investigated fields and crop management 

Five heterogeneous arable fields ranging in size from 3.5 to 12.7 ha 
were selected for the study. These arable fields were uniformly managed 
for many years. The vegetation index normalized difference vegetation 
index (NDVI) was used as an indicator of biomass formation and yield 

Table 1 
Temperature and precipitation in study regions.  

Experimental site unit Jan–Mar Apr–Jun Jul–Sep Oct–Dec Year 

Roggenstein          
Temperature x‾ 

1981–2010 

◦C  1.0  12.5  16.4  4.2  8.5 

Temperature x‾ 
2018 

◦C  1.8  15.3  18.1  5.5  10.1 

Precipitation 
∑

1981–2010 
mm  175  276  302  201  954 

Precipitation 
∑

2018 
mm  160  277  276  155  867 

Hohenthann          
Temperature x‾ 

1981–2010 

◦C  1.3  12.9  16.8  4.3  8.8 

Temperature x‾ 
2019 

◦C  2.9  14.1  18.0  5.2  10.1 

Precipitation 
∑

1981–2010 
mm  120  213  231  155  720 

Precipitation 
∑

2019 
mm  147  143  139  82  513 

Freising          
Temperature x‾ 

1981–2010 

◦C  0.9  12.5  16.2  4.0  8.4 

Temperature x‾ 
2018 

◦C  1.4  15.7  18.1  5.6  10.2 

Temperature x‾ 
2019 

◦C  2.6  13.4  17.1  5.6  9.7 

Precipitation 
∑

1981–2010 
mm  128  221  269  174  791 

Precipitation 
∑

2018 
mm  147  211  192  182  732 

Precipitation 
∑

2019 
mm  173  209  201  141  724  
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potential (Benincasa et al., 2018; Campos et al., 2019). 
Multi-year satellite data (analysis of two dates each in 2015, 2016, 

and 2017) were used to determine the field heterogeneity using NDVI 
(Fig. 1, Online resource 1). The soils studied are Cambisols and Gleysols, 
and the soil fertility according to the German soil evaluation (Blume 
et al., 2016) varies between 28 and 68 (soil number 100 = highest yield 
potential) (Table 2). 

Winter wheat was analyzed because (i) wheat is the most important 
crop in southern Germany, (ii) has a relatively high N fertilization level, 
and (iii) there are digital systems for determining plant parameters 
(yield, biomass, N content, and N uptake) for this crop. 

The crop management of each field is shown in Table 3. N fertil-
ization was performed according to the German Fertilizer Ordinance 
(DüV, 2020), which accounts for the previous crop, the nitrate stock at 
the beginning of vegetation, and the target wheat yield (average yield of 
the last three years). 

N fertilization was adapted to the respective farming system. On the 
cash crop farm, Roggenstein (0 Livestock Unit (LU) ha− 1), only mineral 
fertilizer was applied. On the mixed farms, Thalhausen (1.0 LU ha− 1), 
Veitshof (2.0 LU ha− 1) and Hohenthann (3.4 LU ha− 1), organic/mineral 

fertilizer was applied (Tables 2 and 3). 

2.3. Methods of determining plant variables 

The input variables for N balancing plant variables grain yield, N 
content, and N uptake (description of data sources and digital methods is 
found in Online resource 2) from 2018 for the Itzling, Lager, and 
Mühlacker fields, from 2019 for the Hofacker and Plörnbach fields were 
analyzed with high spatial resolution using various digital technologies. 
To analyze the spatial variation of winter wheat yield and N uptake, 
yield data from combine harvesters sensing system (volume flow sen-
sors) (Noack, 2007) were used. To exclude unrealistic or wrong values 
(e.g. wheat yield > 20 t ha-1 or 0 t ha-1) from combine harvesters yield 
sensing systems, an outlier analysis was carried out; values that are 
greater or less than 2 standard deviations from the mean were classified 
as outliers and removed (Vega et al., 2019). Additionally, satellite data 
was combined with the PROMET plant growth model (Mauser and Bach, 
2009; ESA, 2021). Grain yield was simulated using the PROMET model. 
PROMET is a coupled hydro-agroecological model, which is capable of 
tracing the temporal dynamics and spatial heterogeneities of coupled 
water and carbon fluxes at the scale of agricultural fields (Hank et al., 
2015). This model uses satellite data from sentinel 2 as current spatial 
input data (Mauser and Bach, 2009). The green leaf area index is derived 
from the preprocessed satellite data and assimilated into the model. 
Around four satellite scenes per growth period are assimilated into the 
PROMET model as input data to simulate grain yield (Hank et al., 2015). 
Further reflectance measurement data collected using a tractor-mounted 
multispectral sensor were used as input data (TEC5, 2010; Maidl et al., 
2019). 

Data from biomass samples and laboratory analyses were used as 
reference data. Georeferenced biomass samples (2 m2 areas) were cut by 
hand. Eight 2-m rows of wheat were cut using cordless clippers close to 
the ground. The grain was threshed in a laboratory thresher (Winter-
steiger, 2018). The grain dry matter (DM) content was determined after 
drying at 60 ◦C, and the grain yield (in t ha− 1) was calculated based on 
86% DM. Grain N content was determined using the Dumas combustion 
method (VDLUFA-Methodenbuch, 2004). 

The mean wheat yield was determined by weighing the tractor 
trailers. 

The N surplus (kg ha− 1 a− 1) was determined using N balancing:  

N surplus = N input − N output                                                        (1) 

The N input is the amount of organic and mineral N fertilizer that was 
applied uniformly in the study fields (Table 3). The N output is the grain 
N uptake. The N uptake was determined by (a) the grain yield from 
biomass samples multiplied by the N content from the laboratory anal-
ysis of biomass samples, (b) the grain yield (combine harvester yield 
sensing system) multiplied by the mean N content (determined in grain 
samples from biomass sampling), (c) the grain yield determined using 
the PROMET plant growth model (Mauser and Bach, 2009) based on 
satellite data multiplied by the mean N content (determined in grain 
samples from biomass sampling), and (d) the calculation of the vege-
tation index REIP (Red Edge Inflection Point) based on reflectance 
measurements by a tractor mounted sensor and an N uptake algorithm 
previously described by Maidl et al. (2019). 

Byproducts (straw) were not harvested and were not considered as N 
output. The N surplus was calculated for each grid element (see 2.6. 
Geostatistical analysis). 

2.4. Methods of determining soil properties 

The soil properties (description of data sources and analytical 
methods in Online resource 3) required for the analyses were collected 
from the fields using geo-referenced sampling. 

Soil samples were taken after harvesting and analyzed for SOC 

Fig. 1. Hofacker study field. Coordinates are expressed using the UTM system. 
The yield potential was derived from satellite images. The outer 10 m of the 
field were not included in data analysis. 

M. Mittermayer et al.                                                                                                                                                                                                                          



European Journal of Agronomy 133 (2022) 126442

4

content, TN content, plant-available phosphorus (P) content, plant- 
available potassium (K) content, and pH. The soil texture (soil layer 
0–30 cm) was determined by the feel method, and the AWC was 
calculated based on the soil texture (German soil mapping guideline, KA 
5, 2005). 

Soil samples were collected based on a 30 m × 30 m grid cell. The 
distribution of the soil samples within the field was “stratified random” – 
one single random point was sampled in each grid cell (Thompson, 
2002). Eight soil samples were taken within a 50-cm-maximum radius 
around a geo-referenced point. All eight samples were combined to form 
a mixed sample. 

2.5. Descriptive statistics 

The mean, median, minimum, maximum, standard deviation and 
skewness were calculated for each parameter using R (R Core Team, 
2020). 

2.6. Geostatistical analysis 

The data recorded with different methods varied greatly in spatial 
resolution and distribution. Thus, the data were transferred to grids of 
the same resolution (10 m × 10 m) and with the same grid elements, 
point input data was determined by interpolation to the grid elements 
using block kriging (10 m × 10 m blocks) (Oliver and Webster, 2015). A 
variogram (variance of the data according to distance classes) of the data 
was created to show the spatial relationship of each variable with 
increasing separation distance (spatial auto-correlation effect). A model 

was fitted to the variogram and used for weighting data in the kriging 
neighborhood to predict values at non-sampled sites (Hengl, 2007; 
Oliver and Webster, 2015). 

The outer 10 m of the field were not included in the data analysis to 
avoid evaluating data from areas that did not belong to the field and to 
avoid cutting width erros from combine harvesters. A correlation anal-
ysis based on the grid elements was performed to determine the re-
lationships between the plant and soil variables. The R packages (R 
Version 3.5.3) “rgdal”, “rgeos”, “gstat,” and “raster” were used for 
spatial analyses and for loading vector or raster files. The correlation 
coefficients (r) were classified as very strong (r > 0.9), strong 
(0.9 > r > 0.7), moderate (0.7 > r > 0.5), weak (0.5 > r > 0.3), or very 
weak (r < 0.3). 

Online Resource 4 shows the workflow for determining N balance 
plant, and soil variables. The workflow also shows the subsequent geo- 
statistical and correlation analysis. 

2.7. Analysis between biomass samples and digital technologies 

To verify the digital system measurements for precision and accu-
racy, we compared these measurements to ground truth data (deter-
mined on test plots by manual biomass sampling and laboratory 
analysis). N balance and yield data from the test plots were correlated 
with data collected by the digital systems (combine harvester, satellite, 
or tractor-mounted sensors) from each of the surrounding grid elements. 
The test plots were 2 m2 (8 rows × 2 m), while the grid elements were 
100 m2 (10 × 10 m). 

Table 2 
Study fields.  

Field Lager Itzling Plörnbach Mühlacker Hofacker 

Size [ha] 9.4 4.7 12.7 3.5 4.2 
Soil silty loam silty loam sandy/silty loam loam sandy loam 
Soil type Gleysol Cambisol Cambisol Gleysol Cambisol 
German soil evaluationa 30 (28–33) 63 (58–68) 57 (48–66) 54 (54–55) 56 (48–63) 
Height (m) 517 (513–519) 479 (473–485) 479 (460–489) 444 (443–445) 466 (459–470) 
Farm Roggensteinb Thalhausenc Thalhausenc Veitshofc Hohenthannd 

Farming system Arable Farming Mixed farming Mixed farming Mixed farming Pig farming 
Livestock unite (LU 

ha− 1) 
0 1.0 1.0 2.0 3.4 

Coordinates 48◦11′00.1′′N 
11◦21′11.2′′E 

48◦26′04.2′′N 
11◦44′15.9′′E 

48◦28′00.5′′N 
11◦48′25.7′′E 

48◦23′31.4′′N 
11◦43′36.2′′E 

48◦41′35.9′′N 
12◦03′11.0′′E  

a Blume et al. (2016); 100 = best possible soil quality, 
b Experimental farm, near Fürstenfeldbruck, 
c Experimental farms, near Freising, 
d Commercial farm, near Landshut, 
e Livestock unit per hectare of the farm 

Table 3 
Crop management and measurements in study fields.  

Parameter Unit Lager Itzling Plörnbach Mühlacker Hofacker 

Study year  2018 2018 2019 2018 2019 
Previous crop  Sugar beet Grain maize Grain maize Grain maize Grain maize 
Crop  Winter wheat Winter wheat Winter wheat Winter wheat Winter wheat 
Target yield t ha− 1 7.0 8.5 8.5 7.5 9.5 
Nitrate-N (0–60 cm)a kg ha− 1 31 25 10 100 30 
N Fertilization, first application (org/min) kg ha− 1 0/29 0/58 0/51 60/0 100/0 
N Fertilization, second application (org/min) kg ha− 1 0/65 44/0 44/0 0/59 0/49 
N Fertilization, third application (org/min) kg ha− 1 0/71 0/30 0/82 – 0/60 
N Fertilization, fourth application (org/min) kg ha− 1 – 0/50 – – – 
N Fertilization, totalb kg ha− 1 0/165 44/138 44/133 60/59 160/49 
Date       
Reflectance measurements by tractor sensor  June 06, 2018 June 01, 2018 June 13, 2019 June 05, 2018 June 13, 2019 
Harvest biomass samples  July 24, 2018 July 23, 2018 July 31, 2019 July 18, 2018 August 01, 2019 
Harvest combine harvester  July 27, 2018 July 28, 2018 August 06, 2019 July 20, 2018 August 02, 2019  

a Sampling at the beginning of vegetation. 
b organic N/mineral N, determination of the N fertilizer requirement according to German Fertilizer Ordinance (2017, 2020). 
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3. Results 

The results of the spatial variability of N balance, plant and soil 
parameters are presented in detail for the Hofacker study field as an 
example (Fig. 2, Tables 4 and 5). The corresponding data of the other 
study fields are shown in the appendix (Online resources 5–8). The 
correlations between N balance, plant and soil parameters (Table 6), and 
the comparison with the ground truth data of the test plots (Table 7) was 
performed for all study fields. 

3.1. Spatial variability of wheat yield 

The wheat grain yields determined in the Hofacker study field ac-
cording to manual biomass sampling 10.2 (7.5–12.9) t ha− 1, combine 
harvester 9.0 (4.7–12.9) t ha− 1, tractor mounted multispectral sensor 
and algorithm 8.9 (3.2–14.0) t ha− 1, and satellite data combined with 
the crop growth model 8.8 (6.6–10.3) t ha− 1 demonstrate yield vari-
ability in the 2019 study year. The mean yield (measured with the weigh 
bridge) was 8.7 t ha− 1 (Table 4). 

Different analytical methods also led to different wheat yield results 
in the other study fields (Online resource 5a, 6a, 7a, 8a). Yield deter-
mination by biomass sampling showed the highest mean yields in all 
study fields, while yield measurement at the weigh bridge showed the 
lowest mean yields (exception: Itzling field, Online resource 6a). Mean 
yields determined with digital technologies (combine harvester yield 
sensing system, satellite data, or tractor mounted multispectral sensor) 
were almost the same in the Hofacker (8.8–9.0 t ha− 1) and Plörnbach 
(8.1–8.2 t ha-1) fields, but the mean yields differed clearly in the other 
fields. 

3.2. Spatial variability of N uptake 

Because of the high yield variability, N uptake determined in the 
Hofacker study field by manual biomass sampling 167 (123− 217) kg 
ha− 1, combine harvester 149 (79− 213) kg ha− 1, tractor mounted mul-
tispectral sensor and algorithm 147 (54− 231) kg ha− 1, and satellite data 
combined with the crop growth model 142 (108− 169) kg ha− 1 showed a 
high range (Fig. 2, Table 4). Mean N uptake by combine harvester, 
sensor, and satellite data were nearly the same but had different ranges. 
In fact, the sensor data showed the largest range. 

The sensor data showed the highest maximum N uptake for all study 
fields (except the Lager field), while the satellite data showed the lowest 
maximum N uptake (except the Lager field). Thus, different analysis 
methods lead to different mean N uptake results and different ranges 
(min–max). 

3.3. Spatial variability of N surplus 

Because of the varying yield and N uptake, we observed spatially 
variable N surplus within the fields. The N surplus determined in the 
Hofacker study field using manual biomass sampling 41 (− 9 to + 86) kg 
ha− 1, combine harvester 60 (− 4 to + 130) kg ha− 1, tractor mounted 
multispectral sensor and algorithm 61 (− 22 to + 155) kg ha− 1, and 
satellite data combined with the crop growth model 66 (+ 40 to +101) 
kg ha− 1 measurements showed high variability (Table 4). The mean N 
surplus determined by the digital methods was similar. Manual biomass 
sampling resulted in a lower N surplus because of significantly higher N 
uptake in the 20 test plots. In the Hofacker field, the manual biomass 
sampling, combine harvester, and sensor measurements resulted in 

Fig. 2. Kriged maps of the spatial distribution of organic carbon content in soil, total nitrogen content of soil, N uptake, and N surplus in the Hofacker study field.  
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negative N balances for individual grid elements. However, the satellite 
data resulted in only positive N balances (Online resource 9). The maps 
(Fig. 2) show that the spatial N surplus distributions determined with 
different digital methods show similar patterns. Thus, in the Hofacker 
field, an area with high N surplus (up to more than 100 kg ha− 1) were 
identified at the lower edge of the field. 

The mean N surplus in the Lager, Itzling, and Mühlacker study fields 
differed significantly between the digital systems. The mean N surplus of 
the Plörnbach and Hofacker fields were almost identical. 

The N surplus ranges (min–max) determined by digital methods 
differed for all study fields. The variability is related to the method 
sensitivity, spatial resolution, and the number of measurements 
[Hofacker field: combine harvester (n = 4989), sensor (n = 2939), sat-
ellite (n = 370), and manual biomass sampling (n = 20)] (Table 4). 

3.4. Spatial variability in soil parameters 

The soil properties varied greatly within each field (Table 5, Online 
resources 5b, 6b, 7b, 8b). The following values were determined in the 
Hofacker study field: Soil texture: sand 42.5% (24.0–65.0%), silt 38.5% 
(25.0–52.5%), clay 19.0% (10.0–23.5); AWC: 17 vol% (16.0–21.0 vol 
%); SOC 1.28% (0.96–1.75); TN 0.12% (0.09–0.17); P 10.2 mg 
(2.6–17.9) mg (100 g)− 1; K 17.8 mg (10.5–30.8 mg) (100 g)− 1; and pH 
6.07 (4.6–6.7). In the Hofacker study field, significantly higher SOC and 
TN occurred in the northeast and southwest areas of the field. Consis-
tently, SOC and TN showed nearly identical distribution patterns (Fig. 2, 
Online resource 5c, 6c, 7c, 8c). 

3.5. Relationships between N balance, soil and plant parameters 

The highest yield and N uptake and the lowest N surplus were found 
in areas with high SOC and TN (Fig. 2, Online resource 5c, 6c, 7c, 8c). 

Strong to very strong correlations between SOC and TN were found in all 
study fields. The correlations ranged from r = 0.86 (Plörnbach field) to 
r = 0.97 (Lager field). Positive (weak to moderate) relationships be-
tween clay and SOC were found in all study fields, ranging from r = 0.38 
(Plörnbach field) to r = 0.64 (Hofacker field). SOC and AWC (very weak 
to strong) ranged from r = 0.27 (Plörnbach field) to r = 0.79 (Hofacker 
field). Of the soil parameters evaluated, SOC and TN had the strongest 
influence on N uptake. The relationships between SOC and N uptake 
calculated from digital methods were very weak to moderate: 
r = 0.25–0.62 (sensor), r = 0.25–0.60 (satellite), r = 0.05–0.42 
(combine), similar to the relationships between TN and N uptake: 
r = 0.26–0.60 (sensor), r = 0.20–0.60 (satellite), r = 0.08–0.36 
(combine). 

Because the N surplus was calculated based on the N uptake, both 
variables showed the same correlation coefficients with opposite signs. 
This was exemplified for the tractor–sensor system (Table 6). Accord-
ingly, the highest N surplus occurred predominantly in field areas with 
the lowest SOC and TN. These areas are in the same zones with the 
lowest yield and N uptake (see maps in Fig. 2 and Online resources 5c, 
6c, 7c, 8c). 

The combine harvester yield sensing system data often showed 
weaker correlations to soil parameters than the sensor and satellite data. 
Relationships to yield potential were also weak. In addition, comparing 
the maps revealed that closer relationships between soil and N balance 
parameters were found in fields with clear zonation into larger contig-
uous areas with high or low SOC (Hofacker and Lager fields) than in 
fields with soil conditions that changed on a small-scale (Plörnbach 
field) or had relatively homogeneous soil conditions (Mühlacker field). 

Overall, the other soil parameters evaluated (i.e., P, K, and pH) 
showed only very weak correlations between the soil and plant param-
eters. Only in individual cases were moderate to strong relationships 
found [e.g., between P and SOC (r = 0.69, Itzling field)] and between K 

Table 4 
Grain yield, grain N uptake, and N surplus in the Hofacker study field 2019*.  

Variables Data source n Unit Mean Median Minimum Maximum Standard deviation Skewness 

Plant variables                 
Grain yield Weigh bridge  1 t ha− 1  8.7           
Grain yield Biomass samples  20 t ha− 1  10.2  10.0  7.5  12.9  1.6  − 0.07 
Grain yield Combine harvester  4989 t ha− 1  9.0  9.2  4.7  12.9  1.7  − 0.71 
Grain yield Satellite  370 t ha− 1  8.8  8.8  6.6  10.3  0.8  − 0.32 
Grain yield Sensor  2939 t ha− 1  8.9  9.0  3.2  14.0  1.3  − 0.23 
Grain N uptake Biomass samples  20 kg ha− 1  167.6  161.0  123.3  217.8  26.4  0.20 
Grain N uptake Combine harvester  4989 kg ha− 1  149.3  151.8  78.5  213.3  28.0  − 0.71 
Grain N uptake Satellite  370 kg ha− 1  142.9  144.6  108.3  169.2  13.2  − 0.32 
Grain N uptake Sensor  2939 kg ha− 1  147.1  147.9  53.7  231.1  20.7  − 0.23 
N balance variables                 
N surplus Biomass samples  20 kg ha− 1  41.3  48.6  − 8.8  85.6  26.4  1.84 
N surplus Combine harvester  4989 kg ha− 1  59.6  57.1  − 4.3  130.4  28.0  − 0.71 
N surplus Satellite  370 kg ha− 1  66.0  64.4  39.7  100.7  13.2  − 0.32 
N surplus Sensor  2939 kg ha− 1  61.8  61.0  − 22.2  155.3  20.7  − 0.23  

* method description in electronic supplementary material (Online resource 2) 

Table 5 
Descriptive statistics of the soil data acquired from the Hofacker study field.*.  

Soil property n Unit Mean Median Minimum Maximum Standard deviation Skewness 

Sand (0–30 cm)**  40 %  42.5  44.0  24.0  65.0  9.7  0.1 
Silt (0–30 cm)**  40 %  38.5  35.0  25.0  52.5  9.3  0.2 
Clay (0–30 cm)**  40 %  19.0  21.0  10.0  23.5  5.30  − 0.93 
Available water capacity (in 10 cm)  40 vol%  17.0  17.0  16.0  21.0  1.2  1.7 
Soil organic carbon content (0–30 cm)  40 % DM  1.28  1.23  0.96  1.75  0.20  1.10 
Soil total nitrogen content (0–30 cm)  40 % DM  0.12  0.12  0.09  0.17  0.02  1.23 
Plant-available phosphorus content (0 – 30 cm)  40 mg (100 g)− 1  10.2  10.0  2.6  17.9  3.8  0.0 
Plant-available potassium content (0 – 30 cm)  40 mg (100 g)− 1  17.8  17.5  10.5  30.8  3.8  0.7 
pH (0–30 cm)  40   6.07  6.24  4.65  6.79  0.48  − 1.20  

* method description in electronic Supplementary material (online resource 3) 
** derived from soil type 
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and SOC (r = 0.69, Itzling field; r = 0.76, Lager field). 
The NDVI values determined using multi-year satellite data, which 

approximately describe the biomass potential (Fig. 1, Online resource 
1), correlate strongly with the other parameters in individual cases. In 
the Hofacker study field, a strong relationship was observed between the 
NDVI values and N uptake (r = 0.75), and a moderate one with SOC 
(r = 0.58). 

Correlations between yield determined with manual biomass sam-
pling and digital methods were very weak to moderate (Table 7): 
combine yield data (r = 0.23–0.54), satellite data (r = 0.32–0.59), and 
sensor data (r = 0. 29–0.67). Correlations between N surplus 

determined from biomass sampling and digital methods were very weak 
to moderate: combine yield data (r = 0.24–0.54), satellite data 
(r = 0.31–0.58), and sensor data (r = 0.27 to r = 0.67). In these corre-
lation analyses, it should be noted that 12–24 test plots, each 2 m2 in 
size, were evaluated with manual biomass samplings and were available 
to evaluate each field (see materials and methods). 

Table 6 
N uptake and N surplus in relation to soil variables*. The correlation matrix (r) is based on a 10 m × 10 m grid.  

Field Variable N surplus 
(harvester) 

N surplus 
(satellite) 

SOC TN pH P K AWC Sand Silt Clay Yield 
**Potential 

Lager (n = 1080)                         
N uptake (tractor 

sensor)  
− 0.50  − 0.71  0.61  0.60  0.12  0.11  0.31  0.42  − 0.24  0.36  0.32  0.66 

N surplus (tractor 
sensor)  

0.50  0.71  − 0.61  − 0.60  − 0.12  − 0.11  − 0.31  − 0.42  0.24  − 0.36  − 0.32  − 0.66 

N surplus (combine 
harvester)    

0.53  − 0.42  − 0.36  0.15  − 0.11  − 0.19  − 0.41  0.20  − 0.32  − 0.28  − 0.51 

N surplus (satellite)      − 0.60  − 0.60  − 0.20  − 0.30  − 0.31  − 0.50  0.23  − 0.42  − 0.35  − 0.75 
SOC        0.97  0.20  − 0.14  0.76  0.54  − 0.18  − 0.20  0.52  0.71 
Itzling (n = 450)                         
N uptake (tractor 

sensor)  
− 0.51  − 0.53  0.50  0.42  − 0.52  0.25  0.17  0.47  − 0.13  0.46  0.30  0.27 

N surplus (tractor 
sensor)  

0.51  0.53  − 0.50  − 0.42  0.52  − 0.25  − 0.17  − 0.47  0.13  − 0.46  − 0.30  − 0.27 

N surplus (combine 
harvester)    

0.62  − 0.37  − 0.36  0.18  − 0.10  − 0.25  − 0.33  0.26  − 0.48  − 0.16  − 0.15 

N surplus (satellite)      − 0.51  − 0.51  0.39  − 0.10  − 0.27  − 0.51  0.06  − 0.43  − 0.36  − 0.17 
SOC        0.91  − 0.35  0.69  0.69  0.30  − 0.20  0.25  0.57  0.29 
Plörnbach (n = 1259)                         
N uptake (tractor 

sensor)  
− 0.15  − 0.29  0.38  0.35  0.01  0.35  0.02  0.30  − 0.30  0.35  0.12  0.48 

N surplus (tractor 
sensor)  

0.15  0.29  − 0.38  − 0.35  − 0.01  − 0.35  − 0.02  − 0.30  0.30  − 0.35  − 0.12  − 0.48 

N surplus (combine 
harvester)    

0.23  − 0.12  − 0.11  − 0.03  − 0.09  − 0.09  − 0.28  0.32  − 0.28  − 0.10  − 0.21 

N surplus (satellite)      − 0.25  − 0.20  − 0.37  − 0.11  − 0.01  − 0.28  0.33  − 0.31  − 0.09  − 0.47 
SOC        0.83  0.01  0.49  0.12  0.27  − 0.24  0.31  0.38  0.11 
Mühlacker (n = 340)                         
N uptake (tractor 

sensor)  
− 0.60  − 0.32  0.25  0.26  − 0.17  0.19  0.32  0.13  − 0.42  0.40  0.40  0.17 

N surplus (tractor 
sensor)  

0.60  0.32  − 0.25  − 0.26  0.17  − 0.19  − 0.32  − 0.13  0.42  − 0.40  − 0.40  − 0.17 

N surplus (combine 
harvester)    

0.26  − 0.22  − 0.22  0.33  − 0.29  − 0.41  − 0.14  0.48  − 0.46  − 0.46  − 0.25 

N surplus (satellite)      − 0.49  − 0.46  0.05  0.14  0.00  − 0.48  0.53  − 0.62  − 0.49  − 0.67 
SOC        0.95  − 0.37  − 0.39  0.33  0.57  − 0.48  0.57  0.40  0.22 
Hofacker (n = 353)                         
N uptake (tractor 

sensor)  
− 0.54  − 0.69  0.62  0.58  − 0.34  − 0.16  0.07  0.41  − 0.32  0.22  0.43  0.75 

N surplus (tractor 
sensor)  

0.54  0.69  − 0.62  − 0.58  0.34  0.16  − 0.07  − 0.41  0.32  − 0.22  − 0.43  − 0.75 

N surplus (combine 
harvester)    

0.39  − 0.05  − 0.08  − 0.07  0.02  0.06  − 0.14  0.02  − 0.05  − 0.06  − 0.15 

N surplus (satellite)      − 0.48  − 0.45  0.15  − 0.31  − 0.09  − 0.47  − 0.17  0.10  − 0.29  − 0.65 
SOC        0.96  − 0.69  − 0.34  0.24  0.79  − 0.25  0.01  0.64  0.58  

* SOC: soil organic carbon content, TN: soil total nitrogen content; P: plant-available phosphorus, K: plant-available potassium, AWC: available water capacity 
** Yield potential: derived from 3 years satellite data (6 NDVI satellite images) 

Table 7 
Correlations (r) between biomass samples and digital measurements (yield and N surplus).  

r Biomass samples n Combine harvester (yield) Satellite (yield) Sensor (yield) Combine harvester (N surplus) Satellite (N surplus) Sensor (N surplus) 

Lager  24  0.55  0.59  0.62  0.54  0.58  0.63 
Itzling  24  0.48  0.28  0.51  0.45  0.39  0.52 
Mühlacker  12  0.39  0.42  0.45  0.39  0.39  0.41 
Plörnbach  24  0.23  0.32  0.29  0.24  0.31  0.27 
Hofacker  20  0.48  0.57  0.67  0.50  0.58  0.67  
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4. Discussion 

4.1. Discussion of methods 

4.1.1. Site selection 
The study results are influenced by the properties of the analyzed 

fields (size, heterogeneity, and relief) and previous use (crop rotation 
and long-term fertilization). Arable fields often shows a high variability 
in soil properties such as soil texture, water, and nutrient storage ca-
pacity because of its composition (Brinkmann, 2002), soil displacement 
by erosion (Schumacher et al., 2005), or different use (Castrignanò et al., 
2000). Even in small-scale structured agriculture, in southern Germany 
for example, with mean field sizes of 2 ha (Weigel et al., 2018), distinct 
yield zones can be detected within arable fields (Prücklmaier, 2020). 

Three study sites in southern Germany were chosen. Each site 
differed in terms of climatic and soil conditions and long-term land use 
(animal stocking and fertilization). The fields studied have different 
heterogeneity which was determined using multi-year satellite data 
(NDVI) (Fig. 1 and Online resource 1). The soil heterogeneity observed is 
characteristic for sites in southern Germany (Auerswald et al., 1997; 
Heil and Schmidhalter, 2017; Prücklmaier, 2020). 

4.1.2. Origin of data and technologies used 
Various data sources (combine harvester yield sensing system, mul-

tispectral tractor mounted sensor and satellite data, measured values) 
and methods for determining crop parameters (vegetation indices, al-
gorithms and models, laboratory analyses) were used. 

Combine yield mapping (volume flow sensor) is a cost-effective 
method in agricultural practice (Chung et al., 2016). Errors in cutting 
width errors, varying travel speeds, or crop moisture can lead to unre-
alistically high and low yields in sub-areas (Steinmayr, 2002; Bach-
maier, 2010); an outlier analysis is therefore necessary (Sudduth and 
Drummond, 2007). The accuracy of determining N uptake can be 
improved if the N content is determined by Near-infrared spectroscopy 
(NIRS sensors) directly on the combine harvester (Morari et al., 2018). 

Tractor-mounted sensors can be used to calculate yield and N uptake 
based on reflectance measurements using vegetation indices and algo-
rithms (Mulla, 2013; Pahlmann et al., 2017; Maidl et al., 2019; Morari 
et al., 2021). The accuracy of these algorithms and models depends on 
numerous factors, including the vegetation indices used, soil reflectance, 
and plant leaf posture (Xue and Su, 2017). For the tractor mounted 
multispectral sensor system, the vegetation index REIP was used for 
further calculation, because previous studies showed this vegetation 
index is very suitable for prediction of yield and N uptake of winter 
wheat (Spicker, 2016). The index NDVI is the most used vegetation 
index, but a saturation effect could be observed especially in highly 
fertilized plant stands; the index REIP does not show this saturation 
effect (Prey et al., 2019). 

In this work, satellite data and the PROMET model (Mauser and 
Bach, 2009) were used to determine yields. An advantage in using sat-
ellite data is that the data is easily accessed and freely available. How-
ever, light absorption and scattering in the atmosphere can affect 
radiation and thus distort reflectance values (Zhang et al., 2021). 
Additionally, data collection is not possible in cloudy weather. 

When measuring yields using weigh bridges, the entire field was 
included. However, 10 m at the edge of the field were not included in the 
data analysis when all digital data were analyzed (Fig. 1, Online 
resource 1). Lower yields often occur at the field edge than in the middle 
of the field (e.g., because of soil compaction, microclimate effects or 
herbicide drift). 

The manual biomass samplings were not made at the field edge 
(minimum distance approx. 20 m). Sampling in this way can lead to 
higher yields compared with other yield recording systems. Thus, the 
measured values cannot be assumed to be representative for the whole 
field. Rather, they are subject to errors in sampling plot selection, 
sampling, and laboratory analysis (Petersen and Calvin, 1996). 

Increasing the number of samples (approximately 8–10 cuts per hectare) 
can improve the accuracy of the values. 

We found moderate and strong relationships between the N surplus 
derived from sensor data and the N surplus derived from satellite data 
(Hofacker, Itzling, and Lager fields). In other fields, the relationships 
were weak and very weak. The reasons for the variable accuracy need to 
be further elucidated. Improved accuracy can be achieved by deriving 
new vegetation indices and algorithms for the sensor and satellite data 
(Spicker, 2016; Anastasiou et al., 2018). Compared to the study fields, it 
is clear that weaker correlations occur in relatively homogeneous fields 
(e.g., Mühlacker) and in fields that vary over small areas (e.g., 
Plörnbach). 

The soil data were determined using geo-referenced soil samples and 
laboratory analyses. Zones with different soil properties could be iden-
tified (e.g., areas with high or low SOC). Soil analyses are time- 
consuming and expensive and cannot be implemented at this level of 
detail in farm management. With the introduction of new sensor-based 
analysis methods for determining SOC and TN, these parameters can be 
determined cost-effectively and quickly, even under practical conditions 
(Peng et al., 2019; Heil and Schmidhalter, 2021). 

The closest correlations between N uptake, SOC, and TN were shown 
by sensor data in the Lager, Plörnbach, and Hofacker fields and by sat-
ellite data in the Itzling and Mühlacker fields. Based on the combine 
harvester yield sensing system data, only weak correlations were found 
in some cases. However, the combine harvester measurement data 
showed stronger correlations in other studies (Ingeli et al., 2015; 
Toscano et al., 2019; Hülsbergen et al., 2020; Mittermayer et al., 2021). 
These results indicate that the correct application (e.g., calibration, 
cutting width, travel speed) of the system is crucial for measurement 
accuracy. 

Based on these results, digital technologies and methods (combine 
harvester yield sensing system, satellite data, and multispectral sensor) 
are suitable in principle for recording yield and N uptake, and for 
calculating N surplus. However, the accuracy of the digital technologies 
urgently needs to be improved before they can be used to make precise 
management decisions.’. 

4.2. Discussion of results 

4.2.1. Spatial variation of N surplus and plant parameters to soil 
parameters 

The study fields were uniformly managed and fertilized for many 
years. We observed high yield differences in this study, as well as distinct 
high and low yield zones, despite the relatively small field size. In pre-
vious analyses also a high yield variability were detected on uniformly 
fertilized small fields; Hülsbergen et al. (2020) used digital methods 
(satellite and sensor data) to detect high-yield zones (9–10 t ha− 1) and 
low-yield zones (5–6 t ha− 1). Similarly, Mittermayer et al. (2021) 
determined yields ranging from 6.2 to 16.0 t ha− 1 on a 13.5-ha wheat 
fields. 

In 2018 and 2019, dry periods occurred during the growing season. 
Therefore, the target yields were not fully achieved. In years with high 
rainfall, the differences between high and low yield zones are smaller, 
whereas in dry years, the poor soil water-holding capacity in low-yield 
zones limits the yield (Taylor et al., 2003; Lawes et al., 2009). 

The results show that SOC and TN are positively correlated with yield 
and N uptake, and are negatively correlated with N surplus among all 
soil parameters tested. 

The SOC and TN can be changed only in the long term (Wiesmeier 
et al., 2019). Thus, yield zones influenced by SOC and TN likely also 
remain relatively stable over time. The SOC and TN can be used as a 
proxy for the humus content of the soil. Humus has a positive influence 
on numerous soil properties (e.g., soil structure, soil biology, and 
nutrient content) (Lal, 2006; Oldfield et al., 2015; Leithold et al., 2015; 
Lorenz et al., 2019). Thus, although SOC is a possible indicator of the 
yield potential of an area, our studies show that numerous soil properties 
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determine yield. The sometimes relatively weak or even negative rela-
tionship of N uptake to P and K content and pH values is also owing to 
the fact that these values were in the optimal range or not differentiated. 

SOC is related to numerous soil properties (e.g., clay content). The 
spatial variability of SOC can thus be explained in part by the variability 
in soil texture. While the study fields were used uniformly for many 
years, it cannot be ruled out that certain sub-areas were managed 
differently decades ago. Even grassland use cannot be ruled out. These 
management differences could still have an effect on SOC content today 
(Poeblau et al., 2011). 

A targeted increase of SOC in sub-areas with lower SOC (e.g., by site- 
specific application of organic fertilizers with high humus reproduction 
such as manure or compost) (Brock et al., 2012; Erhart et al., 2016) 
could improve soil properties, increase yield potential, and standardize 
the fields. Whether increasing SOC also increases N efficiency and re-
duces N surplus (N losses) is quite controversial (van Groenigen et al., 
2017) and depends on the specific conditions (Johnston et al., 2009). 

4.2.2. Spatial variation of N surpluses 
Highly variable yield-determining soil parameters (SOC, TN, and 

AWC) lead to zones with strongly negative and strongly positive N 
balances. Zones with high N loss (N surplus) potentials were identified in 
fields with average balanced or negative N balances (Lager, Mühlacker). 
In some cases, very high N surpluses (> 100 kg ha− 1) were identified in 
sub-areas of the Hofacker, Itzling, and Plörnbach fields. 

The highest positive N surpluses were calculated in the Hofacker 
study field. The percentage distribution of the N surpluses shows that a 
considerable proportion (23–32%) of the Hofacker field has high N 
surplus (> 75 kg N) and N loss potentials. This area is managed by a 
farm with high livestock density (LU ha− 1: 3.4). Analyses on fields with 
long-term manure fertilization at the same location showed such a high 
N mineralization from the soil N pool that there was no need for N 
fertilization at certain stages of cereal development (BBCH 32, BBCH 39) 
(Prücklmaier, 2020). N mineralization from the soil organic nitrogen 
pool is not (yet) considered in the present method. 

5. Conclusions and outlook 

In the studied fields, the digital methods identified larger areas with 
high environmentally hazardous N surpluses. These results imply that a 
field-uniform N balance masks the actual N loss potential caused by 
spatial variability in soil properties. Especially in drinking water pro-
tection areas, it is advisable to carry out N balancing at the site-specific 
scale level using digital systems and high N surpluses should be classi-
fied as environmentally hazardous and require management adjust-
ments, especially in mineral N fertilization (Mikkelsen, 2011; Zhang 
et al., 2015, 2019; McLellan et al., 2018). Another management 
adjustment could be to remove low-yield areas with high N balances 
from arable farming (e.g. sow grass). 

The examination of the hypotheses results in the following 
evaluation: 

Hypothesis (1). Even if, on average, N inputs and N outputs are balanced 
(N surplus = 0) on field level, high environmentally-hazardous N losses can 
occur on sub fields. Site-specific N balancing identified zones with high N 
loss potential (N surplus up to more than 100 kg ha− 1), even if, on 
average, N inputs and N outputs are almost balanced. 

Hypothesis (2). N surplus on heterogeneous croplands that are deter-
mined using different digital methods produce similar results (means, ranges) 
and similar patterns of spatial variability. The results show that all the 
digital methods tested are suitable for identifying high and low yield 
zones, but lead to significant differences in mean values and ranges 
(min-max). Acceptable correlations of values and similar patterns were 
found only between sensor-based and satellite-based methods. 

Hypothesis (3). N surplus is negatively correlated to SOC and TN content. 

Of all soil parameters, the SOC content and soil TN content showed the 
highest positive correlations to yield and N uptake and negative corre-
lations to N surplus. 

Thus, Hypotheses 1 and 3 are confirmed, and Hypothesis 2 is 
rejected. 

In this study, SOC and TN were found to have a positive yield effect. 
The higher the SOC and TN, the higher the N uptake and lower the N 
balance. Determining soil variability to identify different yield zones in 
heterogeneous croplands may be a key to increasing N efficiency. 
Maintaining or even increasing the SOC may facilitate climate protec-
tion and adaptation to changing climatic conditions. This is the goal of 
concepts such as the “4 per 1000” initiative (Minasny et al., 2017) which 
aims to increase soil fertility and yield capacity in addition to C 
sequestration (Soussana et al., 2019). Our study results suggest that 
site-specific organic fertilization (targeted fertilization of sub-areas with 
insufficient humus content) should be considered to increase the 
site-specific humus content in these sub-areas to levels that optimize 
yield and N efficiency. 
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2016. Scheffer/Schachtschabel Soil Science, first ed. Springer Berlin Heidelberg,. 

M. Mittermayer et al.                                                                                                                                                                                                                          

https://doi.org/10.1016/j.eja.2021.126442
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref1
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref1
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref1
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref2
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref2
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref2
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref3
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref3
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref3
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref3
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref4
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref4
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref4
https://doi.org/10.1017/S0014479717000278
https://doi.org/10.1017/S0014479717000278
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref6
http://refhub.elsevier.com/S1161-0301(21)00213-6/sbref6


European Journal of Agronomy 133 (2022) 126442

10
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teilflächenspezifischen Kornertrags von Getreide aus Reflexionsdaten (Derivation of 
the site-specific grain yield from reflection data). In: Meyer-Aurich, A. (Ed.), 
Digitalisierung in kleinstrukturierten Regionen. Gesellschaft für Informatik, Bonn, 
Germany, pp. 131–134. 

Mauser, W., Bach, H., 2009. PROMET – Large scale distributed hydrological modelling to 
study the impact of climate change on the water flows of mountain watersheds. 
J. Hydrol. 376 (3–4), 362–377. 

McLellan, E.L., Cassman, K.G., Eagle, A.J., Woodbury, P.B., Sela, S., Tonitto, C., 
Marjerison, R.D., van Es, H.M., 2018. The nitrogen balancing act: tracking the 
environmental performance of food production. Bioscience 68 (3), 194–203. 

Mikkelsen, R.L., 2011. The “4R” nutrient stewardship framework for horticulture. 
HortTechnology 21, 658–662. 

Minasny, B., Malone, B.P., McBratney, A.B., Angers, D.A., Arrouays, D., Chambers, A., 
Chaplot, V., Chen, Z.S., Cheng, K., Das, B.S., Field, D.J., Gimona, A., Hedley, C.B., 
Hong, S.Y., Mandal, B., Marchant, B.P., Martin, M., McConkey, B.G., Mulder, V.L., 
O’Rourke, S., Richer-de-Forges, A.C., Odeh, I., Padarian, J., Paustian, K., Pan, G., 
Poggio, L., Savin, I., Stolbovoy, V., Stockmann, U., Sulaeman, Y., Tsui, C.C., 
Vågen, T.G., van Wesemael, B., Winowiecki, L., 2017. Soil carbon 4 per mille. 
Geoderma 292, 59–86. 

Mittermayer, M., Gilg, A., Maidl, F.-X., Nätscher, L., Hülsbergen, K.-J., 2021. Site-specific 
nitrogen balances based on spatially variable soil and plant properties. Precis. Agric. 
22, 1416–1436. 

Morari, F., Zanella, V., Sartori, L., Visioli, G., Berzaghi, P., Mosca, G., 2018. Optimising 
durum wheat cultivation in North Italy: understanding the effects of site-specific 
fertilization on yield and protein content. Precis. Agric. 19 (2), 257–277. 

Morari, F., Zanella, V., Gobbo, S., Bindi, M., Sartori, L., Pasqui, M., Mosca, G., Ferrise, R., 
2021. Coupling proximal sensing, seasonal forecasts and crop modelling to optimize 
nitrogen variable rate application in durum wheat. Precis. Agric. 22 (1), 75–98. 

Mulla, D.J., 2013. Twenty five years of remote sensing in precision agriculture: key 
advances and remaining knowledge gaps. Biosyst. Eng. 114 (4), 358–371. 

Noack, P.O. (2007). Ertragskartierung im Getreidebau (Yield mapping). KTBL-Heft, vol. 
70. Darmstadt, Germany: Kuratorium für Technik und Bauwesen in der 
Landwirtschaft e.V. 

Oldfield, E.E., Wood, S.A., Palm, C.A., Bradford, M.A., 2015. How much SOM is needed 
for sustainable agriculture? Front. Ecol. Environ. 13 (10) (527).  

Oliver, M.A., Webster, R., 2015. Basic Steps in Geostatistics: The Variogram and Kriging. 
SpringerBriefs in Agriculture. Springer International Publishing; Imprint; Springer,, 
Cham, Switzerland.  
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