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Remote sensing allows the assessment of biomass and grain yield of cereals. An enhanced potential to detect
specific traits is offered by proximal hyperspectral sensing, in contrast the potential of satellite remote sensing
might still be leveraged up seen the degree of spatial and temporal resolution. Consequently, hyperspectral
satellite data are still not readily available for most agricultural applications and ground truth validation done at
high frequency throughout the season remains scarce. Here, we simulate multispectral satellite data through
resampling ground based hyperspectral reflection (400–1000 nm). Spectral data were collected at 3 nm resolution at high temporal frequency during 5–14 growth stages over three winter wheat growing seasons for
investigating the influence of year and seasonality. The field experiment comprised 24 different genotypes,
which varied in morphology and phenology, grown at varying nitrogen application and additionally by varying
the sowing time and fungicide intensity during the third season. Ground based reflectance data were resampled
to fit the spectral resolution of the satellite sensors Landsat-8, Quickbird, RapidEye, WorldView-2 and Sentinel-2.
The resulting spectral bands were used for calculating all possible normalized difference vegetation indices,
which were correlated to grain yield, grain N uptake and grain N concentration. The index performance depended substantially on the growth stages and years. For grain yield, maximum linear relationships (R2) obtained from hyperspectral sensing over the season ranged from 0.65 in 2017 to 0.88 in 2015 compared to 0.40 to
0.79 for the best simulated multispectral sensor, Sentinel-2. In most cases, indices performed better for grain N
uptake and less well for grain N concentration. Typically, correlations peaked at early to medium grain filling but
decreased around ear emergence. Index performance from multispectral compared to hyperspectral data decreased over time during grain filling. The sensor ranking remained consistent with Sentinel-2 followed by
Worldview-2 and RapidEye clearly outperforming the other sensors. Advantages are attributed to the red edge
band for N-related traits and the better coverage of the NIR range between 800 and 1000 nm by the Sentinel-2.
The results can possibly be extrapolated to the application of UAV and satellite sensing by elucidating optimized
measurement stages and enhancing spectral properties of sensors.

1. Introduction
Remote sensing methods are increasingly used for crop monitoring
in precision farming (Atzberger, 2013). Besides the optimization of
fertilizer and pesticide application (Berntsen et al., 2006; Geesing et al.,
2014; Mulla, 2013; Schmidhalter et al., 2008) new scopes have come up
for in-season field-phenotyping, involving the early assessment of traits
like final yield potential and nitrogen (N) uptake (Becker and
Schmidhalter, 2017; Fiorani and Schurr, 2013). Due to often only
marginal differences between genotypes, even higher precision may be
required for these purposes (Tardieu et al., 2017). Ground-based
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proximal hyperspectral sensing is useful for deriving grain yield (Babar
et al., 2006a; Barmeier et al., 2017; Prasad et al., 2007a), N and water
status (Becker and Schmidhalter, 2017; Kusnierek and Korsaeth, 2015),
N uptake (Guo et al., 2017; Mistele and Schmidhalter, 2010), chlorophyll content (Inoue et al., 2016; Jay et al., 2017) and further traits of
nitrogen use efficiency (Erdle et al., 2013a; Frels et al., 2018).
New satellites like the Sentinel constellation and the development of
drones are promising for extending methods established from proximal
sensing on larger scales (Addabbo et al., 2016; Frampton et al., 2013;
Lelong et al., 2008; Segl et al., 2012; Shoko and Mutanga, 2017; Tattaris
et al., 2016). Thus, satellite data were found useful for agronomic traits
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for the fraction of absorbed radiation, leaf area index (LAI), leaf nitrogen concentration (Dahms et al., 2016; Moharana and Dutta, 2016),
biomass (Kross et al., 2015; Marshall and Thenkabail, 2015) and final
grain nitrogen uptake (Magney et al., 2017).
Generally, sensors need to be optimized by the number, position and
resolution of spectral bands (Lee et al., 2004; Segl et al., 2012). The use
of hyperspectral sensors holds the highest potential for detecting target
traits due to the higher number of wavebands and their stronger specificity in particular absorption features (Lee et al., 2004; Mariotto
et al., 2013; Marshall and Thenkabail, 2015). However, trade-offs exist
concerning the technical implementation and sensor costs so that
multispectral sensors may be favored for practical applications
(Furbank and Tester, 2011; White et al., 2012). Hyperspectral measurements can act as benchmark for the potential contained in spectral
measurements, which should be transferred to multispectral sensors
with minimum information loss. Therefore, multispectral data were
simulated through resampling hyperspectral data. Reducing the spectral resolution of ground-based data to the Sentinel multispectral resolution only mildly increased the prediction error for LAI and biomass
for various crops. However, further loss of band numbers and resolution
reduced model performance by up to 54% (Gerighausen et al., 2015).
Similar results were found for the estimation of biomass and N status in
rice (Huang et al., 2017), which was attributed to the red edge band.
Further studies confirmed the importance of the red edge, especially for
detecting the N status via simulation (Clevers and Gitelson, 2013;
Delegido et al., 2011; Frampton et al., 2013; Li et al., 2012; Mutanga
et al., 2015) or from actual satellite data (Dahms et al., 2016; Lee et al.,
2004; Magney et al., 2017; Marshall and Thenkabail, 2015; Mutanga
et al., 2015). Also for LAI retrieval, multispectral data were found
sufficient if the red edge region was included (Herrmann et al., 2011).
Still, also sensors without a red edge band were useful for N detection,
mostly under differing N fertilization (Reyniers and Vrindts, 2006; Shou
et al., 2007). Through the frequently close relationship of biomass and
N uptake, also Landsat-based NDVI can be used for optimizing N fertilization (Diacono et al., 2013). Testing the correlations of vegetation
indices of all possible pairwise combinations in a contour map analysis,
maximum R2 only slightly dropped between hyperspectral and simulated Landsat data for LAI and nitrogen density, but stronger for N
content (Hansen and Schjoerring, 2003). This indicates that the estimation of certain traits relies on specific narrow bands.
Besides the spectral optimization, knowledge about the influence of
the seasonality of measurement is essential. Model performance was
found to depend substantially on the plant growth stage, explained by
the influence of plant architecture, senescence and common issues of
saturation as found in dense canopies (Kipp et al., 2014; Mistele and
Schmidhalter, 2010). Still, the identification of optimum growth stages
depends on the underlying treatments, growing conditions and target
traits. For different biophysical parameters including LAI, models performed less well during grain filling (Dahms et al., 2016), whereas
correlations with grain yield frequently increased from booting to grain
filling as long as the influence of senescence was not too strong (Babar
et al., 2006a; Prasad et al., 2007b). Assessing the NDVI under varying N
fertilization conditions, R2 was highest during grain filling for grain
yield but peaked during tillering for grain N uptake and showed two
peaks during tillering and grain filling for grain protein content
(Magney et al., 2016).
Many studies focused on the assessment of the current plant status
at the time of measurement. However, the final plant status at maturity
is most important for evaluating the overall nitrogen use efficiency of
genotypes and the effect of fertilization. Most importantly, final grain
yield and nitrogen uptake into grains need to be determined, along with
the grain nitrogen concentration, which serves as important quality
criterion (Latshaw et al., 2016; Pask et al., 2012). Besides combinations
from NIR and red bands like those used in the NDVI index, green/NIR
indices (Hansen and Schjoerring, 2003) and water band indices in the
NIR/NIR range were found to perform well for estimating biomass

(Erdle et al., 2013a). For detecting nitrogen status however, mostly red
edge based indices such as the REIP index were found to perform best
(Erdle et al., 2013a, 2013b).
Still, information on the optimization of spectral sensors and their
applications for traits of nitrogen use efficiency concerning necessary
spectral resolution and stability over time is missing. Therefore, in
search of robust but simple vegetation indices, we are addressing the
following questions in this study: How does the estimation of agronomic plant traits, namely grain yield (GY), grain nitrogen uptake
(GNup) and grain nitrogen concentration (GNC) depend on (i) the
spectral resolution, (ii) the phenological phase/time of measurement
and (iii) the selection of optimum spectral bands? These questions are
addressed as a function of N treatments and a large panel of differing
genotypes over three growing seasons. We are using multi-seasonal
hyperspectral ground-based reflection measurements resampled to
multispectral data as used in common satellite sensors, both for evaluating the potential of these satellites and of multispectral sensors in
general.
2. Materials and methods
2.1. Field trials
Three field experiments were conducted from 2015 to 2017 for
evaluating the performance of hybrid and line winter wheat cultivars at
the Dürnast field research station of the Technical University of
Munich, approx. 25 km north of Munich (Fig. 1).
The soil was mainly homogenous Cambisol of silty clay loam.
Average precipitation in the main wheat growing period from October
to August is approximately 820 mm in this region. The preceding crop
was winter wheat in the first and second, and grass-clover in the third
year. The trial was designed as a split-plot design in the first and second
year with three nitrogen (N)-levels applied in three doses at early tillering, stem elongation and booting as 30, 30 and 40 kg ha−1 (N1), 60,
60 and 40 kg ha−1 (N2) and 90, 90 and 40 kg ha−1 (N3), respectively.
The cultivar set consisted of 6 hybrid wheat cultivars and 18 German
line wheat cultivars of mostly widespread use, including two hybrid
parent lines. In 2017, the cultivar set was reduced to 20 genotypes
including two new hybrid cultivars. Nitrogen fertilization was reduced
to two levels, comprising 60 and 120 kg N ha−1 split into two applications. Additionally, a subset of 9 cultivars was sown 24 days earlier, and
treated without fungicide in a further block, with both treatment blocks
receiving the same N levels. The plot width was 1.5 m and the length
10.5 m in 2015 and 2016 and 6.5 m in 2017, respectively. Final grain
yield (GY) per plot was determined using a combined harvester. Grain
was analyzed for nitrogen content by near-infrared spectroscopy with a
Bruker Vector 22/N using whole kernels. We calculated grain nitrogen
uptake (GNup) by multiplying grain yield with nitrogen concentration
(GNC).
2.2. Spectral measurements
Spectral measurements were conducted on multiple dates
throughout the vegetation period from tillering to dough ripeness in
2016 and 2017 and from anthesis to dough ripeness in 2015, using the
multi-sensor platform PhenoTrac 4 (Kipp et al., 2014). It is equipped
with a hyperspectral bidirectional passive spectrometer (tec5, Oberursel, Germany), measuring with a nominal resolution of 3.3 nm between 300 and 1000 nm. The field of view (FOV) is circular with 12.5°
aperture. The measurement distance was approximately 80 cm above
the canopy. Measurements were continuously registered at a frequency
of 5 Hz together with the GPS coordinates from the Trimble RTK-GPS
(real-time kinematic global positioning system) (Trimble, Sunnyvale,
CA, USA).
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Fig. 1. Location of the field trial (arrow) in one of the main wheat growing areas (light brown color) in Bavaria, north of Munich in Southern Germany, with
experimental plots in 2017, framed by main plots (NDVI image retrieved from a UAV during stem elongation on May 17). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

2.3. Data analysis

In 2017, averaging was conducted within the N levels in the main
fungicide and sowing time treatment plots. The hyperspectral data
(HSD) was resampled according to the multispectral resolution of selected satellite sensors for evaluating the effect of different numbers of
spectral bands and different spectral sensitivities. Therefore, specifications of the spectral response functions implemented in the hsdarpackage in R were used for calculating weighted average reflectance of

Spectral and reference data were aggregated to plot level and further averaged by treatment combinations as interaction of nitrogen
regime and cultivars (n = 72 in 2015 and 2016 and n = 76 in 2017).
An ANOVA with subsequent Tukey HSD post-hoc test was conducted for
evaluating the effect of the main plot treatments on the reference traits.

Fig. 2. Spectral response functions of satellite sensors simulated in this study.
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the multispectral bands using the spectralResampling function
(Supplement Table 1, Fig. 2) (Lehnert et al., 2016). Most satellite sensors share similar bands with similar spectral response functions for the
blue, green and red bands. Therefore, only a selection of satellite sensors was included, comprising the Landsat-8, Quickbird, RapidEye,
WorldView-2 and the Sentinel-2 multispectral sensors (Fig. 2). The
spectral response of RapidEye is comparable to that of Landsat-8, but
with an additional red edge band and without the band in the ultraviolet. WorldView-2 and Sentinel-2 have the highest number of bands
among the studied sensors. This includes an ultra-blue (coastal) band, a
red band, a yellow band for WorldView-2, one red edge band for
WorldView-2 and two red edge bands for Sentinel-2, two broad NIR
bands for WorldView-2, three narrow NIR bands for Sentinel-2
(778 nm, 865 and 940 nm), and a broad NIR band. Subsequently, normalized difference vegetation indices (NDI) were calculated from HSD
and resampled data, using all possible pairwise band combinations (a,
(a b)
b) per sensor as NDI = (a + b) . Due to strong scattering in the spectral
region below 400 nm, this part of the spectra was not considered. Resulting indices were tested for linear correlations with GY, GNup and
GNC on all measurement days for evaluating the stability of the coefficient of determination (R2) over varying growth stages. For evaluating
overall performance over time, the mean and coefficient of variation of
the R2 values were calculated across the results from the individual

growth stages.
Supplementary data associated with this article can be found, in the
online version, at https://doi.org/10.1016/j.isprsjprs.2019.01.023.
3. Results
3.1. Reference yield and nitrogen data
For all traits, namely grain yield (GY), grain nitrogen uptake (GNup)
and grain nitrogen concentration (GNC), and years, significant treatment effects were observed (Fig. 3). In 2015 and 2016, all traits increased with higher N-treatments from 100 to 220 kg N ha−1 with the
exception of GY plateauing between the second and third N-level in
2016. In 2017, GY increased and decreased for early sowing time (ST1)
and reduced fungicide (RF) variants, respectively, compared to the later
sown control treatment (ST2Cont). However, in none of these main
plots, the N-level affected GY. The GNup followed a similar pattern but
with significant fertilization effects within all main plots. For GNC, the
order of the three main plots was inverse to GY and GNup in 2017, but
fertilization increased GNC within all main plots. The level of GY and
GNup was lowest in 2015 compared to the following years but GNC
exceeded the values found for the respective N-levels in the following
years. For GY and GNup, the data range (not shown) included for

Fig. 3. Grain yield (GY), grain nitrogen uptake (GNup) and grain nitrogen concentration (GNC) by years and treatment combinations. Each data point represents
cultivar data aggregated across replicates as also used for correlations. Letters indicate treatment grouping according to Turkey’s HSD test. ‘ST’ refers to ‘sowing time’,
‘RF’ to reduced fungicide treatment, ‘Cont’ to Fungicide control treatment and N 1–3 to different N treatments.
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Fig. 4. Spectra captured on June 23, 2016 on all experimental plots: Original hyperspectral data and spectra resampled to satellite sensors as specified in Fig. 2.
Dashed labeled lines indicate peak wavelengths for the simulated sensors.

testing correlations was relatively the highest in 2015 with a coefficient
of variation (CV) of 17.0% and 21.8% compared to 11.8% and 16.8% in
2016, and 11.8% and 13.5% in 2017 for GY and GNup, respectively. For
GNC, CV was highest in 2016 (10.5%) followed by 2017 (9.7%) and
2015 (6.9%).

3.2. General resampling effect
The simulation of satellite data from hyperspectral measurements
clearly reduced the spectral resolution and the number of bands (Figs. 2
and 4). Most variation between treatments was retained in the NIR

Fig. 5. Maximum R2 found for each trait*date combination in three test years between the day-specific optimum NDI and grain yield (GY, top), grain-N-uptake
(GNup, middle) and grain nitrogen concentration (GNC, bottom) for resampled and original hyperspectral data plotted against days after sowing, measurement date
and growth stage.
180

ISPRS Journal of Photogrammetry and Remote Sensing 149 (2019) 176–187

L. Prey, U. Schmidhalter

Fig. 6. Mean R2 calculated through averaging daily R2 values across all measurement days for the three years and three target traits, grain yield, grain N uptake and
grain N concentration by sensors. Each combination of band a (y-axis) and b (x-axis) represents the R2 for a normalized difference vegetation index (NDI). Color limits
are set by year for accounting for the differing R2 levels. Spectral data was used in the resolution as specified in Fig. 2. The range below 400 nm gave no useful
relationships and was not considered. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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mR2 of all sensors converged to almost similar values and increased
again during milk ripeness. Later, a similar differentiation as before ear
emergence was observed with the Sentinel-2 and WorldView-2 still
exceeding the other SSS before decreasing to similarly low values,
whereas HSD still reached values beyond 0.5 during early dough stages.
Also in 2017, HSD and the Sentinel-2 and WorldView-2 performed
best for all traits on most days (Fig. 5). However, most correlations for
particular growth stages were on a lower level than in 2015 and 2016.
Moreover, the development over time differed: mR2 values for GY
mostly decreased from a moderate level (max. 0.39) at the beginning of
vegetation (March 31) to a minimum at the start of ear emergence
(June 1), when significant correlations were detected only for HSD and
Sentinel-2 data, yet only from narrow, limited waveband combinations.
Unlike in 2016, all sensors failed already during stem elongation. Later,
mR2 for Landsat-8, Quickbird and RapidEye remained at low levels
(max. 0.21) whereas only Sentinel-2 and WorldView-2 peaked again
during milk ripeness, but showed stronger relative difference to HSD as
in the previous years.

reflection whereas blue and red reflection tended to become saturated
during mid-season (Fig. 4). The number of possible NDIs calculated was
strongly reduced between hyperspectral data (HSD) and simulated satellite sensor (SSS) data. Resampling decreased maximum R2-values
(mR2) calculated between all possible NDIs and three target traits depending on the measurement days and the SSS (Fig. 5).
3.3. Sensor ranking and seasonal effects for grain yield estimation
The differentiation between the SSS differed strongly by years and
among measurement days and traits (Fig. 5). Therefore, comparing the
suitability of different SSS can be helpful for identifying their potential
usage for specific traits by plant growth stages. For 2015, only data
from the grain filling stage was available. The maximum R2-value
(mR2) was reached during milk ripeness with mR2 = 0.88 from the
original HSD before continually dropping to still moderate values of
0.69 at the hard dough. Interestingly, all SSS correlations peaked early
at late anthesis, with very similar mR2 values reaching from 0.76
(Quickbird) to 0.79 (Sentinel-2). With ongoing senescence, the differentiation both between different SSS and between SSS and HSD increased.
In 2016, measurements started already from leaf development, yet
at a lower frequency during tillering and stem elongation. At tillering,
medium mR2 values were found for HSD (0.62), which only slightly
exceeded the values of all SSS. On the following measurement days,
however, a clear distinction was evident with the Sentinel-2 and
WorldView-2 data performing clearly better than the other satellite
data until early anthesis. Even if all mR2-values decreased for all sensors
at ear emergence and early anthesis, SSS with a red edge band performed comparatively better than Quickbird and Landsat-8. Hereupon,

3.4. Sensor ranking and seasonal effects for grain nitrogen uptake
estimation
For the N-related traits GNup and GNC, a similar seasonal pattern as
for GY was observed with mostly slightly higher mR2 values for GNup
compared to GY, both in 2015 and 2016. While this was the case for SSS
in 2017 as well, mR2 of HSD was lower for GNup than for GY at the
beginning of the vegetation and during dough ripeness. In 2016, all SSS
including HSD performed almost equally for GNup and already reached
maximum seasonal correlations during stem elongation. Despite generally decreasing correlations during the season, Sentinel-2 once again

Table 1
On average (across measurement dates) maximum R2 values with best wavelength combinations by sensors and traits for three years. 2015_GF,
2016_GF and 2017_GF correspond to the aggregation of correlation matrices considering dates from the grain filling phase in the respective years
only. The closeness of relationships is indicated by conditional formatting with lower, medium and higher values indicated in red, yellow and
green, respectively. Bands for the hyperspectral data are reported as wavelengths [nm].
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Fig. 7. Coefficient of variation (y-axis) of R2 plotted against mean of R2 (x-axis; as plotted by included spectral bands in Fig. 6) for different simulated sensors and
original hyperspectral data for grain yield, grain N uptake and grain N concentration for 2015 (left), 2016 (middle) and 2017 (right). Statistics were calculated using
all available measurement dates for each year. Points represent ND-indices and are colored according to the spectral range of the included wavelengths. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

whereas in 2016 and 2017, R2 from the best NIR/NIR bands strongly
exceeded the other index groups by approximately 0.15. Among SSS,
only Sentinel-2 covers this range through the NIR4 (band 9), which,
however, contributed to its best NDI only in 2015. The overall importance of the NIR information was confirmed for almost all trait*year
combinations, where at least one NIR band was included in the best
NDIs. Both in 2016 and 2017, the best Landsat-8, Quickbird and RapidEye correlations were mostly found from blue/NIR combinations
whereas the red band contributed in only two cases. The loss in correlations for GY between HSD and best SSS (Sentinel-2) was moderate
in 2015 compared to 0.43 versus 0.34 and 0.25 versus 0.17 in 2016 and
2017, respectively. The relative drop was even stronger during grain
filling. The differentiation between the best SSS (Sentinel-2) and the
least SSS, which was mostly Landsat-8 or Quickbird, increased over the
years with decreasing correlation level. The poorer performance of the
SSS as compared to HSD in 2017 compared to 2016 relates to the
narrower zone of band combinations in the higher NIR range between
900 nm and 1000 nm, which is only partly covered by WorldView-2 and
Sentinel-2.
Compared to GY, the correlation peaks in HSD showed a downward
shift for GNup and GNC towards bands closer to the red edge. This
effect was most dominant for GNC in 2017 (Fig. 6). The narrow range of
good correlations for GNC, however, was only covered by HSD and
Sentinel-2, whereas even WorldView-2 and Rapid Eye reached lower
average R2 values.
Except for two cases, a red edge/NIR combination was identified as
the best HSD index and as the best SSS index for the three SSS with red
edge bands (WorldView-2, Sentinel-2 and RapidEye) for both N-related
traits (Table 1). Still, substantial differences were found in the mean R2
with Sentinel-2 almost reaching the potential of the HSD in most cases,
followed by WorldView-2 with weaker average performance in 2017,
however. In spite of a similar red edge band, the RapidEye yielded
lower correlations with again stronger differences in 2017. In turn, the

provided the best correlations among SSS on all days except the first.
The relative drop in mR2 around anthesis was less pronounced than for
GY for Sentinel-2, WorldView-2 and RapidEye.
3.5. Sensor ranking and seasonal effects for grain nitrogen concentration
estimation
Seasonal correlation curves for GNC (Fig. 5) resembled those for GY
and GNup. In 2015, the HSD outperformed SSS to a lesser degree
compared to GNup. In 2015 and 2016, the SSS also differed stronger
among each other than observed for the other traits. However, in both
years lower mR2 values were found than for GNup on most days. As
with GNup, correlations peaked already before anthesis, followed by
decreasing values. Again, Sentinel-2 and WorldView-2 outperformed
the other SSS more clearly during grain filling. HSD differed less from
the best SSS than observed for GY and GNup during the later grain
filling phase. In 2017, the correlation pattern was similar to the one for
GNup. Notably, Sentinel-2 differed more from WorldView-2 during
grain filling. All other SSS however performed poorly with maximum
mR2 values not exceeding 0.35.
3.6. Evaluation of overall seasonal performance
Mean values were calculated from daily correlation matrices across
the temporal dimension for each sensor (Fig. 6). The NDIs with on
average best R2-values are depicted in Table 1. Additionally, extraction
restricted to the grain filling phase was conducted in 2016 and 2017 to
capture the same growth stages as in 2015.
For GY, mean R2 values decreased over the years. Best HSD indices
were derived from NIR/NIR combinations within the range of
900–1000 nm in all years (Fig. 6, Table 1). Most cases involved one
band at 970–980 nm, combined with a band at 926–935 nm. In 2015,
the difference compared to the best NIR/red edge indices was marginal,
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two SSS without red edge bands, Landsat-8 and Quickbird, provided
further lower correlations, especially in 2017. Here, mostly the green
band contributed together with the NIR band, which is reflected in a
second, yet lower peak for the NIR/green combinations for HSD
(Fig. 6). Interestingly, the red edge 2 band, mostly combined with NIR1,
always contributed to the best index for the N-traits of Sentinel-2.

quickly gained in vegetative biomass such that correlations were low
for all traits until anthesis. Early sowing affected GNup to a lower extent. Thus, no correlation peak was visible for the first measurement
day. Moreover, only two N-levels were evaluated in this year, resulting
in a lesser differentiation than in 2015 and 2016. In contrast, as a
combination of genotypic and fertilization effects, high correlations
were found in 2016 for all traits already during the vegetative phase.
The apparent drop in mR2 in 2016 during ear emergence and anthesis may be attributed to shifted plant development that affected the
spectra without having a proportional effect on the target traits. Even if
morphological leaf and spike properties were found to affect the NIR
stronger than the VIS, better correlations with GY were found from
NIR/NIR water band indices compared to indices including VIS bands
(Becker and Schmidhalter, 2017; Gutierrez et al., 2015). Unlike in most
of the later stages, when the NIR/NIR indices mostly performed best for
GY, despite having dropping correlations too, SSS with a red edge band
reached the highest correlations from NIR/red edge combinations
during ear emergence and anthesis. Since the sensors differentiated
more strongly in this phase, however, indices including VIS bands may
be less robust concerning the color change induced by spikes and anthers, which was expressed in poor relationships from Landsat-8 and
Quickbird. Caution about this stage concerns mostly genotypic differences whereas for precision farming phenological shifts should be less
distortive.
The mR2 peaks found for GY and GNup mostly during milk ripeness
could be explained by the fact that even if fertilization effects are already strongly expressed during stem elongation, genotypic differences
in the final canopy status are mostly influenced by the performance
during grain filling (Bogard et al., 2010). This phase was additionally
influenced by heat stress in 2015, disease pressure in 2016 and shifted
senescence imposed by main plot treatments in 2017, leading to the
differentiation between cultivars. The present results are in line with
previous studies, which mostly compared fewer measurement dates but
also found increasing correlations from booting/heading to grain filling
(Becker and Schmidhalter, 2017; Prasad et al., 2007a). The used cultivar set differed in morphological traits like leaf angle, leaf area, plant
height and leaf diseases, all of which are known to affect the spectral
signal (Gutierrez et al., 2015; Jacquemoud et al., 2009), whereas their
influence on the target traits is only vaguely known. Through implicitly
considering these effects and given that in all years substantial variation
in target traits was present within the N level, the tested indices should
be robust enough to detect genotypic differences, both for applications
of phenotyping (Barmeier et al., 2017; Erdle et al., 2013a) and on a
landscape scale.
The stronger differentiation between SSS and between SSS and HSD
during grain filling may be associated with the temporally shifted senescence between genotypes. Degradation of chlorophyll and loss in
water status relates to the formation of the target traits (Distelfeld et al.,
2014) but influences spectral indices in different ways (Berdugo et al.,
2013; Hatfield and Prueger, 2010).

3.7. Comparing stability and relationships by index groups
Plotted against each other, the mean and coefficient of variation
(CV) values of different ND-indices showed a generally negative relationship for all traits and years (Fig. 7). Thus, sensors with on average
better correlations seemed to deliver also more stable correlations from
their best indices. The group of NIR/NIR indices was generally the most
heterogeneous index group with a broad span in the mean and CV
values between different NDIs but performed best for GY especially in
2016 and 2017. Thus, sensors without two NIR bands lacked in performance behind HSD, as well as of Sentinel-2 and WorldView-2 most
clearly in these years. However, for comparable mean correlation values, these indices performed often less stable over time as expressed in
higher CV values compared to the VIS/NIR or the NIR/red edge groups
for many trait*year combinations. In contrast, the VIS/NIR and red
edge combinations varied less amongst each other both in the mean and
CV values. For N-related traits, NIR/red edge indices provided the best
mean correlations in all trait*year combinations and stood out from
other groups most clearly in 2017. Among SSS, VIS/NIR bands mostly
constituted the second best group, either behind NIR/NIR combinations
like for GY or behind NRI/Red edge combinations like for the N-related
traits. The mean and CV of R2 of the best combinations with red edge
bands were often somewhat close between Sentinel-2 and HSD indices
but exceeded the WorldView-2 and RapidEye indices especially for the
N-related traits. For NIR/NIR indices, however, the best HSD indices
showed mostly stronger relative improvements over the best SSS indices from this group for GY. For all traits, VIS/VIS and VIS/red edge
combinations were not found useful compared to the best index group
in each case.
4. Discussion
Resampling of hyperspectral information was conducted to identify
optimized spectral properties of multispectral sensors and to compare
their performance. Here, normalized difference indices (NDIs) were
tested at different plant growth stages for detecting the three traits
grain yield (GY), grain N-uptake (GNup) and grain N-concentration
(GNC) in winter wheat.
4.1. The influence of year, seasonality and genotypes
Correlations obtained from spectral NDIs were generally more influenced by year compared to trait and resampling effects. Mostly lower
mR2 in 2017 may be attributed to the high level of GY, which was
similarly high as in 2016, but characterized by a distinctly lower range
in yield. Average GNup in 2017 exceeded the 2016 values by almost
40 kg ha−1 due to the pre-crop clover. Thus, the spectral signal may
have become saturated in such dense canopies, which were generally
well supplied with nitrogen and likely exceeded the critical LAI values
beyond 2.5 (Hansen and Schjoerring, 2003). Since LAI reaches its
maximum around booting, it may have contributed to the overall low
sensor performance in this phase (Babar et al., 2006a, 2006b).
Concerning the seasonal development, the agronomic treatment Nlevel exerted a strong effect already during tillering and influenced the
target traits more in 2015 and 2016, explaining the good correlation
already before anthesis. The early correlation peak for GY during leaf
development in 2017 was due to the effect of early sowing on GY ,
which was well differentiated by the sensor in the early phase.
However, with ongoing development, plots that were later sown

4.2. Importance of NIR/NIR bands for grain yield estimation
The outperformance of optimum NIR/NIR indices compared to
other index groups in 2016 and 2017 for GY during grain filling was not
observed in 2015. Unlike the other years, the first year was affected by
drought and heat stress. This may have negatively influenced the best
NIR/NIR indices which are related to water status (Becker and
Schmidhalter, 2017; Gutierrez et al., 2010; Rischbeck et al., 2016)
stronger than VIS/NIR indices, which are more sensitive to canopy
structure and chlorophyll. This relates to the slightly less stable performance over time within years of NIR/NIR combinations. Still, the
mostly strong correlations confirm the usability of these indices for GY
(Babar et al., 2007; Prasad et al., 2007a; Rischbeck et al., 2016). Interestingly, the optimum hyperspectral bands found from combinations
of 970–990 nm, close to the water absorption maximum (Thenkabail
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et al., 2000) with a reference band around 930 nm, are in agreement
with previously optimized indices (Babar et al., 2006a, 2006b; Becker
and Schmidhalter, 2017).

of lower band number, different placement of the bands and altered
bandwidth. Regarding sensor development, stable and high relationships from indices of sensors with few and somewhat broad bands
would be favorable. For the application, multispectral sensors simplify
index selection and reduce the curse of dimensionality (Backer et al.,
2005). This is why multivariate techniques were not considered in this
analysis. Thus, optimal band placement should be known. Sentinel-2, as
the most sophisticated SSS considered, can serve as a benchmark and
has shown to provide almost comparable results as hyperspectral data
(Herrmann et al., 2011). The development of satellite sensors needs to
consider specific challenges including atmospheric transmissivity and
signal to noise ratio, limiting the transferability from simulated spectra,
and possible band narrowness. These aspects were not within the scope
of this analysis. Notably, the model improvements found from the NIR4
band (band 9) for Sentinel-2 cannot directly be transferred to actual
satellite data due to the possible strong atmospheric water absorption in
this range (Herrmann et al., 2011). However, our results suggest considering this range for ground-based and UAV-based proximal sensing.
Furthermore, the bands in the SWIR spectrum deserve to be considered
(Lee et al., 2004; Sibanda et al., 2015) but could not be included due to
the limited spectral range in this study. Moreover, limitations in spatial
resolution can restrict the use of satellite data.

4.3. Differentiation between sensors by correlation level, growth stages and
optimum bands
Generally, SSS differed most clearly for medium levels of correlations. For levels below mR2 of approximately 0.3, as often found in the
vegetative phase in 2017, all SSS performed poorly compared to HSD.
Still, specific information could be extracted from the hyperspectral
data, which, however, was found only for day-specific measurements
and in very limited ranges mostly in the VIS. A similar effect was observed with ongoing grain filling for all years and traits but on a higher
level and with stronger differentiation between SSS. Sensors with more
and narrower bands yielded the highest mR2. This was less an effect of
alternating combinations but rather of additional spectral properties
due to narrower bands and spectral regions, which are not included in
the few-band sensors Landsat-8 and Quickbird. Thus, both WorldView2 and Sentinel-2 data delivered the best mR2 with GY from similar NIR/
NIR combinations in most cases (Table 1). The advantage of Sentinel-2
over WorldView-2 seems to be due to the two additional NIR bands and
the narrower spectral response curve. Still, the NIR4 Sentinel-2 band
with peak sensitivity at 940 nm appears to be situated not in the optimum spectral range at around 970–980 nm as it was identified for the
HSD. However, for some of the days during dough ripeness, the range
with useful correlations from this region was narrowed to a small zone,
which was also not covered by the best SSS, such that late measurements are not recommended. On the other hand, when high mR2 were
found in the vegetative stage in 2016, all SSS performed well and similarly to HSD, being associated with broad patterns in the correlation
matrices. For many days, the differentiation between SSS was stronger
for N-related traits than for GY, what can be ascribed to the red edge
band offered by RapidEye, WorldView-2 and two red edge bands by
Sentinel-2. For GY however, the red edge was mostly not required. The
optimum indices for the N traits were also more stable between measurement days and years than for GY (Table 1). Interestingly, for Sentinel-2, except for one case, band 6 (red edge 2) was always included,
mostly in combination with band 7 (NIR1). Comparing RapidEye and
WorldView-2, which share a similar NIR1 band, the slightly rightward
shifts of the red edge band may explain the clear advantage of WorldView-2 especially for detecting GNC during grain filling in 2016 and
2017. This effect may be due to the rightward shift of the red edge
position in canopies with strong N supply (Huang et al., 2017). The
Sentinel-2 may offer an enhanced performance compared to these SSS
by having two red edge bands.
The importance of a red edge band for N-related traits agrees with
previous studies on WorldView-2 compared to Landsat data (Huang
et al., 2017) and RapidEye (Magney et al., 2017), WorldView-2 and
RapidEye compared to FORMOSAT-2 data (Huang et al., 2017),
WorldView-2 (Li et al., 2012), Sentinel-2 (Clevers and Gitelson, 2013;
Delegido et al., 2011) and various satellites (Marshall and Thenkabail,
2015). Huang et al. (2017) explained the advantage of a red edge band
over a red band with decreased soil influence, whereas in the present
study, the weaker sensitivity for saturation may have been more important (Gitelson and Merzlyak, 1996; Erdle et al., 2013b). The same
reasoning may be adopted for the green as opposed to a red band, since
for SSS lacking a red edge band, often the green - but rarely the red
band - contributed to the best index. The advantage of the NIR1 over
bands in the upper NIR range for N-related traits also confirms the
findings from Huang et al. (2017) but disagrees with the model-based
statement that NIR1-NIR3 bands are interchangeable (Segl et al., 2012).

4.5. Conclusions
Given the comparatively high number of tested indices, few different band combinations yielded the best correlations in this study for
the N-related traits GNC and GNup. An optimal multispectral sensor for
the studied traits would dispose of a narrow band in the upper red edge
and a NIR band similar to the Sentinel-2-NIR1 close to 780 nm. Two
further NIR bands at about 930 and 980 nm, respectively, seem to be
promising for assessing grain yield. In comparison, VIS bands appear to
be largely dispensable for the studied traits. Therefore, given optimal
placement, the number of bands appears to be secondary. Moreover,
mostly no trade-off was found between the correlation level and stability over time. Limitations of multispectral sensors were identified
especially for the later grain filling phase, when band narrowness became more critical as indicated by the hyperspectral data. Frequent
measurements suggested (i) to avoid the anthesis phase due to phenological shifts (ii) and in contrast to gain the most reliable relationships
during the milk ripeness stage. Indirect observations suggest considering genotypic characteristics for understanding the seasonality in
sensor performances.
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