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Abstract: A sufficient nitrogen (N) supply is mandatory for healthy crop growth, but negative
consequences of N losses into the environment are known. Hence, deeply understanding and
monitoring crop growth for an optimized N management is advisable. In this context, remote sensing
facilitates the capturing of crop traits. While several studies on estimating biomass from spectral and
structural data can be found, N is so far only estimated from spectral features. It is well known that N
is negatively related to dry biomass, which, in turn, can be estimated from crop height. Based on this
indirect link, the present study aims at estimating N concentration at field scale in a two-step model:
first, using crop height to estimate biomass, and second, using the modeled biomass to estimate
N concentration. For comparison, N concentration was estimated from spectral data. The data
was captured on a spring barley field experiment in two growing seasons. Crop surface height
was measured with a terrestrial laser scanner, seven vegetation indices were calculated from field
spectrometer measurements, and dry biomass and N concentration were destructively sampled.
In the validation, better results were obtained with the models based on structural data (R2 < 0.85)
than on spectral data (R2 < 0.70). A brief look at the N concentration of different plant organs showed
stronger dependencies on structural data (R2: 0.40–0.81) than on spectral data (R2: 0.18–0.68). Overall,
this first study shows the potential of crop-specific across-season two-step models based on structural
data for estimating crop N concentration at field scale. The validity of the models for in-season
estimations requires further research.

Keywords: terrestrial laser scanning; spectrometer; plant height; vegetation indices; biomass; nitrogen
concentration; precision agriculture

1. Introduction

Nitrogen (N) is a fundamental component of proteins and thus essential for any kind of living.
Its relevance for the nutrition of plants and for the photosynthesis process is indisputable [1]. Plants
consist of a metabolic part with a high N concentration, such as leaves which are mostly responsible
for photosynthetic processes, and a structural part with a low N concentration, such as the stem which
is necessary for the plant architecture [2]. During early growing stages, crop N demand primarily
results from the leaf area expansion to initiate growth [3]. When canopy closure is reached, plants
compete for light and invest more N in stem elongation to place their leaves to the better-illuminated
top layers [4,5]. Another role for the crop development can be attributed to the stem, as plants use
stem N as source for grain N later in the growing season [3]. If this storage is insufficient and further
sources are missing, such as N released by natural leaf senescence or soil N, plants let leaves die off

for the required N [3]. This is likely to reduce the photosynthetic activity and inhibit growth. Hence,
N plays the most important role in the fertilization of arable and forage cropping systems [6].
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The rapidly growing world population requires an increasing food production, which goes along
with a rising use of N fertilizers [7]. The global use of N fertilizer increased from ~10 Tg/year in the 1960s
to ~80 Tg/year around 1990 [8] and might reach ~190 Tg in 2020 [9]. While aiming at increasing yield, it is
frequently neglected that plants can assimilate N only up to a certain value. N losses into the environment
has negative consequences, such as nitrous oxide emissions, nitrate leaching, or eutrophication [8,10,11].
A strong research interest can hence be observed on the general N cycle, the N use efficiency (NUE) of
plants, and the improvement and optimization of fertilization practices [12–18].

A benchmark for quantifying the plant status at field scale is the crop-specific nitrogen nutrition
index (NNI), defined as ratio between actual and critical N concentration [19,20]. The critical N
concentration of dry biomass is defined as minimum N required for maximum growth [21]. If N
supply is not limited, the N concentration generally decreases while dry biomass increases across
a growing season. This allometric relation can be expressed with a negative power function [20].
A sequence of critical N concentration values can be plotted against dry biomass, which is then defined
as crop-specific critical N dilution curve (NDC) [19,22,23]. The NNI and NDC concept hence requires
knowledge about dry biomass and N. Both values can either be determined destructively [24] or,
what is more common, estimated from proximal or remote sensing. Due to their non-destructive
characteristics, these tools are highly attractive for precision agriculture or site-specific management
and extensively investigated since the 1980s [25,26].

Remotely sensed spectral reflectance properties are known to be worthwhile for investigating
vegetation [27]. Numerous studies investigated the usability for determining NNI [28,29] or calculated
vegetation indices (VIs) for estimating crop N [30–34]. Dry biomass can also be estimated from VIs,
but measurements are known to be affected by saturation effects at later growing stages [35–37].
Major disadvantages of all passive spectral measurements are the dependency on solar radiation
and the influence through atmospheric conditions, which require repeated calibrations during a
campaign [38,39]. These problems can be avoided by using bidirectional spectrometers or active
sensors [30,40,41]. Further limiting factors are, however, the influence of differing soil properties,
which is particularly important in the early growing period due to the low vegetation fraction [42],
and plant properties, such as the leaf inclination angle [43]. Measurements with field spectrometers
can also cover only small parts of the crop canopy. Based on their extensive research, Gastal et al. [4]
concluded that the NNI is more a research than a management tool and non-invasive, cost-effective
methods are required. They suggest chlorophyll measurements with a SPAD meter as promising
tool for determining the N status. Various studies show its usability [44] and propose it as tool for
fertilizer recommendations [45]. The amount of SPAD measurements is limited due to its handheld
characteristics, which reinforces the general weakness of spectral measurements. An alternative robust
approach for determining crop N at field scale is hence desirable.

The limitations of spectral sensing approaches, led to new research activities in crop monitoring,
namely the sensing of structural properties such as crop height and crop density [46–48]. At field
scale, these traits can be derived by sensing methods which produce 3D data such as terrestrial
laser scanning (TLS) [49,50] or photogrammetric processing using Structure from Motion (SfM) and
Multi-View Stereopsis (MVS) [51]. Other field studies measure with light curtains [52] or ultrasonic
sensors [36,53]. In a comparative study on different sensors, best results were achieved with laser
scanning in comparison to an ultrasonic sensor and drone-based imaging [54]. Several studies showed
that dry biomass can be estimated from structural crop traits captured with TLS, drone-based imaging,
or oblique stereo image acquisition [55–63]. Only a few studies compared biomass estimations based
on different sensors so far [64]. From the existing ones, it can be summarized that structural estimators,
such as crop height, outperform spectral ones [47,59,65]. TLS and SfM/MVS approaches allow capturing
large areas in a high spatial resolution. Hence, in-field variabilities can be detected.

In summary, it is widely accepted that understanding processes and traits, which are involved
in the N cycle of plants, are extremely important to optimize crop production [4,66]. Plant height
is recognized as relevant trait [67,68], but until recent developments in proximal sensing, structural
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traits were hardly measurable in a sufficient spatial and temporal resolution at field scale. Manual
measurements were laborious and prone to errors [54]. The literature shows that dry biomass is
estimable either from 3D or spectral measurements, considering the limitations for the latter. In contrast,
to the best of the authors’ knowledge, crop N at field scale is only estimated from spectral information.
Structural traits, determined from 3D data, are neglected so far. According to Seginer et al. [69] the light
competition among individual plants occurs early in the growing season, as canopy closure is rapidly
reached in typically dense agricultural fields. Hence, potential height differences among individual
plants or in-field variations, which affect the amount of biomass, should be discernible. Along with the
allometric relation between dry biomass and N concentration, the arising research question can be
formulated as: Can the crop-specific N concentration at field scale be estimated from its indirect link to
structural traits?

In a comprehensive study, Tilly et al. [65] found that TLS-derived plant height is a strong estimator
for dry barley biomass (R2 < 0.85) in contrast to VIs, which showed varying performance (R2: 0.07–0.87).
This new study further investigates this data set in terms of the stated research question as on the
one hand, the quality and suitability of the data set was proven, but on the other hand, a so far
unconsidered data set of destructively measured N was available. The overall aim of this study is
to investigate whether the indirect link between structural traits and N concentration can be used
for robust estimations at field scale. Two novel model designs are developed which investigate the
interrelations between TLS-derived crop surface height, dry biomass, and N concentration. Another
VI-based model is established for comparison. A brief look is thrown on the relation of the estimators
to the dry biomass and N concentration of individual plant organs.

2. Materials and Methods

2.1. Data Acquisition

During the growing seasons 2013 and 2014, the data sets for this study were captured on a spring
barley (Hordeum vulgare L.) field experiment, conducted at the experimental station Klein–Altendorf
of the University of Bonn, Germany (50◦37′N, 6◦59′E, altitude 186 m). The exact locations of the
fields varied slightly between the years due to crop rotation. Soil and climatic conditions were almost
equal with a flat surface, a clayey silt luvisol, an average yearly precipitation of ~600 mm, and a daily
average temperature of 9.3 ◦C [70,71]. The soil available N and organic matter was determined in
early spring each year (2013: 42 kg/ha Nmin and 1.7% organic matter; 2014: 44 kg/ha Nmin and
1.8% organic matter). The field was subdivided into 36 small-scale plots (3 × 7 m). For half of the
plots, a farmer’s common rate of 80 kg/ha N fertilizer was applied, for the other half a reduced rate of
40 kg/ha. The fertilizer was applied 1 and 5 days after seeding in 2013 and 2014, respectively. In 2013,
each fertilization scheme was carried out once for 18 cultivars. In 2014, the number of cultivars was
reduced to 6 and each fertilization scheme was repeated three times. This study considers only these
cultivars (Barke, Beatrix, Eunova, Trumpf, Mauritia, and Sebastian). Aasen and Bolten [72] present the
randomized block design in the field plan of 2014. TLS and spectral measurements were carried out
for monitoring plant development across the growing seasons. Plant height and dry biomass were
manually measured as reference. The proximal sensing and reference measurements were carried
out within a maximum timespan of three days per campaign. The main details are outlined in the
following. For an extended description it is referred to Tilly et al. [65].

2.1.1. Terrestrial Laser Scanning

The time-of-flight scanner Riegl LMS-Z420i was used (near-infrared laser beam; beam divergence
of 0.25 mrad; and measurement rate of up to 11,000 points/sec). Its field of view is up to 80◦ in the
vertical and 360◦ in the horizontal direction and resolutions between 0.034◦ and 0.046◦ were used for
this study. A Nikon D200 was mounted on top for colorizing the point clouds in the post-processing.
The scanner was mounted on a hydraulic platform of a tractor (sensor height ~4 m above ground).
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During each campaign, the field was scanned from its four corners to lower shadowing effects and to
attain an almost uniform spatial coverage. The coordinates of all scan positions were measured with
the RTK DGPS system Topcon HiPer Pro. The position of a highly reflective cylinder arranged on a
ranging pole was measured with the DGPS system and detected in each scan. An exact georeferencing
and co-registration can thus be achieved with the DGPS-derived coordinates of the scan positions.

The main steps of the TLS data processing can be summarized to merging and cleaning of the
point clouds, filtering of the highest points, which are regarded as crop canopy, and spatially resolved
calculation of CSH. Crop surface models (CSMs), which represent the crop surface, were established.
Crop surface height (CSH) is then calculated by spatially subtracting the digital terrain model (DTM)
height from the CSM. A detailed description is given by Tilly et al. [60]. The result is a raster data set
for each campaign with pixel-wise stored CSH. The CSH was averaged plot-wise to achieve a common
spatial base with the other measurements (Figure 1).
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Figure 1. Steps from point cloud to plot-wise averaged crop surface height (CSH): [A] Filtered point
cloud representing the crop surface; [B] Raster data set of CSH; [C] Plot-wise averaged CSH values.

2.1.2. Spectral Measurements

The ASD® FieldSpec3 was used (measurement range from 350 to 2500 nm; sampling interval of
1.4 nm and 2 nm in visible-near-infrared and short-wave infrared, respectively; spectra are resampled
to 1 nm resolution). A cantilever with a pistol grip was used to avoid shadows and a water level
ensured a nadir view. Samples were taken from 1 m above canopy and no fore optic was used. Thus,
the field of view was 25◦, resulting in a circular footprint area with a radius of ~22 cm on the canopy.
Six positions were taken for each plot and averaged for the analysis. Ten measurements per position
were carried out and instantly averaged. The spectrometer warmed up for at least 30 min prior to
measurements. It was calibrated with a spectralon calibration panel every 10 min or after illumination
change. Measurements were carried out around noon to ensure the sun was at its highest.

In the post-processing, six VIs were calculated by Tilly et al. [65] for estimating biomass. These VIs
were now further investigated regarding their relation to N concentration. The NIR-based simple ratio
index R760/R730 was added for this study, as it was powerful for indicating the N status of wheat [40]
and performed well for grain yield prediction with similar cultivars of spring barley as the here
investigated [73]. The formulas of the VIs are given in Table 1. Different wavelength domains were
covered by choosing two VIs in the near-infrared (NIR), three VIs in the visible-near-infrared (VISNIR),
and one VI in the visible (VIS) domain.

Table 1. Vegetation indices. Table modified from Tilly et al. [65].

Wave-Length Domains Vegetation Index Formula References

NIR

GnyLi (R900×R1050−R955×R1220)/(R900×R1050+R955×R1220) [74]
NRI (R874−R1225)/(R874 + R1225) [75]

R760/R730 R760/R730 [40]

VISNIR

NDVI (R798−R670)/(R798 + R670) [76]
RDVI (R798−R670)/

(√
R798 + R670

)
[77]

REIP 700 + 40 ∗
( R670+R780

2 )−R700
R740−R700

[78]

VIS RGBVI (Rgreen
2
−Rblue ×Rred)/(Rgreen

2 + Rblue ×Rred) [59]
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2.1.3. Reference Measurements

The BBCH scale was used to describe phenological stages and steps of plant development
(Acronym BBCH is derived from the funding members: Biologische Bundesanstalt (German Federal
Biological Research Centre for Agriculture and Forestry), Bundessortenamt (German Federal Office of
Plant Varieties), and Chemical Industry) [79,80]. The campaign-wise averaged BBCH codes are plotted
against day after seeding (DAS) in Figure 2. According to these codes, the campaigns covered the
main vegetative phase, between stem elongation (Code 31) and end of fruit development (Code 79).
In each campaign, the height of ten plants per plot was measured and averaged. The main stem height
including ears was measured. Thin awns were excluded, as it is unlikely that they are captured by the
laser scanner. In the defined sampling area of each plot, the aboveground biomass of a 0.2 × 0.2 m
square was destructively taken each time and used to determine dry biomass in the laboratory. Each
plant was previously divided into its individual organs (stem, leaf, and ear) and separately treated.
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The dry biomass of the individual plant organs was further used for determining N concentration
with the elemental analyzer vario EL cube [81]. For each plot, 2 to 3 mg dry biomass from stem,
leaf, and ear were pulverized and homogenized. Each sample was catalytically combusted at 950 ◦C.
The gas is separated through selective trap columns for determining the elemental composition by
a thermoconductivity detector. The values of the stem, leaf, and ear samples were combined and
averaged for each plot. The values of the entire plant were used in this first approach, as the entire
crop surface and hence the whole plant is captured by the laser scanner. A brief overview about the
values of individual plant organs will be given.

2.2. Estimation Models

This study aims at investigating whether the crop-specific indirect link between structural traits
and crop N concentration (%N) can be used for robust estimations at field scale. The data set was split
into four subsets for a leave-one-out cross validation. All possible combinations of the subsets for
calibration and one subset for validation were calculated. For a first model run, subset 1 contained the
data sets of all campaigns from 2013 (n = 48). Each other subset contained the measurements of all
campaigns from one repetition from 2014 (each n = 48). For a second and third model run, the data
sets were split according to the levels of N fertilization, reducing the number of values per subset for
each of these runs (n = 24).

Dry biomass (DBio) was first investigated as potential estimator for %N, based on the allometric
relation between DBio and %N. A two-step model was designed as shown in Figure 3 [A]. The first
step of the model aims at determining DBio from crop surface height (CSH). An exponential biomass
regression model (BRM) was calibrated from two subsets, since this performed best for the observed
period of the growing season [65]. DBio of the other two subsets was then separately determined
and validated. The determined values are hereinafter referred to as DBiomod. In the second step, one
subset of DBiomod and %N was used for calibrating a nitrogen regression model (NRM). As NRMs
are newly investigated here, linear, exponential, and power function models were established. These
NRMs were then applied to the remaining subset and validated. All calibrations were evaluated with
the coefficient of determination (RC

2). The formula is given in (1). For each validation, besides the
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coefficient of determination (RV
2), the root mean square error (RMSE), and relative RMSE (rRMSE)

were determined. The formulas are given in (2) to (4). All statistics are calculated for each run.

R2
c =


∑n

i=1(x− x)(y− y)√∑n
i=1(x− x)2 ∑n

i=1(y− y)2


2

(1)

where x refers to the estimator (CSH, DBiomod, or VI) and y refers to the value which is estimated
(DBio or %N).

R2
v =


∑n

i=1(x− x)(y− y)√∑n
i=1(x− x)2 ∑n

i=1(y− y)2


2

(2)

where x refers to the estimated values (DBio or %N) and y refers to the measured values (DBio or %N).

RMSE =

√∑n
i=1(xi − yi)

2

n
(3)

where x refers to the estimated values, y refers to the measured values, and n is the number of samples.

rRMSE =
RMSE

M
(4)

where
–

M is the across season mean value of the validation subset (DBio or %N).
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modeled dry biomass; %N: nitrogen concentration; %Nmod: modeled nitrogen concentration).

Considering the physiological principles of plant responses to light competition, CSH is suggested
as potential estimator for crop N status. Similar to the two-step model, linear, exponential, and power
function NRMs were established as one-step model (Figure 3 [B]). As only one subset was needed for
the validation, three subsets were used for the calibration. Again, three model runs were carried out,
for the entire data set and for the common and reduced level of N fertilization. The calibrations were
evaluated by the RC

2 and the validations by the RV
2, RMSE, and rRMSE.
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In addition, NRMs based on spectral data were established. In a pre-test, the R2 was calculated for
each of the seven VIs vs. %N based on linear, exponential, and power function regressions. Based on
the results, VIs were selected for the further considerations in the one-step model. The model design is
equal to the NRMs based on CSH (Figure 3 [B]).

2.3. Relationship Between Crop Traits and Plant Organs

In this first approach DBio and %N of the entire plant were used for the estimation models.
Nonetheless, a brief look is taken at the relationship between the estimators and the individual plant
organs. As outlined in the introduction, N is required by different plant organs depending on the
growing stage. The competing for light among neighboring plants influences the N dilution [19,69],
which is observable in various environments [82,83]. Scatterplots of CSH or VI vs. DBio and %N per
plant organ were established to get a first impression. Furthermore, ear DBio was plotted against stem
%N and leaf %N, since these storages are important for the ear and grain development.

3. Results

3.1. Crop Traits

The following is a brief description of the captured crop traits. Table 2 shows the statistics of
CSH, DBio, and %N. The values were calculated for the four campaigns of 2013, acting as subset 1
in the model design, and for the four campaigns of 2014 separately for subset 2 to 4. The subsets
show similar patterns within each growing stage and comparable developments across the growing
season. All values are additionally plotted against DAS in Figure 4 [A] to [C]. As a first approximation,
the temporal development of all crop traits can quite good be explained by a linear trend (R2: 0.82–0.86).
Better results can be achieved with a logarithmic function for CSH (R2: 0.88) and exponential functions
for DBio (R2: 0.86) and %N (R2: 0.89). DBio is plotted against CSH in Figure 4 [D]. The relation between
these traits was intensively discussed by Tilly et al. [65]. Considering the aim of this study, %N is
plotted against DBio in Figure 4 [E] and against CSH in Figure 4 [F]. A linear regression explains the
trend of DBio vs. %N quite well (R2: 0.70), but a power function works better (R2: 0.77). For CSH
vs. %N the linear trend fits slightly better (R2: 0.81) then the exponential one (R2: 0.75). These values
confirm the quality of the obtained data. The rather good link of %N to DBio and CSH should be noted,
which supports the idea of using the indirect link for the estimation models.

Table 2. Statistics for the plot-wise averaged crop surface height (CSH), the destructively taken
dry biomass (DBio), and nitrogen concentration (%N) measured in the laboratory. The values were
calculated for subset 1 of 2013 and subsets 2, 3, and 4 of 2014 (DAS: Day after seeding; n: number of
samples; mean: mean value; SD: standard deviation).

DAS Subset n
CSH (m) DBio (g/m2) %N (g/kg)

Mean SD Mean SD Mean SD

2013

49 1 12 0.22 0.13 168.31 59.11 39.91 6.19
64 1 12 0.46 0.17 415.31 152.51 20.56 3.73
78 1 12 0.76 0.11 883.38 343.55 17.83 2.99
92 1 12 0.78 0.07 1258.88 229.69 14.04 1.83

Mean 0.56 0.12 681.47 196.22 23.09 3.68

2014

41 2 12 0.17 0.03 86.69 31.22 39.94 3.82
41 3 12 0.17 0.03 100.81 24.29 40.79 3.96
41 4 12 0.17 0.03 79.54 26.14 39.37 3.78
56 2 12 0.41 0.04 304.02 63.80 35.51 4.45
56 3 12 0.42 0.05 290.90 77.10 35.69 3.94
56 4 12 0.41 0.05 274.56 61.47 35.13 3.89
70 2 12 0.63 0.03 487.73 82.10 22.02 3.11
70 3 12 0.64 0.04 482.81 102.39 22.04 2.41
70 4 12 0.62 0.04 425.95 107.53 23.07 2.69
97 2 12 0.76 0.04 1247.56 285.68 11.13 2.13
97 3 12 0.79 0.04 1138.10 296.94 11.33 1.86
97 4 12 0.77 0.04 1113.50 263.13 10.73 1.62

Mean 0.50 0.04 502.68 118.48 27.23 3.14
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3.2. Nitrogen Estimation

A two-step model was designed for investigating whether the indirect link between CSH, DBio,
and %N can be used for estimating %N from structural traits. The reason for this assumption was that
%N is negatively related to DBio, which, in turn, can be estimated from CSH. Further one-step models
based on CSH and VIs were established for comparison.
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3.2.1. Two-Step Models

In the first step, two subsets of CSH and DBio were used for calibrating the BRM and applied
to the other two subsets, separately. 18 exponential BRMs were established, as every possible subset
combination was calculated in three runs. The mean values for the calibration and validation are given
in Table 3, summarized per model run. The statistics for each possible subset combination are shown
in the appendix (Table A1). As comparative value for the RMSE, it is referred to the across-season
mean DBio of 681.47 g/m2 and 502.68 g/m2 for 2013 and 2014, respectively (Table 2). The differences
between the model runs are negligible with quite high mean RC

2 values of 0.86–0.87. In the validation,
the run with the commonly fertilized plots performed slightly better (RV

2: 0.81). The other runs
yielded comparable good results (RV

2: 0.74 and 0.72 for the entire data set and the reduced fertilized
plots, respectively).

Table 3. Summarized mean values for biomass regression models (Calibration: RC
2: coefficient of

determination; Validation: RV
2: coefficient of determination, RMSE: root mean square error (g/m2),

rRMSE: relative root mean square error; Entire: entire data set; Common: common N fertilization;
Reduced: reduced N fertilization). The statistics for each possible subset combination are shown in the
appendix (Table A1).

RC
2 RV

2 RMSE rRMSE

Entire 0.86 0.74 238.00 0.43
Common 0.86 0.81 213.81 0.40
Reduced 0.87 0.72 256.93 0.45

In the second step, one subset of DBiomod and %N was used for calibrating the NRM. The remaining
subset was used for the validation. NRMs based on linear, exponential, and power function regressions
were calculated for investigating the type of regression between DBio and %N. 36 NRMs were
established, since this step is again performed for every possible subset combination in three runs.
The mean values are given in Table 4. The statistics for each possible subset combination are shown in
the appendix (Table A2). As comparative value for the RMSE, it is referred to the across-season mean
%N values of 23.09 g/kg and 27.23 g/kg for 2013 and 2014, respectively (Table 2). The differences between
the model runs are again almost negligible. The best results were achieved with the exponential NRM
for the data set of the commonly fertilized plots (RC

2: 0.84 and RV
2: 0.80). The power function NRM

for the entire data set performed weaker. However, these results are also far from poor with a mean
RC

2 of 0.76 and RV
2 of 0.71. The RMSE is also similar for the linear and exponential NRM, but slightly

higher for the power function NRM.

Table 4. Summarized mean values for nitrogen regression models (NRMs) based on two-step models
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error; Entire: entire data set; Common:
common N fertilization; Reduced: reduced N fertilization). The statistics for each possible subset
combination are shown in the appendix (Table A2).

Linear NRM Exponential NRM Power Function NRM
RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE

Entire 0.77 0.71 7.90 0.31 0.76 0.81 7.32 0.28 0.76 0.71 8.75 0.33
Common 0.82 0.69 8.10 0.30 0.84 0.80 6.96 0.25 0.80 0.70 10.05 0.36
Reduced 0.76 0.76 8.32 0.35 0.75 0.82 7.67 0.31 0.76 0.74 7.44 0.30

3.2.2. One-Step Models

Similar to the second step of the two-step model, NRMs based on linear, exponential, and power
function regressions were established with CSH as estimator. 12 NRMs were established, since the
models are again performed for every possible subset combination in three runs. The mean values
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are given in Table 5. The statistics for each possible subset combination are shown in the appendix
(Table A3). As comparative value for the RMSE, it is again referred to Table 2. The differences between
the three model runs are almost negligible. The best results were achieved with the linear NRMs (RC

2:
0.81–0.83 and RV

2: 0.82–0.85) followed by the exponential NRMs (RC
2: 0.75–0.78 and RV

2: 0.78–0.80).
Slightly worse performed the power function NRMs (RC

2: 0.58–0.66 and RV
2: 0.58–0.68). The RMSE is

again similar for the linear and exponential NRM, but slightly higher for the power function NRM.

Table 5. Summarized mean values for nitrogen regression models (NRMs) based on crop surface height
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error; Entire: entire data set; Common:
common N fertilization; Reduced: reduced N fertilization). The statistics for each possible subset
combination are shown in the appendix (Table A3).

Linear NRM Exponential NRM Power function NRM
RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE

Entire 0.81 0.82 5.05 0.19 0.76 0.78 5.84 0.22 0.60 0.58 15.81 0.58
Common 0.82 0.82 4.68 0.19 0.75 0.79 5.06 0.21 0.66 0.68 6.43 0.26
Reduced 0.83 0.85 4.89 0.18 0.78 0.80 6.17 0.23 0.58 0.63 21.53 0.84

As comparative data to the estimations from structural traits, the usability of the calculated VIs
for estimating %N was investigated. The R2 of each plot-wise averaged VI vs. %N was calculated for
each of the seven VIs based on a linear, an exponential, and a power function regression as a pre-test.
Based on these results (Table 6), four VIs were selected for further analysis. The GnyLi and NRI were
chosen as they performed best (R2: 0.47–0.68). Even though the REIP and the R760/R730 yielded far
poorer results (R2: 0.04–0.18), they were further investigated, as these VIs are known from literature
for its usefulness for estimating %N [30,32,40]. The NDVI, RDVI, and RGBVI were neglected due to
their poor performance (R2: 0.10–0.19).

Table 6. Pre-test: Coefficient of determination (R2) between the plot-wise averaged vegetation indices
and the nitrogen concentration.

Linear Exponential Power Function

GnyLi 0.66 0.59 0.48
NDVI 0.11 0.06 0.06
NRI 0.68 0.61 0.47

RDVI 0.19 0.12 0.13
REIP 0.18 0.10 0.10

RGBVI 0.10 0.05 0.05
R760/R730 0.11 0.12 0.05

Similar to the one-step models based on CSH, NRMs based on linear, exponential, and power
function regressions were established with GnyLi, NRI, REIP, and R760/R730 as estimators. The mean
values are given in Table 7. The structure of the table is equal to Table 5. The statistics for each possible
subset combination are shown in the appendix (Table A4). As it could be assumed from the pre-test,
the R760/R730 and REIP showed the overall worst performance with mean RC

2 of 0.02–0.18 and RV
2 of

0.15–0.27 and RC
2 of 0.06–0.28 and RV

2 of 0.23–0.35, respectively. The GnyLi and NRI yielded better
and among themselves comparable results. The differences between the model runs can again be
neglected. Mean RC

2 values between 0.45 and 0.68 were obtained with both VIs. The linear models
performed best; closely followed by the exponential NRMs and the power function provided the
worst results. A similar pattern can be stated for the validation. The linear NRMs showed the best
performance with RV

2 of 0.67–0.70. They are closely followed by the exponential ones (RV
2: 0.58–0.61).

The power function models performed slightly weaker (RV
2: 0.47–0.63). For all VIs, the RMSE is again

lower for the linear and exponential models than for the power function models.
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Table 7. Summarized mean values for nitrogen regression models (NRMs) based on vegetation indices
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error; Entire: entire data set; Common:
common N fertilization; Reduced: reduced N fertilization). The statistics for each possible subset
combination are shown in the appendix (Table A4).

Linear NRM Exponential NRM Power Function NRM
RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE RC

2 RV
2 RMSE rRMSE

GnyLi
Entire 0.66 0.67 6.66 0.25 0.59 0.61 7.57 0.29 0.49 0.50 10.70 0.40

Common 0.66 0.67 6.73 0.24 0.61 0.59 8.12 0.29 0.46 0.47 11.46 0.41
Reduced 0.67 0.69 6.32 0.25 0.58 0.67 6.54 0.26 0.53 0.63 7.46 0.30

NRI
Entire 0.68 0.68 6.47 0.24 0.61 0.62 7.47 0.28 0.47 0.48 9.87 0.37

Common 0.68 0.68 6.58 0.24 0.63 0.60 7.90 0.29 0.45 0.46 10.30 0.37
Reduced 0.69 0.70 6.07 0.24 0.60 0.66 6.60 0.26 0.52 0.59 8.40 0.33

REIP
Entire 0.19 0.23 10.56 0.39 0.10 0.25 137.22 5.07 0.10 0.25 10.59 0.39

Common 0.28 0.33 10.25 0.37 0.18 0.35 88.71 3.47 0.19 0.35 10.12 0.37
Reduced 0.14 0.24 10.22 0.41 0.06 0.25 178.00 6.98 0.06 0.25 10.37 0.42

R760/R730
Entire 0.11 0.15 10.96 0.42 0.05 0.16 11.25 0.43 0.06 0.18 11.11 0.42

Common 0.18 0.24 10.63 0.38 0.11 0.26 10.74 0.39 0.03 0.17 13.06 0.52
Reduced 0.07 0.15 10.58 0.43 0.02 0.16 10.83 0.44 0.12 0.27 10.63 0.38

3.3. Relationship Between Crop Traits and Plant Organs

DBio and %N of the entire plant were used for the models in this first approach, as the entire
crop surface and hence the whole plant is captured by the laser scanner. At this point, a brief look is
thrown on the relation between the used estimators and individual plant organs. Figure 5 shows DBio
[A] and %N [B] per plant organ plotted against CSH. It is rather obvious that stem DBio depends on
CSH (R2: 0.84), whereas leaf DBio shows a weaker R2 of 0.36. CSH and ear DBio show a moderate
relation (R2: 0.68). From a plant physiological point of view, the stem has a key role in the plant
growth process. While competing for light with their neighboring plants, a large stem length alias high
CSH, accompanied by high biomass, supports the plant to place their leaves to the better-illuminated
top layers. Furthermore, plants use stem N for the grain development [3]. As it can be seen in
Figure 5 [B], stem %N is rather strong related to CSH (R2: 0.81). It is also visible that generally more
N is allocated to the metabolic actives leaves in comparison to the stem. Even more interesting is,
however, the similar negative slope of leaf %N and stem %N vs. CSH. All investigated VIs provided
poorer results. As shown for the NRI in Figure 5 [C], slightly weaker values were achieved for stem
DBio (R2: 0.34) and leaf DBio (R2: 0.83). Rather poor values can be stated for ear DBio (R2: 0.24).
Considerably lower values were achieved for NRI vs. %N of the individual organs as shown in
Figure 5 [D]. Only R2 of 0.57, 0.68, and 0.18 were reached for stem, leaf, and ear %N, respectively.

During the growing season, ear DBio can be used for quantitatively predicting the expected yield,
which is most important for crop production. How well the grain develops depends on the available
N, with stem N as main source, followed by leaf N, released through natural senescence, and soil
N [3]. Since plants let their leaves die off if these sources are too low, a sufficient N storage can prevent
this process, which would inhibit photosynthesis. During the early growing season, before ears are
present, and where crop development can mainly be influenced, stem and leaf %N are hence most
important. Ear DBio vs. stem %N and leaf %N are plotted in Figure 6 to investigate this relation.
A slightly higher coefficient of determination was reached for stem %N (R2: 0.78) compared to leaf %N
(R2: 0.77). Moreover, the scattering of the values is higher for leaf %N.
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4. Discussion

A first investigation of crop-specific models based on structural traits for indirectly estimating N
concentration (%N) at field scale can be stated as overall aim of this study. Crop biomass and %N are two
of the most important traits under investigation in precision agriculture. The usability of TLS-derived
crop surface height (CSH) or rather plant height as estimator for biomass has been demonstrated by
several authors [57–63]. An increasing number of studies on estimating biomass highlight the benefits
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of crop height as structural trait in comparison to spectral measurements [47,59,65]. In contrast, %N
is commonly estimated from spectral data [4,31–33]. It is well known that N is negatively related to
biomass during the growing season, which, in turn, can be estimated from CSH. Based on this indirect
link, a two-step model was designed for determining DBio based on CSH in the first step, followed
by estimating %N with a nitrogen regression model (NRM) from the determined DBio in the second
step. In addition, CSH was examined as estimator in one-step NRMs and similar NRMs based on VIs
were established.

The development of CSH, DBio, and %N across the growing season showed that each crop trait
has a certain pattern, which can be expressed with mathematic functions (R2: 0.82–0.89). The relation
between DBio and %N can be expressed with a power function (R2: 0.77). Similar patterns were shown
for winter barley [24] and corn [29]. That the allometric relation of %N vs. DBio during the vegetative
growth can be expressed with a negative power function has early been recognized [20] and is the
fundament of the NNI and NDC concept. As shown in Figure 4 [F], CSH vs. %N appears to be linearly
(R2: 0.81) or exponentially (R2: 0.75) related, which supports the idea of using this structural trait as
estimator for the N status of crops. Unfortunately, no comparable studies at field scale were found.

The applicability of biomass regression models (BRMs) based on CSH was demonstrated by
Tilly et al. [65]. In contrast, crop-specific NRMs are newly developed in this study and thus examined
more closely with linear, exponential, and power functions. Since the NRMs of all approaches were
similarly designed, the results can well be compared. A point in common of all NRMs is that only
negligible differences between the three runs could be observed. This might be explained by the minor
difference between the fertilizer treatments of only 40 kg/ha. In contrast, in the literature differences of
70 to 220 kg/ha can be found for common field experiments [30,41,73,84] or single experiments with
extremely high rates of up to 420 kg/ha [30].

Spectral approaches for determining %N are presented in different studies [30–34]. In these
studies, R2 values between 0.50 and 0.80 were reached for different crops. The best performing VI
in this study reached comparable results (R2 < 0.70). Good results achieved with the R760/R730 and
REIP in other studies [30,32,40] could not be confirmed here (RV

2 < 0.35). Even though these VIs will
be excluded from the model comparison, some explanations for their weak performance should be
formulated. First, all other studies investigated wheat not barley. Furthermore, Erdle et al. (2011) [40]
and Baresel et al. [30] investigated measurements within one growing stage and used bidirectional
radiometer or active sensors. Similar to this study, Li et al. [32] investigated different growing stages
with a field spectrometer but obtained beside the quite good R2 of 0.55 also weak results of 0.21 for
the REIP. It can be summarized that the R760/R730 and REIP might be suitable for estimating crop %N.
It should, however, be further investigated how prone these VIs are to effects such as saturation [37],
multiangular reflection [85], leaf inclination angle [43], or general atmospheric conditions. Further
research should involve additional VIs, which were investigated for N content and N uptake, such
as the red edge-based canopy chlorophyll content index [86] or the optimum multiple narrow band
reflectance model [31]. Another approach that can be found in the literature are contour plot analyses.
Conclusions of two studies are, however, that it is challenging to obtain the necessary information
with two-band VIs due to the N dilution effect [31] and that it will be difficult to develop a simple
sensor that can determine the N concentration of plants with two or three bands for different growth
stages [32]. The presented approach based on structural data shall introduce an alternative method.

The power function produced the poorest results of the three function types, with the lowest R2

and highest RMSE values. Furthermore, the weakest results were achieved with the two remaining VIs.
For both VIs, best results were obtained with linear models, whereas the NRI performed slightly better
(RV

2: 0.68–0.70) than the GnyLi (RV
2: 0.67–0.69). The NRMs based on DBiomod yielded better results

and performed best with exponential functions (RV
2: 0.81–0.82). The best and most robust results were

obtained with the NRMs based on CSH (RV
2: 0.78–0.85). It should be further investigated whether

the fusion of CSH and VIs in multivariate models improves the estimation, as it was observed for
the BRMs [65]. The benefit of the fusion of spectral and structural traits are also highlighted by other
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studies. The yield prediction of drought stressed barley for example could be improved [73]. Acquiring
3D and spectral data with one sensor could therefore be worthwhile, which might be realizable with
recently emerging hyperspectral laser scanners [87]. First approaches of estimating rice leaf %N from
multispectral and hyperspectral scanners can already be found [88,89]. These studies, however, only
investigated the spectral information. Further research on the fusion of structural and spectral traits
is required.

Quality, usability, and robustness of models can be assessed according to their accuracy and
precision. Widely used metrics are the RC

2, RV
2, RMSE, and rRMSE. In case of the NRMs, RC

2 shows
if CSH-based DBio models, CSH or VIs can express variations of %N and hence if it is a suitable
indicator. RV

2 shows whether this relation is robust and transferable to independent data. It can
well be used to compare the models among each other. RMSE and rRMSE are suitable for comparing
the precision between the models. However, for evaluating the accuracy of NRMs for estimating
%N, actual measurements must be considered. A major issue of across-season estimations is the
very varying %N. The rRMSE refers to the across-season mean value, which can obviously hardly be
used as reliable reference for the accuracy of the NRM at a certain point in time. As shown for the
BRMs [90], more credible values can be obtained with campaign-wise separated analyses. Similar
results are very assumable for the NRMs, which requires further research. The validity of the RMSE
for time-specific models must be further investigated to evaluate the usability of the approach for
site-specific management. Beyond that, studies are needed on the transferability of the models to
other field locations, years, or crops. Good results have already been achieved for the transferability
of BRMs for paddy rice [91]. However, it is known from the literature that the relationship between
biomass and nitrogen is very different depending on the crop [24,92]. Accordingly, it can be assumed
that NRMs must be calibrated crop-specific, as is the case for approaches with the nitrogen nutrition
index (NNI). Novel machine learning approaches and algorithms, summarized as artificial intelligence,
should also be taken into account for estimating crop traits [93–95]. Approaches of estimating grass
sward biomass [96], quantifying rice N status [97], or monitoring wheat leaf %N [98] can already be
found. As mentioned, an important point for site-specific management is the applicability of models at
certain stages within the growing season. Analyses within one campaign were not very reliable with
the available data set, due to the amount of data. Accordingly, further analyses with more extensive
data sets are desirable for verifying the time-specific applicability of this approach.

The brief look at the relation between the estimators and individual plant organs suggests that
CSH might be useful for estimating stem DBio and %N. The observed relation between CSH and leaf
%N supports findings of Yin et al. [99]. They found a good relationship between plant height of corn
and leaf %N. Beside the known fact that more N is allocated to the metabolic actives leaves than to
the stem, a similar negative slope of leaf %N and stem %N vs. CSH was found. As the quantification
of metabolic and structural N demand of individual plant organs is required for example for growth
simulation models [5], further research on this is desirable. Moreover, this research can make an
important contribution to understand the processes and traits, which are involved in the growth and
N cycle of plants. For some crops, such as wheat, barley, and maize, the pre-anthesis ear and stem
growth are somehow interlinked [100]. From the rather good relation between ear DBio and stem %N
(R2: 0.78) or leaf %N (R2: 0.77), it can be interpreted that these individual plant organs might be useful
for yield approximations during the growing season. Further research on this is required.

Considering finally the applicability in the field, the main benefits of capturing structural traits
in comparison to spectral measurements were stated in the introduction. A main disadvantage of
acquiring spectral data with handheld spectrometers is the limitation to several discrete measurements.
It has to be mentioned that in recent years several robotic system were developed as high-throughput
mobile field platform [101,102]. Such platforms can accelerate the capturing process or even enable an
autonomous data acquisition. Furthermore, approaches of a spatially resolved acquisition of spectral
data can be found [72,103]. As these attempts are all quite new, the applicability and validity of the
results has still to be investigated. Besides the development of appropriate sensors, the emergence
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of unmanned aerial vehicles (UAVs) as platform was a major milestone. As reviewed by several
authors [104–106], various studies attach digital cameras and multi- or hyperspectral imagers to UAVs
for a nadir acquisition of surface properties. The size, payload, and stability of UAVs were rapidly
improved through technical developments across recent years, which allows attaching heavier sensors,
such as laser scanners. So far, such systems are occasionally used for capturing structural traits in
forestry such as canopy height [107], tree stem diameter [108], or crown base height [109]. Major
disadvantages are the high cost and large data processing [105]. Nevertheless, such UAV-based laser
scanners would be beneficial for the acquisition of agricultural fields, as the nadir perspective should
allow a deeper penetration of the vegetation and hence a more detailed capturing of the crop surface
and structural traits. Crop density could also be captured from a nadir perspective. This is important in
particular for the here investigated research question, as crop density influences the light competition
process. This major process of plant growth can hence be examined more closely. Combining crop
height and density information might allow precise and robust biomass and %N estimations. Finally,
this research can have an influence on conventional agriculture, as sowing densities and fertilizer
applications could be optimized.

5. Conclusions

Non-destructively estimating and monitoring crop biomass and nitrogen (N) concentration can
support site-specific management. Studies show that dry biomass can be estimated by remotely
sensing 3D or spectral information. In contrast, N estimations at field scale so far only base on
spectral measurements, which are biased by illumination changes, vegetation fraction, plant properties,
or saturation effects. This survey pursued a novel approach of estimating N concentration based on the
indirect link to structural data. This link is based on the negative relationship between N and biomass,
which can be estimated from crop height.

In two subsequent years, crop surface height was measured by terrestrial laser scanning (TLS),
seven vegetation indices (VI) were calculated from field spectrometer measurements, and destructive
measurements of dry biomass and N concentration were carried out. Based on the indirect link between
crop surface height and N concentration, novel nitrogen regression models were established in three
designs. The models based on modeled dry biomass and crop surface height reached R2 values of up
to 0.85 and 0.82, respectively, and thereby outperformed the VIs (best R2: 0.70). The relation between
crop surface height and N concentration of individual plant organs revealed that stem N showed a
stronger dependency (R2: 0.81) in comparison to leaf N (R2: 0.69) and ear N (R2: 0.40). With the best
performing VI, the NRI, considerably weaker results were achieved (R2 for stem, leaf, and ear N were
0.57, 0.68, and 0.18, respectively). This stem N is particularly important for plant growth, as it is one N
source for the grain development.

In summary, these first results open perspectives for indirect models based on structural data as
indicator for crop N concentration at field scale. Due to the crop-specific relationship between dry
biomass and N concentration, it can be assumed that the models will have to be calibrated crop-specific.
Furthermore, the time-specific applicability of the models must be further investigated. Capturing
3D data with proximal sensing can be regarded as being more robust and comfortable to carry out
in comparison to spectral measurements. Beside the data acquisition, the analysis of 3D data and
determination of structural traits could be designed more user-friendly than the interpretation of
spectral data. Hence, beside the usability as a research tool, TLS or photogrammetric approaches
should be considered for improving non-invasive and cost-effective N fertilizer management tools for
farmers. For research purposes, such as monitoring plant-internal dynamics, investigating particular
processes, or detecting diseases, the value of spectral information is indisputable. The fusion of 3D and
spectral data can therefore be very beneficial.
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Appendix A

Table A1. Statistics for each run of the biomass regression models (Calibration: RC
2: coefficient of

determination; Validation: Rv
2: coefficient of determination, RMSE: root mean square error (g/m2),

rRMSE: relative root mean square error).

Calibration Subset Validation Subset RC
2 RV

2 RMSE rRMSE

Entire data set
1 and 2 3 0.83 0.79 189.74 0.38
1 and 2 4 0.83 0.75 204.09 0.43
1 and 3 2 0.84 0.81 232.62 0.44
1 and 3 4 0.84 0.75 207.14 0.44
1 and 4 2 0.81 0.81 229.79 0.43
1 and 4 3 0.81 0.79 190.90 0.38
2 and 3 1 0.90 0.61 322.25 0.47
2 and 3 4 0.90 0.75 202.88 0.43
2 and 4 1 0.89 0.60 343.49 0.50
2 and 4 3 0.89 0.79 191.64 0.38
3 and 4 1 0.89 0.61 313.03 0.46
3 and 4 2 0.89 0.81 228.41 0.43

Common N fertilization
1 and 2 3 0.80 0.89 148.80 0.33
1 and 2 4 0.80 0.79 196.42 0.42
1 and 3 2 0.82 0.78 278.95 0.53
1 and 3 4 0.82 0.78 205.86 0.44
1 and 4 2 0.80 0.79 260.68 0.49
1 and 4 3 0.80 0.89 133.74 0.29
2 and 3 1 0.91 0.78 241.05 0.36
2 and 3 4 0.91 0.79 192.90 0.41
2 and 4 1 0.91 0.79 227.57 0.34
2 and 4 3 0.91 0.91 140.50 0.31
3 and 4 1 0.92 0.78 261.10 0.39
3 and 4 2 0.92 0.79 278.15 0.53

Reduced N fertilization
1 and 2 3 0.85 0.77 220.80 0.40
1 and 2 4 0.85 0.72 203.87 0.43
1 and 3 2 0.86 0.85 171.58 0.32
1 and 3 4 0.86 0.72 204.06 0.43
1 and 4 2 0.83 0.85 184.17 0.35
1 and 4 3 0.83 0.77 231.74 0.42
2 and 3 1 0.92 0.53 412.87 0.60
2 and 3 4 0.92 0.71 210.76 0.44
2 and 4 1 0.88 0.52 371.16 0.54
2 and 4 3 0.88 0.76 322.87 0.58
3 and 4 1 0.89 0.53 388.46 0.56
3 and 4 2 0.89 0.86 160.78 0.30
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Table A2. Statistics for each run of the nitrogen regression models (NRMs) based on two-step model.
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error).

Linear NRM Exponential NRM Power Function NRM
Calibration

Subset
Validation

Subset RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE

Entire data set
3 4 0.88 0.79 5.97 0.22 0.88 0.86 6.86 0.25 0.80 0.65 12.90 0.48
4 3 0.88 0.77 6.40 0.23 0.87 0.85 6.11 0.22 0.77 0.73 7.71 0.28
2 4 0.88 0.79 7.18 0.27 0.87 0.86 5.49 0.20 0.77 0.62 15.14 0.56
4 2 0.88 0.74 8.61 0.32 0.87 0.86 6.35 0.23 0.77 0.60 13.84 0.51
2 3 0.88 0.77 7.46 0.27 0.87 0.87 6.00 0.22 0.77 0.73 7.57 0.28
3 2 0.88 0.74 7.49 0.28 0.88 0.85 6.10 0.22 0.80 0.62 11.61 0.43
1 4 0.44 0.79 6.98 0.26 0.46 0.86 8.94 0.33 0.72 0.72 6.34 0.23
4 1 0.87 0.54 9.66 0.42 0.87 0.65 7.00 0.30 0.77 0.79 5.08 0.22
1 3 0.42 0.77 7.84 0.29 0.44 0.85 10.30 0.38 0.72 0.79 7.52 0.27
3 1 0.86 0.54 8.58 0.37 0.87 0.65 6.70 0.29 0.80 0.79 4.87 0.21
1 2 0.44 0.74 7.30 0.27 0.46 0.85 9.62 0.35 0.72 0.69 7.25 0.27
2 1 0.87 0.54 11.34 0.49 0.87 0.73 8.37 0.36 0.77 0.79 5.22 0.23

Common N fertilization
3 4 0.88 0.79 6.20 0.22 0.90 0.87 6.61 0.23 0.82 0.64 11.66 0.41
4 3 0.95 0.74 6.25 0.22 0.95 0.82 7.49 0.26 0.82 0.73 8.08 0.28
2 4 0.93 0.79 7.31 0.26 0.93 0.89 5.50 0.19 0.80 0.62 17.09 0.61
4 2 0.95 0.71 11.42 0.40 0.95 0.85 6.90 0.24 0.82 0.56 21.11 0.74
2 3 0.93 0.74 6.41 0.22 0.93 0.82 7.31 0.25 0.80 0.74 7.37 0.25
3 2 0.88 0.71 8.84 0.31 0.90 0.83 6.60 0.23 0.82 0.60 15.63 0.55
1 4 0.56 0.79 5.63 0.20 0.59 0.87 6.73 0.24 0.77 0.72 6.74 0.24
4 1 0.94 0.53 10.72 0.43 0.96 0.67 6.99 0.28 0.82 0.79 5.85 0.24
1 3 0.54 0.74 6.97 0.24 0.57 0.82 8.56 0.30 0.77 0.78 8.51 0.29
3 1 0.85 0.53 8.38 0.34 0.89 0.67 6.52 0.26 0.82 0.80 5.33 0.22
1 2 0.56 0.71 7.48 0.26 0.59 0.83 7.35 0.26 0.77 0.67 7.51 0.26
2 1 0.92 0.53 11.62 0.47 0.94 0.67 6.95 0.28 0.80 0.79 5.67 0.23

Reduced N fertilization
3 4 0.93 0.80 5.58 0.21 0.92 0.85 7.19 0.28 0.83 0.64 11.43 0.44
4 3 0.85 0.81 6.78 0.26 0.82 0.89 4.77 0.18 0.75 0.74 7.37 0.28
2 4 0.90 0.80 6.64 0.26 0.89 0.84 5.32 0.21 0.79 0.63 12.71 0.49
4 2 0.85 0.84 5.25 0.20 0.82 0.89 5.28 0.21 0.75 0.68 7.97 0.31
2 3 0.89 0.81 9.60 0.37 0.89 0.89 5.66 0.22 0.79 0.73 7.73 0.30
3 2 0.93 0.84 5.35 0.21 0.92 0.88 6.06 0.24 0.83 0.68 7.66 0.30
1 4 0.38 0.80 7.98 0.31 0.38 0.76 17.15 0.66 0.65 0.72 5.85 0.23
4 1 0.84 0.58 8.05 0.38 0.82 0.69 6.41 0.30 0.75 0.85 3.81 0.18
1 3 0.37 0.81 7.90 0.30 0.37 0.89 10.66 0.41 0.65 0.80 8.40 0.32
3 1 0.92 0.58 17.41 0.81 0.92 0.69 6.87 0.32 0.83 0.85 5.45 0.25
1 2 0.37 0.84 8.38 0.33 0.37 0.87 9.33 0.36 0.65 0.75 6.90 0.27
2 1 0.89 0.58 10.92 0.51 0.89 0.76 7.33 0.34 0.79 0.85 3.98 0.19

Table A3. Statistics for each run of the nitrogen regression models (NRMs) based on crop height
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error).

Linear NRM Exponential NRM Power Function NRM
Calibration

Subset
Validation

Subset RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE

Entire data set
1, 2, and 3 4 0.80 0.85 4.51 0.17 0.75 0.77 5.55 0.21 0.59 0.65 7.19 0.27
1, 2, and 4 3 0.80 0.87 4.54 0.17 0.74 0.79 5.69 0.21 0.58 0.65 7.48 0.28
1, 3, and 4 2 0.80 0.84 4.74 0.18 0.75 0.76 5.76 0.21 0.59 0.63 7.49 0.28
2, 3, and 4 1 0.85 0.73 6.41 0.24 0.78 0.81 6.36 0.24 0.63 0.41 41.10 1.52
Common N fertilization
1, 2, and 3 4 0.81 0.89 3.98 0.14 0.77 0.80 5.20 0.18 0.56 0.68 7.54 0.27
1, 2, and 4 3 0.82 0.87 4.76 0.16 0.77 0.79 5.94 0.21 0.56 0.68 8.28 0.29
1, 3, and 4 2 0.82 0.86 4.30 0.15 0.77 0.76 5.72 0.20 0.56 0.63 7.77 0.27
2, 3, and 4 1 0.87 0.78 6.53 0.26 0.81 0.85 7.84 0.32 0.65 0.52 62.51 2.53
Reduced N fertilization
1, 2, and 3 4 0.81 0.84 4.36 0.17 0.74 0.77 5.24 0.20 0.67 0.64 7.06 0.27
1, 2, and 4 3 0.78 0.92 3.37 0.13 0.72 0.84 4.52 0.17 0.66 0.68 7.14 0.28
1, 3, and 4 2 0.81 0.87 4.54 0.18 0.74 0.80 5.18 0.20 0.67 0.66 6.99 0.27
2, 3, and 4 1 0.88 0.65 6.46 0.30 0.79 0.74 5.31 0.25 0.64 0.75 4.53 0.21
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Table A4. Statistics for each run of the nitrogen regression models (NRMs) based on vegetation indices
(Calibration: RC

2: coefficient of determination; Validation: RV
2: coefficient of determination, RMSE:

root mean square error (g/kg), rRMSE: relative root mean square error).

Linear NRM Exponential NRM Power Function NRM
Calibration

Subset
Validation

Subset RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE RC
2 RV

2 RMSE rRMSE

GnyLi
Entire data set
1, 2, and 3 4 0.67 0.64 6.99 0.26 0.61 0.55 8.84 0.33 0.53 0.30 18.22 0.67
1, 2, and 4 3 0.66 0.68 6.77 0.25 0.59 0.60 7.75 0.28 0.48 0.51 8.75 0.32
1, 3, and 4 2 0.69 0.58 7.64 0.28 0.62 0.51 8.77 0.32 0.51 0.40 9.89 0.36
2, 3, and 4 1 0.63 0.76 5.24 0.23 0.54 0.79 4.91 0.21 0.43 0.77 5.94 0.26
Common N fertilization
1, 2, and 3 4 0.68 0.64 7.31 0.26 0.64 0.52 9.64 0.34 0.52 0.28 19.32 0.68
1, 2, and 4 3 0.66 0.68 6.77 0.23 0.60 0.58 7.84 0.27 0.45 0.48 9.14 0.32
1, 3, and 4 2 0.70 0.55 7.55 0.26 0.64 0.45 9.28 0.32 0.48 0.36 9.97 0.35
2, 3, and 4 1 0.61 0.82 5.29 0.21 0.55 0.81 5.75 0.23 0.40 0.77 7.39 0.30
Reduced N fertilization
1, 2, and 3 4 0.67 0.65 6.46 0.25 0.58 0.58 7.60 0.29 0.56 0.51 10.17 0.39
1, 2, and 4 3 0.66 0.68 6.48 0.25 0.58 0.63 7.26 0.28 0.54 0.55 7.99 0.31
1, 3, and 4 2 0.70 0.59 7.61 0.30 0.61 0.57 8.03 0.31 0.56 0.54 8.37 0.33
2, 3, and 4 1 0.63 0.83 4.74 0.22 0.53 0.89 3.27 0.15 0.47 0.90 3.31 0.15
NRI
Entire data set
1, 2, and 3 4 0.69 0.66 6.74 0.25 0.62 0.56 8.22 0.31 0.49 0.41 10.50 0.39
1, 2, and 4 3 0.67 0.71 6.45 0.24 0.61 0.61 7.68 0.28 0.47 0.46 9.11 0.34
1, 3, and 4 2 0.71 0.61 7.35 0.27 0.64 0.52 8.83 0.33 0.51 0.31 13.17 0.49
2, 3, and 4 1 0.65 0.74 5.33 0.20 0.58 0.78 5.14 0.19 0.42 0.75 6.69 0.25
Common N fertilization
1, 2, and 3 4 0.69 0.66 6.83 0.25 0.65 0.55 8.09 0.29 0.46 0.36 9.76 0.35
1, 2, and 4 3 0.67 0.68 6.66 0.23 0.62 0.57 8.01 0.28 0.44 0.41 9.39 0.32
1, 3, and 4 2 0.70 0.59 7.27 0.25 0.66 0.49 9.47 0.33 0.49 0.32 14.22 0.50
2, 3, and 4 1 0.64 0.80 5.59 0.23 0.59 0.80 6.05 0.24 0.40 0.73 7.84 0.32
Reduced N fertilization
1, 2, and 3 4 0.69 0.66 6.40 0.25 0.61 0.58 8.01 0.31 0.55 0.47 12.89 0.50
1, 2, and 4 3 0.67 0.73 5.96 0.23 0.59 0.65 6.91 0.27 0.51 0.55 7.96 0.31
1, 3, and 4 2 0.72 0.61 7.34 0.29 0.63 0.57 8.00 0.31 0.54 0.50 8.61 0.34
2, 3, and 4 1 0.66 0.78 4.60 0.21 0.56 0.85 3.46 0.16 0.46 0.86 4.14 0.19
REIP
Entire data set
1, 2, and 3 4 0.19 0.17 11.16 0.41 0.10 0.19 25.28 0.93 0.10 0.19 10.81 0.40
1, 2, and 4 3 0.20 0.15 10.94 0.40 0.11 0.17 12.91 0.48 0.11 0.17 11.57 0.43
1, 3, and 4 2 0.21 0.12 11.20 0.41 0.12 0.14 93.14 3.44 0.12 0.14 11.41 0.42
2, 3, and 4 1 0.14 0.47 8.94 0.33 0.06 0.49 417.55 15.42 0.06 0.50 8.58 0.32
Common N fertilization
1, 2, and 3 4 0.30 0.21 10.46 0.37 0.21 0.23 27.47 0.97 0.21 0.23 10.20 0.36
1, 2, and 4 3 0.31 0.19 11.44 0.39 0.21 0.20 29.25 1.01 0.21 0.20 11.35 0.39
1, 3, and 4 2 0.30 0.19 10.19 0.36 0.20 0.22 27.72 0.97 0.21 0.22 10.24 0.36
2, 3, and 4 1 0.19 0.73 8.91 0.36 0.11 0.74 270.41 10.94 0.11 0.75 8.70 0.35
Reduced N fertilization
1, 2, and 3 4 0.13 0.14 10.17 0.39 0.06 0.15 26.21 1.01 0.06 0.15 10.52 0.41
1, 2, and 4 3 0.14 0.14 10.93 0.42 0.07 0.15 11.07 0.43 0.07 0.15 11.37 0.44
1, 3, and 4 2 0.16 0.08 11.65 0.45 0.08 0.09 653.62 25.51 0.08 0.09 11.44 0.45
2, 3, and 4 1 0.11 0.60 8.15 0.38 0.04 0.62 21.11 0.98 0.04 0.61 8.15 0.38
R760/R730
Entire data set
1, 2, and 3 4 0.12 0.08 10.91 0.40 0.05 0.10 11.31 0.42 0.06 0.11 11.12 0.41
1, 2, and 4 3 0.13 0.08 11.48 0.42 0.06 0.09 12.09 0.44 0.07 0.10 11.97 0.44
1, 3, and 4 2 0.13 0.06 11.42 0.42 0.06 0.07 11.73 0.43 0.07 0.09 11.63 0.43
2, 3, and 4 1 0.07 0.39 10.04 0.43 0.02 0.40 9.87 0.43 0.03 0.42 9.72 0.42
Common N fertilization
1, 2, and 3 4 0.20 0.12 10.84 0.38 0.13 0.14 10.75 0.38 0.14 0.16 10.59 0.38
1, 2, and 4 3 0.21 0.11 11.27 0.39 0.12 0.12 11.55 0.40 0.13 0.13 11.51 0.40
1, 3, and 4 2 0.21 0.10 10.76 0.38 0.12 0.12 10.82 0.38 0.13 0.14 10.72 0.37
2, 3, and 4 1 0.11 0.65 9.64 0.39 0.05 0.66 9.82 0.40 0.06 0.67 9.70 0.39
Reduced N fertilization
1, 2, and 3 4 0.07 0.06 10.57 0.41 0.02 0.06 11.23 0.43 0.03 0.06 20.24 0.78
1, 2, and 4 3 0.08 0.06 11.02 0.42 0.02 0.06 11.59 0.45 0.03 0.07 11.58 0.45
1, 3, and 4 2 0.09 0.04 11.42 0.45 0.03 0.04 11.76 0.46 0.03 0.05 11.74 0.46
2, 3, and 4 1 0.05 0.46 9.34 0.44 0.01 0.47 8.75 0.41 0.01 0.49 8.66 0.40
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