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ARTICLE INFO ABSTRACT

Keywords: Summary: The spectral sensing of nitrogen (N)-related traits and the grain yield of maize (Zea mays L.) is widely
Agronomical error limits used in agricultural practice because it is rapid, non-destructive, and cost-efficient. However, there exists a lack
Drone

of agronomically supported spectral detection limits. The agronomic aspects have not yet been fully considered
based on commonly used statistical measures such as the coefficient of determination (R?), the root-mean-square
error (RMSE), and the mean absolute error (MAE) and should therefore be extended. In the present study, we
evaluated regression models of spectral indices derived from an unmanned aerial vehicle (UAV) by capturing N-
related traits such as above-ground and grain N uptake, the nitrogen nutrition index (NNI), and grain yield
covering data sets of two years, sites, and four developmental stages of maize. The results suggest that an
agronomic evaluation exclusively adopting widely used statistical measures is not fully adequate. The R? is
essentially influenced by differentiation of the trait, which in turn depends on year effects and growth stages.
Further statistics such as RMSE and MAE average the error and lead to an under- and overestimation for most
observations. In this investigation, we defined an appropriate agronomical error interval for above-ground and
grain N uptake, NNI, and grain yield of + 40 and + 25 kg N ha™%, + 0.2, and + 1.4 t ha™!, with a probability of
at least 80%. These interval limits are consistent across years and growth stages. The consistency occurs because
most spectral indices are dominated by biomass. Across all of them, the best-performing spectral indices combine
GREEN, REDEDGE, and NIR bands. For spectral indices using the RED band, the range of the agronomic error
interval performed equally with a slightly worse probability of data points inside the error limits. Agronomically
based error limits should be included in addition to common statistical measures in the spectral assessment of N-
related traits of maize and grain yield to optimize the ex-ante and/or ex-post analysis of N-fertilization.

Nitrogen fertilization
Precision agriculture
Remote sensing

1. Introduction

Maize (Zea mays L.) is one of the world’s key cereal crops, along with
rice and wheat. Maize is used in various food, feed, and industrial
products (Awika, 2011; Ranum et al., 2014). In 2020, one-third of farms
worldwide cultivated maize, and it is estimated that the number of
maize-growing farms will increase by 5% in 2030, by which time maize
will have overtaken wheat in terms of growing area (Erenstein et al.,
2021).

Since maize production is often limited by N, additional N-fertiliza-
tion will have to be applied in most cases (Ladha et al., 2005). N has a
major role in influencing the yield and quality of crops (Mason and
D’ Croz-Mason, 2002; Robertson and Vitousek, 2009; Chen et al., 2015),
but maize is able to use only a small amount of the applied N (Raun and
Johnson, 1999; Ladha et al., 2005; Barbieri et al., 2008). Some of the N
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applied is released into the air, water, and land, causing environmental
and human health problems (Galloway et al., 2008). Minimizing N
losses by optimizing N-fertilization is, therefore, necessary.

Especially in arable maize cropping systems, many tools are avail-
able for improving nitrogen use efficiency (NUE) and avoiding N losses,
e.g., the adaption of source, method, rate, and timing of N-application,
remediation of soil acidity, controlled release of N through urease- and
nitrification inhibitors, tillage system, use of animal and green manure,
water management, crop rotation, crop residue management, cover
crops, and the use of N efficient species and genotypes, as well as the
control of biotic pests (Fageria and Baligar, 2005).

N-fertilizer requirement determinations are based on expected grain
yields, which can vary widely between years (Berenguer et al., 2009). In
Europe, the mineral N-fertilization is often carried out through band
application at the planting time. An additional broadcast application is
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frequently made during the early leaf development (up to the
seven-leave stage) due to the low clearance of tractors and possible
etching damage to maize plants. Organic N-fertilizers are also applied
either before sowing or early in the maize growing season. However, at
these developmental stages, the total N requirement of maize cannot yet
be estimated. One commonly used method of better estimating the N
needs early in the season is the determination of the soil residual ni-
trogen (nitrate-N + ammonium-N, “Nmin”) already present in the soil
(Heinemann and Schmidhalter, 2021). However, maize exhibits a
considerable N uptake only in the later stages of development, and
differentiation of the N uptake due to treatment effects (e.g., different
N-fertilization) often occurs only later in the growing season (Ciampitti
and Vyn, 2011). Additionally, using organic fertilizers is very effective in
maize (Dordas et al., 2008). In this context, interest also exists in map-
ping the availability of N in long-term organically fertilized fields.
Therefore, recording the above-ground N uptake, grain N uptake, the
nitrogen nutrition index (NNI), and maize grain yield during vegetation
is also important when evaluating the preceding N-fertilizer actions. The
NNI expresses the relationship between the N content and the
above-ground dry matter. NNI values > 1 indicate a current N content
that does not impede biomass growth, whereas values < 1 indicate a
limitation of biomass production due to a currently insufficient N con-
tent (Plénet and Lemaire, 1999).

One common major method used to detect the N-status is the optical,
non-destructive measurement of the plant canopy reflectance signature
(Schmidhalter et al., 2001; Mistele and Schmidhalter, 2008; Winter-
halter et al., 2011; Ali et al., 2017). The main measurement range of the
sensors is between the wavelengths of 400 and 1000 nm. In this spectral
range, the vegetation shows a typical reflection signature which is
controlled in the visible wavelength range (400-700 nm) by the ab-
sorption of pigments (mainly chlorophyll a at 430/660 nm and chloro-
phyll b at 450/640 nm, as well as other pigments such as carotenoids and
xanthophylls at 450 nm) and in the near-infrared (700-1100 nm) by
reflection processes in the foliar layers (Lilienthal, 2014). Since
N-fertilization affects the plant’s aforementioned physiological param-
eters, N-related traits such as the above-ground and grain N uptake,
grain yield, and NNI of maize lend themselves well to spectral recording
(Walburg et al., 1982; Mistele and Schmidhalter, 2008; Xia et al., 2016).

Many spectral indices are available for detecting N-related traits in
maize, with each differing in both the spectral range (visible, red edge,
near-infrared) and wavelengths used (normalized difference, simple
ratio). Many studies have observed good maize performance in the
spectral detection of N uptake (Mistele and Schmidhalter, 2008; Li et al.,
2014; Li et al., 2020), grain N uptake (Becker et al., 2020), NNI (Zhao
etal., 2018), and grain yield (Osborne et al., 2002; Maresma et al., 2016;
Garcia-Martinez et al., 2020).

Ground-based systems such as handheld sensors (Teal et al., 2006;
Thompson et al., 2015), sensors mounted on carrier vehicles (Mistele
and Schmidhalter, 2008; Winterhalter et al., 2013), and, more recently,
airborne systems such as unmanned aerial vehicles (UAV) (Zaman-Allah
etal., 2015, Gnadinger and Schmidhalter, 2017; de Souza et al., 2021) or
satellites (Kayad et al., 2019; Skakun et al., 2021) have been able to be
used for spectral measurements. The advantages of UAVs over
ground-based systems include the ability to measure without disrupting
the surface, capturing spatial information simultaneously, and gener-
ating high-resolution images (Aasen and Bolten, 2018). Compared to
satellite imagery, the UAV has the advantage of smaller ground sample
distances (Hunt and Daughtry, 2018).

Regression models are frequently calculated between spectral
indices (independent variables) and agronomic traits (dependent vari-
ables). In a further step, the regression function will be used to estimate
the dependent variable. The quality of the estimation is often assessed by
statistics such as the coefficient of determination (R?), the root-mean-
square error (RMSE), and the mean absolute error (MAE). The regres-
sion model is assumed to estimate the dependent parameters well when
high R? and low RMSE and MAE values occur (Lee et al., 2020; Zhang
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et al., 2020). However, especially in agronomic applications such as
in-season management decisions (ex-ante analysis, e.g., N-fertilization)
as well as the ex-post analysis of actions already implemented (which
also provide useful information), the error limits of the model should be
taken into account from an agronomical point of view. For example,
agronomic aspects may include the site-specific N-fertilization level and
the acceptable error of the actual maize trait analyzed. The user-defined
error limits can then be evaluated based on the proportion of data points
inside or outside the interval, thus providing information on the model’s
applicability to agricultural applications.

Therefore, this study (i) spectrally assesses N-related traits (above-
ground and grain N uptake, NNI), as well as the grain yield of maize at
the canopy level, (ii) determines the sensitivity of spectral indices in
detecting N-related traits of maize while taking into account the
developmental stage, (iii) compares different statistical measures of
goodness indicating the performance of regression models assessing the
spectral detection of N-related traits, (iv) and evaluates and expands the
statistical measures from an agronomical point of view to match agri-
cultural needs.

2. Materials and methods
2.1. Field trials

In 2018 and 2019, field experiments were conducted at the Diirnast
research station of the Technical University of Munich in Germany
(48°23'60"” N, 11°41'60" E). The soil of the directly adjacent experi-
mental fields consists of a mostly homogeneous Cambisol with a silty-
clay loam texture. The average annual temperature is 8 °C, and the
average precipitation is approximately 800 mm.

Maize (Zea mays L., variety Amagrano) was sown on 25.04.2018 with
11 and 17.04.2019 with nine kernels per square meter. In both years, the
preceding crops had been winter wheat. The fields were managed
conventionally, and plant protection activities were in line with local
standards. Potassium and phosphorus were supplied through fertiliza-
tion as part of the crop rotation. The nitrate-N content of the 0 —60 cm
soil layer was measured at the vegetation beginning and amounted to 43
and 49 kg ha~!in 2018 and 2019, respectively. The experimental fields
did not receive organic fertilization in the experimental year or in pre-
vious years.

The experiments were set up in 2018 as a completely randomized
design with six repetitions and in 2019 as a double-created Latin square
design with each of four repetitions. The experimental designs were
chosen in 2018 due to the region-specific rather small field size and in
2019 due to possible topographical influence and the prevention of ef-
fects through previous experiments. The plot length was 20 m and 15 m
in 2018 and 2019, respectively, and the width was 12 m. These large
plot sizes avoid edge effects and can be managed with conventional
agricultural technics. Both test designs met the requirements for the
subsequent data analysis.

In both years, N-fertilizer was applied once at the rates of 0, 80, 120,
and 160 kg N ha~! during the leaf development stage (BBCH 13-19; the
BBCH score indicates the developmental stage and is the abbreviation
for Biologische Bundesanstalt fiir Land- und Forstwirtschaft, Bundessorte-
namt und CHemische Industrie, Meier, 2018). The N-fertilizer forms were
ammonium sulfate urea (39% N) and ammonium sulfate nitrate (26% N)
in 2018 and 2019, respectively. They were applied using a pneumatic
spreader (Rauch® AERO, Germany) in 2018 and, in 2019, precisely
dosed and distributed with a box spreader (Fiona® G-85, Denmark). The
range of the fertilized N levels, 80—160 kg N ha™?, reflects the relevant
range of N-fertilization in agricultural practice for the yield expectations
typical of this site (Lfl, 2018). A further treatment without N-fertilization
(OkgN ha~1) was used to obtain additional information on the site and
the year-specific N supply due to soil N mineralization.
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2.2. Spectral measurements

Spectral aerial-based measurements (UAV) were conducted under
cloud-free conditions and directly after destructive data collection,
except for the measurement date at BBCH 86 in 2019, when spectral
sensing was made seven days before the destructive sampling. Aerial-
based multispectral sensing was performed using an eBee and eBee
RTK fixed-wing aircraft (SenseFly®, Lausanne, Switzerland). These
UAVs were equipped with the same multispectral camera (Sequoia™®
camera, Parrot, Paris, France), which recorded four spectral bands of the
electromagnetic spectrum: GREEN (550 nm, ~40 nm bandwidth), RED
(660 nm, ~40 nm bandwidth), REDEDGE (735 nm, ~10 nm band-
width), and NIR (790 nm, ~40 nm bandwidth). A white balance card
was used to calibrate the reflectance. The flights were carried out in
2018 at an altitude of 80 m, resulting in ground resolutions of about 8
cm/pixel. Due to the presence of adjacent trees, this was the minimum
possible flight altitude. In 2019, aerial surveys could be conducted at
55-60 m above the ground surface, resulting in a 5 cm/pixel ground
resolution. The individual images were merged using Pix4D software
(Pix4D S.A., Prilly, Switzerland). Further details on the UAV equipment
can be found in Hu et al. (2020). A polygon for each plot was subse-
quently created for the complete image of each band using ArcGIS
(ESRI®, Germany, Version 10.5.0.6491). Peripheral areas and biomass
harvesting areas of each plot were excluded. The mean value per poly-
gon was then calculated for each band. At the first sampling date in 2019
(BBCH 36), three plots from the complete spectral image were removed
from further analysis due to artifacts.

From the reflectance data, commonly used indices were calculated
(Table 1), including wavelengths related to maize traits (Mistele and
Schmidhalter, 2008; Zhao et al., 2018; Garcia-Martinez et al., 2020;
Ramos et al., 2020).

2.3. Destructive data collection, laboratory analyses, soil sampling, and
further calculations

For the determination of the above-ground N uptake of maize, plant
samples were taken in the core of each plot at indicative developmental
stages at BBCH 51 and 61 in 2018 and BBCH 36 and 86 in 2019. Totally
16 plants were manually harvested from two adjacent rows. Subse-
quently, the fresh plant samples were separated into leaves, stems, and —
in 2019 at BBCH 86 — additionally into cobs and then chopped. For grain
yield determination, two interior rows 20 and 15 m in length of each
plot were threshed in 2018 and 2019, respectively (Deutz-Fahr®, Ger-
many). A subsample of each sample was oven-dried at 60 °C until no
further water loss occurred, then weighed to determine the above-
ground dry weight (DW). The dried plant samples were then milled
and sieved to 0.5 mm (Brabender®, Duisburg, Germany) for subsequent
analysis in the laboratory to determine the N content (%). This was done
by mass spectrometry using an isotope radio mass spectrometer with an
ANCA SL 20-20 preparation unit (Europe Scientific, Crewe, UK).

The above-ground total plant N uptake (kg N ha—1) was calculated as
DW x N content for stems, leaves, and, if available, cobs, then summed
up and expressed per hectare. For grain yield calculation, the harvested
area was determined, and the sample weight was converted to yield per

Table 1
List of indices recorded with a UAV. The original bands were approximated
depending on the technique used.

Index Equation Reference
NDVI R790 — R660 Rouse et al. (1974)
R790 + R660

NIR/GREEN R780/R550 Mistele and Schmidhalter (2008)
NIR/RED R780/R670 Gitelson et al. (2003)
NIR/REDEDGE R780/R735 de Souza et al. (2021)
NDRE R790 — R720 Barnes et al. (2000)

R790 + R720
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hectare with 14% moisture. To characterize the N supply of maize at
each measurement date, the NNI was calculated according to Lemaire
and Gastal (1997) and is expressed as:

Nact

NNI= —
Nc

@
where N, (%) is the actual measured N content, and N. (%) is the
critical N content of the shoot dry matter. For N, Plénet and Lemaire
(1999) developed the following estimation equation:

N¢ = 3.40 (shoot dry weight [t ha_l]_0'37),

which was based on investigations of maize when the shoot dry
weight was in the range of 1.0-22.0 t ha™!, and growth stages ranged
from emergence till silking + 25 days. NNI values > 1 indicate no lim-
itation of biomass production since there was sufficient N content,
whereas NNI values < 1 indicate a limitation of biomass limitation due
to insufficient N content. The NNI was not calculated for BBCH 86 in
2019 due to the function restriction at this growth stage.

In each plot, soil samples for nitrate-N analysis were taken at the
beginning of vegetation (VB) before N-fertilization and after the harvest
using a tractor-mounted soil sampling device down to a 60 cm soil depth
in 30 cm increments. Chemical analysis was performed using high-
performance liquid chromatography (HPLC). A dry bulk density of
1.5 g cm® was assumed for the calculation of the soil nitrate-N content
(Heinemann and Schmidhalter, 2021).

2.4. Statistical analysis

The data were analyzed using Microsoft® Excel® 2019 MSO
(16.0.14701.20240) and R (2021).

Based on the Akaike Information Criterion (AIC) (Webster and
McBratney, 1989), either linear or polynomial (second-order) re-
gressions were calculated between each of the dependent variables
(above-ground N uptake, grain N uptake, NNI, and grain yield) and the
indices, respectively. The coefficient of determination (R?) was calcu-
lated as a measure of goodness of fit. R? shows the portion of the
explained variance in the model concerning the total variance (Eq. 2):

explained deviation sum of squares

R =
total deviation sum of squares to be explained
> (i =9y
= = - (2)
2=y

where ¥ is the arithmetic mean of all observed y; and ¥; is the estimator

4 §=b1+b2x

S A

<
<

RO I

x,

Fig. 1. Diagram showing the decomposition of the deviation sum of squares: x
and y represent the independent and dependent variables with P as an example
of one single measured value; ¥ is the arithmetic mean of all observed y;, and ¥;
is the estimator (regression function) of each observed y; (according to Bley-
miiller et al., 2008).
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(regression function) of each observed y;. Fig. 1 illustrates these re-
lationships graphically.

As a further measure of the predictive quality of the regression, the
confidence interval (95% level) for the estimated value (regression
estimator) and the prediction interval (95% level) for the observed value
is commonly used in statistics. A detailed description can be found in
Bleymiiller et al. (2008) and Kohler et al. (2012).

To obtain a more specific evaluation of the error of the entire model,
the root mean square error (RMSE) was calculated as follows:

RMSE [kgNha™'] = 3

where ¥, are the predicted and y; the measured values for the N uptake
and n the number of samples. The advantage of RMSE is that it uses the
same data unit as the variable to be explained. To enable better
comparability of RMSE with other data sets, the RMSE values were
standardized as a percentage and calculated as follows (modified ac-
cording to Loague and Green, 1991):

RMSE [%] = x (4)

where P; and O; are the predicted and observed values and n the number
of samples. O represents the mean of the observed data. The RMSE
values were then classified and evaluated according to Westermeier and
Maidl (2019). RMSE values < 10% were considered excellent, 10-20%
good, and > 30% sufficient.

Another generally accepted error in the entire model is the mean
absolute error (MAE), which was calculated as follows:

|Pi—0;: |
=1

MAE [kgNha'] = ! (5)

n
where P; and O; are the predicted and observed values, and n is the
number of samples. For a detailed description of RMSE and MAE, the
reader is referred to Willmott (1984).

In addition to the commonly accepted statistical error measures for
regressions, confidence intervals were calculated that tolerate an
acceptable model error from an agronomic point of view. The magnitude
of the error depends mainly on the trait of maize and the growth stage.
This error is calculated using:

agronomic error [unit of the trait of maize] = §; =+ error of y; (6)

where y; is the estimator of the regression function and yj is the agro-
nomic error. To evaluate the size of the error, sensitivity analyses were
performed for the best performing index (based on the conventionally
used statistics) at each trait*date combination. As a measure of good-
ness, the proportion of data points that fell outside the interval was
chosen, and we imply that a reasonable value is maximally 20%. Based
on this, we assumed =+ 40kgha! for above-ground N uptake,
+ 25 kg ha™! for grain N uptake, + 0.2 units for NNI, and = 1.4 t ha™*
for grain yield.

3. Results
3.1. Weather conditions, plant development, and treatment effects

The weather in 2018 and 2019, as detected from a weather station
located nearby (Climate Data Center (CDC), 2020), showed some sig-
nificant deviations during some months from the long-term average
(mean 1981-2010), which influenced the maize growth (Fig. 2). In both
experimental years, the temperature was above the long-term average,
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Fig. 2. Monthly weather conditions (April to October) at the experiment site in
2018 and 2019 compared to the long-term average (1981-2010). The tem-
perature (Temp.) is shown as lines and precipitation (Prec.) as bars
(CDC, 2020).

except for below-average temperatures during May 2019. Averaged
across all months, 2018 deviated further from the long-term average. In
2018, less precipitation was observed during April and July and the
entire period from August to October, with more precipitation in May
and June. In 2019, much less precipitation was observed in April, July,
August, and September and more in May, June, and August compared to
the long-term average. Averaged across all months, a precipitation
deficit was observed in both years compared to the long-term average
(550 mm). In contrast, the total precipitation for 2018 (480 mm) and
2019 (498 mm) hardly differed from the observation period.

The soil nitrate-N contents are presented in Table 2. No significant
differences across the N levels were observed at the beginning of vege-
tation in both years and during 2018 after harvest. In contrast,
increasing N-fertilization resulted in significant differences in 2019.

Across all measurement dates, the total above-ground N uptake,
grain N uptake, NNI, and grain yield showed ranges of 307 kg N ha™?,
107 kg N ha™!, 0.97, and 7.0 t ha™! with minimum values of 67 kg N
ha™!, 90 kg N ha™!, 0.53, and 8.7t ha~! and maximum values of
375kg N ha™!, 197 kg N ha™!, 1.50, and 15.7 t ha™}, all respectively
(Figs. 3 and 4).

The grain yield differed significantly between the unfertilized and
fertilized treatments only in 2019 (Fig. 3a). Significant differences in
grain N uptake were observed during both years among the N levels. The
increase in grain N uptake decreased with increasing N-fertilization
(Fig. 3b).

The above-ground N uptake (Fig. 4a) and NNI (Fig. 4b) differentiated
hardly across the N levels in 2018 at BBCH 51. Significant differences
between the unfertilized variant and the fertilized variants were only

Table 2

Nitrate-N mean measured in 0-60 cm soil depth at the beginning of vegetation
(VB) and after harvest in 2018 and 2019 indicated for the different N-fertiliza-
tion levels. The standard deviation is shown in brackets. Different letters indi-
cate significant differences between the N levels within each sampling date*year
combination (Tukey test, p-value = 0.05).

Date N-Fertilization Year
-1

fkg Nha ] 2018 2019

VB 0 39.2(4.83) a 52.6 (6.98) a
80 41.9 (12.26) a 46.1 (6.95) a
120 41.2 (14.38) a 48.5 (6.07) a
160 54.8 (28.47) a 48.1 (5.37) a

Post-harvest 0 15.4 (5.48) b 3.8(4.64) a
80 31.7 (13.97) b 4.5(3.47) a
120 53.8 (38.51) ab 7.5(9.08) a
160 75.9 (26.60) a 3.7(1.74) a
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Fig. 3. Comparison of the traits (a) grain yield (t ha~!, 14% water content) and (b) grain N uptake (kg N ha™') of maize across 2018 and 2019. Different letters
indicate significant differences between the N levels within each trait*year combination (Tukey test, p-value = 0.05). The standard deviation is shown as bars.
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Fig. 4. Differentiation of the traits (a) above-ground N uptake (kg N ha™!) and
(b) NNI values of maize on the respective sampling dates (BBCH-codes) indi-
cated separately for the years 2018 and 2019. Different letters indicate signif-
icant differences between the N levels within each sampling date*year
combination (Tukey test, p-value = 0.05). The standard deviation is shown
as bars.

observed at BBCH 61. On both measurement dates, the maximum N
uptake and NNI were already achieved with an N-fertilization of 80 kg N
ha~!. In 2019, a significant differentiation in N uptake and NNI across
the N levels were evident at BBCH 36 and 86. Higher N-fertilization
increased both N uptake and NNI.

3.2. Comparison of spectral reflectance and indices

Reflectance signatures at each measurement date*year combination
for the corresponding N levels differed hardly in 2018, whereas the
GREEN, REDEDGE, and NIR bands deviated most at both measurement
dates in 2019. In addition, the strongest deviation was observed for the
REDEDGE band at BBCH 86 (data not shown).

Spectral indices were calculated based on the reflectance data and
used as independent variables to estimate maize traits using regression
models (Tables 3-6). In general, linear regressions were mainly ob-
tained, whereas the indices, including REDEDGE and NIR bands,
frequently delivered polynomial regression functions. Across all, the
best performing indices were the NDRE, NIR/REDEDGE, and NIR/
GREEN, followed by the NDVI and NIR/RED indices. Although some
indices differed more in R? values on the given measurement dates,
other statistical measures showed smaller differences as being rather
negligible from an agronomic point of view.

3.3. Defining agronomically relevant error limits

The proportion of data points (%) outside the interval considered
agronomically relevant was calculated based on the best performing
index using conventional statistics at each date*trait combination
(Fig. 5).

Given a reasonable error of 20% of data points outside the agro-
nomically relevant interval, the reasonable limits adopted for the spec-
tral assessment of above-ground and grain N uptake, the NNI, and grain
yield were + 40kg N ha™!, £ 25kgN ha™!, £ 0.2, and + 1.4t ha™?
across all measurement dates.

3.4. Evaluation of the spectral assessment of the above-ground and grain
N uptake, NNI, and grain yield through regression analysis

The regression models between the UAV-derived spectral indices and
the traits of above-ground N uptake (Table 3), grain N uptake (Table 4),
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Table 3
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Comparison of statistical measures of goodness depicting the spectral assessment of maize above-ground N uptake [kg N ha~'] in different years and development

stages (** £ p < 0.01, and *

* £ p < 0.001). ; is the estimator of the polynomial (poly) and linear (lin) regression function at the point x;.

Year BBCH Index Type of R? RMSE [kg N RMSE MAE [kg N Proportion of data points (%) outside of the agronomically
Regression uptake ha™ '] [%] uptake ha 1] relevant interval [¥; + 40 kg N uptake ha 1]
2018 51 NDVI lin 15.0 16.0 10.5 4.2
2018 51 NDRE lin 14.7 15.6 10.2 4.2
2018 51 NIR/GREEN lin 0.07 * ** 147 15.7 10.0 4.2
2018 51 NIR/RED lin 0.04 * 14.9 15.9 10.4 4.2
2018 51 NIR/ lin 0.08 * 14.7 15.6 10.2 4.2
REDEDGE
2018 61 NDVI lin 29.7 16.6 23.3 25.0
2018 61 NDRE poly 27.8 15.6 23.8 12.5
2018 61 NIR/GREEN lin 30.0 16.8 23.7 29.2
2018 61 NIR/RED lin 0.03 * ** 29.7 16.6 23.4 25.0
2018 61 NIR/ poly 0.14 ***  27.8 15.6 23.9 12.5
REDEDGE
2019 36 NDVI lin 0.23 * ** 33.1 18.1 26.1 27.6
2019 36 NDRE lin <281 15.4 22.8 10.3
2019 36 NIR/GREEN lin 26.7 14.6 21.4 13.8
2019 36 NIR/RED lin 32.3 17.6 25.9 27.6
2019 36 NIR/ lin 28.2 15.4 22.8 13.8
REDEDGE
2019 86 NDVI lin 36.9 14.9 28.8 31.3
2019 86 NDRE lin 28.9 11.7 22.1 21.9
2019 86 NIR/GREEN lin 32.7 13.2 25.6 31.3
2019 86 NIR/RED lin 36.9 14.9 29.9 28.1
2019 86 NIR/ lin 0.73 * ** 28.8 11.7 22.2 21.9
REDEDGE
Table 4

Comparison of statistical measures of goodness depicting the spectral assessment of maize grain N uptake [kg N ha~'] in different years and development stages (*
p < 0.001). y; is the estimator of the polynomial (poly) and linear (lin) regression function at the point x;.

A

p < 0.05, ** £ p < 0.01, and ***

A

Year BBCH  Index Type of R? RMSE [kg grain N  RMSE MAE [kg grain N Proportion of data points (%) outside of the
Regression uptake ha'] [%] uptake ha™'] agronomically relevant interval [y; + 25 kg grain N
uptake ha ]

2018 51 NDVI lin 0.00 * **  17.8 15.1 15.2 20.8

2018 51 NDRE lin 0.03*** 175 14.9 14.3 16.7

2018 51 NIR/GREEN lin 0.00 * ** 17.8 15.1 15.0 16.7

2018 51 NIR/RED lin 0.00 * ** 17.8 15.1 15.2 20.8

2018 51 NIR/ lin 0.04 * 17.5 14.8 14.2 16.7
REDEDGE

2018 61 NDVI lin 0.04 * ** 17.4 14.8 13.7 20.8

2018 61 NDRE lin 0.20 * ** 159 13.5 12.4 8.3

2018 61 NIR/GREEN lin 0.25*** 154 13.1 11.2 8.3

2018 61 NIR/RED lin 0.05 * ** 17.4 14.8 13.7 20.8

2018 61 NIR/ lin 0.20 * ** 159 13.5 12.3 8.3
REDEDGE

2019 36 NDVI lin 0.22 * ** 21.2 14.3 17.2 20.7

2019 36 NDRE lin 0.45 * ** 17.8 12.1 13.9 17.2

2019 36 NIR/GREEN  lin 0.50 * **  16.9 11.4 13.2 10.3

2019 36 NIR/RED lin 0.25***  20.8 14.1 16.8 20.7

2019 36 NIR/ lin 0.44 * ** 18.0 12.1 14.0 17.2
REDEDGE

2019 86 NDVI poly 0.73 ***  13.2 9.1 10.5 6.3

2019 86 NDRE poly 12.5 8.6 10.4 31

2019 86 NIR/GREEN  poly 13.3 9.1 11.1 9.4

2019 86 NIR/RED lin 13.7 9.4 11.0 9.4

2019 86 NIR/ poly 12.6 8.7 10.5 31
REDEDGE

NNI (Table 5), and grain yield (Table 6) were evaluated using statistical
measures of goodness.

In both years, more linear than polynomial regressions were
observed across all traits and measurement dates. The R? values ranged
from 0.00 (not significant) to 0.75 (highly significant). Independent of
the trait, higher R? values were observed, particularly in 2019, which
were markedly increased at BBCH 86.

Across all measurement dates in both years, the RMSE and MAE
values for the above-ground N uptake ranged from 14.7 to 36.9 and from
10.0 to 29.9 kg N ha ™!, respectively. All standardized RMSE values were
rated as good, and the proportion of data points falling outside the

agronomic interval ranged from 4.2% to 31.3% and was markedly
higher in 2019. For grain N uptake, the RMSE and MAE values ranged
from 12.7 to 21.2 and 11.2-16.8 kg N ha"!. The standardized RMSE
values for both measurement dates in 2018 and at BBCH 36 in 2019
were rated as good, and at BBCH 86 in 2019 were rated as excellent.
Regarding grain N uptake, the proportion of data points falling outside
the agronomic interval ranged from 3.1% to 20.8% and was lower at
later growth stages during both years. The RMSE and MAE values for the
NNI ranged from 0.07 to 0.18 and from 0.06 to 0.15, and the stan-
dardized RMSE values were rated as good, except for the excellent rating
at BBCH 86 in 2019. The NNI, which had the lowest proportion of data
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Table 5

Comparison of statistical measures of goodness depicting the spectral assessment of the NNI of maize in different years and development stages (* £ p < 0.05, and *
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£ p < 0.001). y; is the estimator of the polynomial (poly) and linear (lin) regression function at the point x;.

Year BBCH Index Type of R? RMSE [NNI RMSE MAE [NNI Proportion of data points (%) outside of the agronomically
Regression units] [%] units] relevant interval [¥; + 0.2 NNI]
2018 51 NDVI lin 0.14 14.2 0.11 16.7
2018 51 NDRE poly 0.14 13.5 0.10 12.5
2018 51 NIR/GREEN poly 0.14 13.6 0.10 12.5
2018 51 NIR/RED lin 0.14 14.2 0.11 16.7
2018 51 NIR/ poly 0.14 13.5 0.10 12.5
REDEDGE
2018 61 NDVI lin 0.13 13.1 0.10 12.5
2018 61 NDRE lin 0.13 12.5 0.10 12.5
2018 61 NIR/GREEN lin 0.13 12.7 0.11 16.7
2018 61 NIR/RED lin 0.00 * ** 0.13 13.1 0.10 12.5
2018 61 NIR/ lin 0.09 ***  0.13 12.5 0.10 12.5
REDEDGE
2019 36 NDVI lin 0.12 * ** 0.18 15.9 0.15 31.0
2019 36 NDRE lin 0.39 ***  0.15 13.2 0.13 17.2
2019 36 NIR/GREEN lin 0.38 ***  0.15 13.4 0.12 17.2
2019 36 NIR/RED lin 0.15***  0.18 15.7 0.15 31.0
2019 36 NIR/ lin 0.39 * ** 0.15 13.3 0.13 17.2
REDEDGE
2019 86 NDVI lin 0.58 * **  0.09 11.1 0.07 3.2
2019 86 NDRE lin 0.74 * ** 0.07 8.8 0.06 0.0
2019 86 NIR/GREEN lin 0.68 * **  0.08 9.7 0.07 0.0
2019 86 NIR/RED lin 0.58 * **  0.10 11.2 0.08 3.2
2019 86 NIR/ lin 0.74 * ** 0.08 8.8 0.06 0.0
REDEDGE
Table 6

Comparison of statistical measures of goodness depicting the spectral assessment of maize yield [t ha~'] in different years and development stages (** £ p < 0.01, and
**% & p < 0.001). y; is the estimator of the polynomial (poly) and linear (lin) regression function at the point x;.

Year BBCH Index Type of Regression R? RMSE RMSE MAE Proportion of
[tha '] [%] [tha™'] data points (%) outside of the agronomically relevant interval
[i+1.4tha ']

2018 51 NDVI lin 0.00 * ** 1.1 10.4 1.0 16.7

2018 51 NDRE lin 0.03 * ** 1.1 10.2 0.9 16.7

2018 51 NIR/GREEN lin 0.00 * ** 1.1 10.4 1.0 16.7

2018 51 NIR/RED lin 0.00 * ** 1.1 10.4 1.0 16.7

2018 51 NIR/REDEDGE lin 0.03 * ** 1.1 10.2 0.9 16.7

2018 61 NDVI lin 0.05 * ** 1.1 10.1 0.9 16.7

2018 61 NDRE lin 0.11 * ** 1.1 9.8 0.8 16.7

2018 61 NIR/GREEN lin 0.10 * ** 1.1 9.8 0.8 16.7

2018 61 NIR/RED lin 0.05 * ** 1.1 10.1 0.9 12.5

2018 61 NIR/REDEDGE lin 0.11 * ** 1.1 9.8 0.8 16.7

2019 36 NDVI lin 1.2 8.8 0.9 17.2

2019 36 NDRE lin 0.48 * 1.0 7.6 0.8 17.2

2019 36 NIR/GREEN lin 0.51 * ** 1.0 7.4 0.8 17.2

2019 36 NIR/RED lin 0.32 * ** 1.2 8.7 0.9 17.2

2019 36 NIR/REDEDGE poly 0.51 * ** 1.0 7.4 0.8 24.1

2019 86 NDVI lin 0.64 * ** 0.9 6.7 0.7 9.4

2019 86 NDRE lin 1.0 7.1 0.8 9.4

2019 86 NIR/GREEN lin 0.9 6.8 0.7 12.5

2019 86 NIR/RED lin 0.63 * ** 0.9 6.8 0.7 9.4

2019 86 NIR/REDEDGE lin 0.59 * ** 1.0 7.2 0.8 9.4

points falling outside the agronomic interval compared to all traits,
ranged from 0.0% to 31.0% and was lower at BBCH 86, especially in
2019. Regarding grain yield, the RMSE and MAE values ranged from 0.9
to 1.2 and from 0.7 to 1.0 t ha™!, respectively. The standardized RMSE
values in BBCH 51 in 2018 were rated as good, in BBCH 61 in 2018 as
good to excellent, and at both measurement dates in 2019 as excellent.
The proportion of data points that fell outside the agronomic interval for
grain yield ranged from 9.4% to 24.1% and was slightly lower at later
growth stages, especially in 2019.

Regardless of the development stage and year, the RMSE values were
generally higher than the MAE values. However, within one date*year
combination, higher R? values were associated with lower RMSE and
MAE values and fewer data points outside the agronomic interval.

Generally, the influence of the developmental stage and year was

greater than the effect of the specific trait. In addition, the detectability
of the traits grain yield and grain N uptake increased at later develop-
mental stages during both years.

4. Discussion
4.1. Weather conditions, soil nitrate-N contents, and plant development

Although the average temperature was slightly above the long-term
average during both years, an additional examination of daily average
temperatures (data not shown) did not reveal any extreme values, e.g.,
above 30 °C, which might negatively influence maize growth (Stewart
et al., 1998). Moreover, no maize plant stress symptoms were observed
during both years. The prevailing temperatures seemed to favorably
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Fig. 5. Sensitivity analysis of agronomically considered appropriate intervals for N-related traits (a) above-ground N uptake [kg N ha~!1, (b) grain N uptake [kg N
ha’l], (c) NNI, and d) grain yield [t ha '] of maize. The best-performing index is indicated according to conventional statistics at each date*trait combination. The
dashed lines indicate the threshold value of 20% of data points outside the agronomically relevant interval. y; is the estimator of the polynomial (poly) and linear (lin)

regression function at the point x;.

support maize growth, resulting in high yields, given that the
site-specific yield expectations ranged from 9-12 t haL. In addition, the
lower precipitation level was considered to have had little effect on
growth during both years. The soil (Cambisol) at this site has a high
available field capacity (down to 100 cm soil depth of around 241 mm),
which is attained at the beginning of vegetation and buffers a possible
lack of precipitation (Heil et al., 2020). Other authors also reported a
strong influence of soil factors and year effects for maize growth (Di
Paolo and Rinaldi, 2008; Berenguer et al., 2009; Correndo et al., 2021).

The high N supply of the soil in 2018 and 2019 at this site, which
cannot be explained by long-term organic fertilization, was astonishing.
However, this observation was in line with other studies reporting an
indigenous N supply of 80-240 kg N ha™! for maize (Cassman et al.,
2002). Nevertheless, an effect of N-fertilization was evident from the
increased N uptake in the fertilized variants (Fig. 4). In agreement with
Mistele and Schmidhalter (2008), the N uptake can be considered
normal for this site in both years. Additionally, the authors observed a
surprisingly high soil N supply for maize at the same site during one
year, which could be attributed to residual soil N from the previous year,
which had been very dry. However, this observation can be excluded
from this study. Osterholz et al. (2017) observed that the daily gross
ammonification rate of the soil exceeds the daily N uptake of maize. It is
further suggested that maize can efficiently utilize this N source in
competition with soil microbes and thereby cover its N uptake. In this
study, the necessary organic matter would have been present at both

sites, although no organic fertilization was carried out. Quan et al.
(2021) evaluated field '®N tracer studies for maize in a meta-analysis
and emphasized the importance of soil organic C in increasing N use
efficiency. However, a high proportion of organic matter in the soil does
not necessarily mean sufficient N replenishment. In Europe, more than
40% of the N uptake of maize is derived from N-fertilizers, which again
emphasizes the importance of N-fertilization.

The nitrate-N content at the beginning of vegetation was significant
to be included in the further N-fertilizer requirement determinations in
both years. The post-harvest nitrate-N content varied greatly between
years and between N levels only during 2018. These results indicate the
great influence of both the year and the N-fertilization effects and are in
line with Fang et al. (2006), who observed a higher nitrate-N leaching
risk in maize than wheat. The potential for nitrate leaching is present
when nitrate accumulates in the soil profile or is followed by high
drainage periods. For maize, this can affect the periods of spring,
autumn, and winter (Di and Cameron, 2002).

4.2. Sensitivity of indices used to detect N-related traits in maize
spectrally

This study used a UAV equipped with a multispectral camera to re-
cord spectral images from the maize canopy at different developmental
stages. Subsequently, commonly used indices (normalized difference,
simple ratio) were calculated based on the spectral data to estimate



P. Heinemann and U. Schmidhalter

maize traits via regression analysis.

The findings suggest that indices using the GREEN, REDEDGE, and
NIR bands performed best. The band RED was less suitable. All traits
were able to be spectrally detected similarly. For grain yield, other
studies have observed the best performing indices across a wide range of
growth stages as those using band combinations of GREEN, RED, NIR,
and MIDINFRARED (Osborne et al., 2002; Maresma et al., 2016). For
above-ground and grain N uptake, indices using the REDEDGE and NIR
region have been shown to be more suitable (Mistele and Schmidhalter,
2008; Li et al., 2014; Becker et al., 2020; Li et al., 2020). The NNI was
best determined with indices using GREEN and REDEDGE bands (Zhao
et al., 2018). These results indicate the importance of the GREEN
spectral band, especially the REDEDGE and NIR bands, in recording the
N-related traits of maize. The insensitivity of indices using reflectance in
the red region due to low variation in chlorophyll absorption in a dense
canopy was in line with previous reports (Gitelson, 2004; Hatfield et al.,
2008; Nguy-Robertson et al., 2012).

It is well known that soil (Huete, 1988) and shadow (Zhang et al.,
2015) influence spectral indices. Especially concerning the spectral
imagery of maize and particularly during early growth stages, other
authors have reported the benefits of classifying pixels into the cate-
gories of plant, soil, and shadow (Thompson and Puntel, 2020). This
study evaluated supervised and unsupervised classification tools of the
ArcGIS program (ESRI®, Germany, Version 10.5.0.6491) but with
mixed results because many pixels were assigned to incorrect classes
(data not shown). Additionally, the SAVI (Huete, 1988) and OSAVI
index (Li et al., 2010) were calculated for all dates, but they showed no
improvement in sensitivity (data not shown). We assume that, especially
during the early growth stages, the error due to soil and shadowing is
negligible because very low differences in above-ground biomass were
observed across N levels (data not shown). Spectral measurements
during midday should reduce possible shadow effects.

4.3. Assessment of regression models evaluating the relationships between
spectral measurements and N-related traits (above-ground and grain N
uptake, and NNI) as well as grain yield and the adoption of additional
agronomic aspects

Regression analysis is commonly used to model the spectral detect-
ability of maize traits, and the models are then often evaluated based on
the R? values (Mistele and Schmidhalter, 2008; Winterhalter et al.,
2011; Maresma et al., 2016; Corti et al., 2019). Furthermore, this study
used self-defined agronomic intervals to evaluate the models in addition
to well-known statistics such as RMSE and MAE values.

The expression of the R* depends mostly on the treatment effect (e.g.,
N-fertilization). Especially for N, the treatment effect depends on the
year (weather), location (e.g., soil), and mainly on the crop’s growth
stage at the respective measurement date. Across two years and sites and
for four different developmental stages of maize, this study observed
only slight treatment effects through different N applications, which
increased during the course of vegetation. The differentiation of the
respective trait through the treatment effect influences the R This is
probably because the proportion of the explained deviation sum of
squares increases more than the total deviation sum of squares to be
explained. Corti et al. (2019) also observed higher R? values in later
growth stages. However, high R? values alone do not generally imply
that the trait can be captured well from an agronomical point of view.
One additional measure of model performance is the use of RMSE and
MAE values, with the advantage being that the given model error has the
same unit as the target trait. The MAE averages the absolute deviations,
whereas the RMSE averages the squared deviations. By squaring the
errors, measured values further away from the regression equation are
weighted more heavily, resulting in the RMSE values being larger than
the MAE values. This is also evident in the study by Kayad et al. (2019).
However, both of them average the model error, leading to under- and
overestimating the measured values. In general, high R? values tended
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to lower RMSE and standardized RMSE values (Nguy-Robertson et al.,
2012; Xia et al., 2016; Lee et al., 2020; Li et al., 2020; Skakun et al.,
2021). Therefore, we attempted in this study to define error limits from
an agronomical perspective. Agronomical intervals have the advantage
of the model error being self-defined because the interval limits may
vary depending on the trait, site conditions (e.g., yield or N-fertilization
levels), year, and also from the interest of application (ex-ante and/or
ex-post analysis). For example, Thomason et al. (2007) defined the range
between the five to nine and Morris et al. (2018) the six to twelve leaf
developmental stage for maize as a window for in-season management
decisions (ex-ante) for N-fertilization. In addition to the ex-ante
approach, ex-post evaluations (e.g., grain yield differentiation through
different N-fertilization levels) can also provide useful information. The
range of the agronomic interval can therefore be adjusted according to
these approaches, and the evaluation of the model performance can be
evaluated based on the level of probability that the measured values are
within or outside the interval. In both cases, the agronomic interval
supports the evaluation of the applicability of the spectral detection of
maize traits.

We assume that the defined agronomical error limits for the N-
related traits and grain yield of maize were representative of similar
high-yielding sites. For low-yielding conditions, the error limits of the
grain yield, in particular, could be smaller because they depend in part
on the total expression of the trait itself. This aspect needs further
evaluation because it cannot be extrapolated from these data. Further-
more, the error limits are valid for indices using the GREEN, REDEDGE,
and NIR bands. Indices combining other bands provided slightly worse
results. Additionally, the error limits were relatively stable concerning
year and growth stages. This was advantageous, because the regression
equations produced in different experiments are location-specific (Corti
etal., 2018). Although the year effects on maize growth are well-known,
and the development of biomass is of great importance in the spectral
sensing of maize traits (Mistele and Schmidhalter, 2008), we observed
only small differences in above-ground biomass across the N levels
within one measurement date (data not shown). Differences in maize
biomass are further affected by seeding density (Mistele and Schmid-
halter, 2008). Therefore, we assume that small variations in biomass
support the stability of the agronomic error limits.

5. Conclusion

The spectral detection of N-related traits of maize plants can provide
useful information for making N-fertilizer management decisions and
helping prevent N losses. This study suggests that commonly used sta-
tistics such as R%, RMSE, and MAE are not fully adequate for judging the
quality of spectral detection for above-ground and grain N uptake, NNI,
and grain yield of maize. This is because the R? values are influenced by
the trait’s differentiation, which is affected by year effects, the growth
stage, and the variation in N-fertilization. RMSE and MAE values only
average the error and lead, therefore mostly to an under- and over-
estimation of the measured values. Thus, the extension of these statistics
with agronomical evaluations should be considered. Intrinsic confidence
intervals, defined as error limits based on agronomical considerations,
improve regression models’ validity and applicability for ex-ante man-
agement decisions and/or ex-post management analysis. Therefore, we
defined agronomic error limits for above-ground and grain N uptake,
NNI, and grain yield of + 40 and + 25 kg N ha™!, £ 0.2, and = 1.4t
ha™?, respectively. These error limits were valid across years, growth
stages, and spectral indices combining the GREEN, REDEDGE, and NIR
bands. The agronomically-based detection limits support the evaluation
of N-related traits and grain yield of maize.
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