Smart Agricultural Technology 12 (2025) 101528

SMART
Contents lists available at ScienceDirect Y
TECHNOLOGY

Smart Agricultural Technology

ELSEVIER journal homepage: www.journals.elsevier.com/smart-agricultural-technology

Evaluation of winter wheat varieties’ responses to nitrogen supply
supported by 10-band multispectral aerial imaging: reproducibility over
crop seasons and sites

Nicolas Vuille-dit-Bille™ ©, Lilia Levy Héner “®, Silvan Strebel°, Amanda Burton*®,

Noémie Schaad ?, Didier Pellet”, Nathalie Wuyts °®, Simon Treier -

Paola de F. Bongiovani “"®, Juan Manuel Herrera®

& Agroscope, Production Technology and Cropping Systems, Route de Duillier 60, 1260 Nyon, Suisse Switzerland

Y ETH Zurich, Institute of Agricultural Sciences, Group of Plant Nutrition, Lindau, Switzerland

ARTICLE INFO ABSTRACT

Keywords: Nitrogen (N) fertilization trials require resources to investigate the effects of N on yields, N use efficiency, and
Nitrogen management soil fertility. Multispectral imaging with drones could deliver more affordable and accurate information to

Winter wheat optimize N fertilizers. The current literature lacks evidence of the robustness of vegetation indices (VIs) across

UAV . sites, seasons, and varieties, with studies relying on multispectral sensors that had five bands or less and one red-
10-band multispectral sensor L . .
Red edge edge (RE) band centered around 717 or 730 nm. Additional RE bands may allow for the estimation of VIs

relevant for N use with higher accuracy and reproducibility. This study examines (i) whether additional RE bands
increase the accuracy and consistency of grain and straw yield and N in the biomass, and (ii) whether the re-
lationships between these parameters and VIs change according to crop stage and winter wheat varieties. The
study was conducted at two Swiss sites over three seasons, with N fertilizer treatments varying in timing and rate.
We found strong relationships (R > 0.7) between VIs and N content in biomass, and grain and straw yield. The
NDRE with the RE band centered at 740 nm was the most accurate predictor of yield from measurements
conducted at heading (R2 = 0.92) and during grain filling (R2 = 0.89), while the MCARI with the RE band
centered at 705 nm, measured before heading, was a stronger predictor of total N at anthesis [R? = 0.9).
Therefore, the additional RE bands improved the accuracy of VIs for optimizing the N fertilization of wheat.

Random forest

p P-value
Abbreviations PRIF Principles of fertilization of agricultural crops in Switzerland
B Blue band R Red band
CSM Crop surface model R? Coefficient of determination
G Green band RE Red-edge band
GIS Geographical information system RF Random forest
GSD Ground sampling distance RMSE  Root mean square error
LAIL Leaf area index UAV Unmanned aerial vehicle
MCARI Modified chlorophyll absorption ratio index VI Vegetation index
MTVI Modified triangular vegetation index
N Nitrogen 1. Introduction
NDRE  Normalized difference red-edge index
NDVI Normalized difference vegetation index Food production must double to adequately feed the growing global
NIR Near-infrared band population, which is projected to reach 9.7 billion by 2050 [1,2]. Ni-
NUE N use efficiency trogen (N) fertilization is one of the most important agronomic practices
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for increasing crop productivity and is a critical input for securing the
food of >50 % of the human population [3]. The amount of N fertilizer
applied each year has reached 108 million tons [4]. Insufficient N
fertilization can lead to a reduction in plant photosynthetic capacity,
negatively affecting grain yield and quality [5], while excessive N
fertilization has both environmental and economic consequences [6,7].
Excess N is prone to losses through leaching, volatilization, and deni-
trification, negatively impacting water quality, farming profitability,
and increasing greenhouse gas emissions [8]. Adapting N fertilization
according to crop needs is an important step toward reducing N losses to
the atmosphere or water bodies without affecting crop performance [9].

Winter wheat (Triticum aestivum L.) is one of Switzerland’s most
cultivated field crops [4] and requires optimal quantities of N to produce
a high-yielding and high-quality crop with minimal environmental
impact [10]. Fertilization directives for Switzerland are described in the
“Principles of fertilization of agricultural crops” [11]. As for most
countries, the regular updating and improvement of N fertilization di-
rectives require dedicated trials, time, and resources. Nitrogen fertil-
ization trials have been widely used to investigate the effects of N
fertilizers on crop yields, N use efficiency, and soil fertility, diagnose
crop N needs [12,13], and determine the optimal N rates and number of
split applications according to development stages to minimize N loss
[11,14,15].

Non-destructive sensing methods have been proposed to assess pro-
cesses that affect N uptake, including crop growth [16,17]. For example,
lighter green leaves due to lower N availability can be detected both
qualitatively with visual determinations and quantitatively with remote
sensing methods [5]. Remote sensing methods, such as unmanned aerial
vehicles (UAVs), allow for the achievement of high temporal and spatial
resolution, as measurements can be repeated over short time periods and
cover larger areas and potentially more variable [18,19]. Vegetation
indices (VIs) to detect canopy changes over time have been developed by
investigating spectral patterns [20,21] using multispectral and hyper-
spectral sensors [22]. These investigations mainly focused on the farm
level, while the possible applications of these VIs for N fertilization trials
remain less explored.

Computing VIs from spectral bands in the near-infrared (NIR) and
red-edge (RE) regions of the electromagnetic spectrum showed consis-
tent correlations with parameters that are of interest in N fertilization
trials, such as biomass and N content of wheat, maize, and sugar beet
[23,24]. The RE spectral band may improve crop N status prediction
[25], as was also found in recent research in Switzerland that focused on
variable N rate application [26]. In another study, the prediction of
biomass N content was not improved by an RE band, but RE showed a
more consistent pattern related to N status across vegetative crop growth
and a higher reflectance than the red spectral band [27]. A significant
correlation was also found between the total N of above-ground biomass
and VIs that excluded an RE band obtained with a UAV carrying a
multispectral sensor [28]. These contrasting outcomes may be due to
confounding stress factors, such as water limitation, as both water stress
and N status can change reflectance in the near and middle infrared
spectral bands [29]. During the early stem elongation of wheat, RE
spectral bands proved to accurately detect N canopy status indepen-
dently of water limitation and differences in soil cover produced by this
stress spectral signal [30,31]. New multispectral sensors that integrate
more and narrower RE and NIR bands may allow the delivery of more
robust parameters targeted by N fertilization trials.

In this study, we aim to determine: (i) whether the use of three RE
bands, rather than one, results in more accurate and consistent estima-
tions of N in the biomass, leaf chlorophyll content, leaf area, and grain
yield, and (ii) whether the relationships between these parameters and
vegetation indices depend on crop stage and varieties.
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2. Materials and methods
2.1. Study area and growing conditions

The field trials are described in detail in Burton et al. [15] as well as
in the main agronomical results. Between 2020 and 2022 (harvest
years), experiments with winter wheat (Triticum aestivum L.) were con-
ducted at two sites in Switzerland: Changins (46.40° N, 6.23° W) and
Reckenholz (47.43° N, 8.52° W). The soils at these locations were
identified as cambisols/luvisols [32], featuring sand, silt, and clay
contents of 37 %, 36 %, and 27 % in Changins and 36 %, 38 %, and 26 %
in Reckenholz, respectively. In Changins, the preceding crops were
soybean (Glycine max) in 2020 and 2021 and sunflower (Helianthus
annuus L.) in 2022. In Reckenholz, the preceding crop was potato (So-
lanum tuberosum L.) in all years. At both experimental sites, precipitation
was higher in 2021 than in the other years, while 2022 was notably
drier. Between 2020 and 2022, Reckenholz experienced, on average,
higher precipitation (1180 mm) and cooler temperatures (10.0 °C)
compared to Changins (1050 mm and 11.0 °C). The N mineralization
potential of the soil (0-60 cm), as measured after winter, was compa-
rable at both sites in 2020 and 2021 (Changins: 41.8 and 27.7 kg N ha™!,
respectively; Reckenholz: 41.4 and 26.4 kg N ha™!, respectively). In
2022, the mineralization potential was higher in Reckenholz than in
Changins (59.0 vs. 28.3 kg N ha™1).

2.2. Field trial design

The experiments included two factors: N fertilizer treatment and
winter wheat variety. The experiment in Changins was arranged in a
complete randomized block design with two repetitions in 2020 (32
plots), and three repetitions in 2021-2022 (75 plots). In Reckenholz, the
experiment used a split-plot design—the N fertilizer as the main treat-
ment and the variety as the sub-treatment—with three repetitions (75
plots). In 2020, plots measured 12 m in length and 12 m in width. Plot
dimensions were adjusted in 2021-2022 to increase the number of
repetitions, N fertilizer treatments, and varieties. For this, the plot size
was reduced to 6 m in length and 3 m in width at Changins. At Reck-
enholz, the plots were further narrowed to 2 m in width while main-
taining a 6 m length.

2.3. Winter wheat varieties

Five high-quality (according to protein content and breadmaking
criteria) Swiss varieties of winter wheat were included in the trials:
CH_Camedo, CH_Claro, Montalbano, CH_Nara, and Runal (Table 1).
Runal was cultivated in the 2021 and 2022 seasons, while the other
varieties were grown in all three seasons. At both sites, seeds were sown
at 350 viable seeds m~2 but row spacing differed slightly, with 0.19 m in
Changins and 0.21 m in Reckenholz. The sowing occurred either in
October or November, depending on the year’s specific weather condi-
tions, while the harvest took place around mid-July, in general [15]. The
main agronomic characteristics of the varieties included in the

Table 1
Agronomic characteristics of the five winter wheat varieties grown in the study.
Parameter CH_Nara CH_Camedo CH_Claro Runal Montalbano
Height Very Short Rather Moderate ~ Moderate
short short
Heading Rather Rather late Rather Rather Late
late early early
Grain Very high  High High Very high  Very high
protein
content
Grain yield Moderate ~ Moderate Rather Moderate  High
high

Source: Swiss granum [33].



N. Vuille-dit-Bille et al.

experiments are shown in Table 1.
2.4. Nitrogen fertilization treatments

Six N treatments were applied differently according to the seasons:
NO (0 kg N ha™!), N1 (80 kg N ha™!), N2 (80 kg N ha 1), N3 (160 kg N
ha™1), N4 (160 kg N ha™1), and N5 (160 kg N ha’l), as shown in Table 2.
The N treatments with the same dose differed in the splitting application
strategies.

2.5. Ground-based measurements

Ground-based observations were carried out during the entire
growing season to assess the growth and development of winter wheat.
At both Changins and Reckenholz, each plot was split into two sections,
allowing both manual sampling and harvesting with a combine. In 2020,
four areas measuring 7 m in length and 1.5 m in width were harvested
within the plot area (12 m x 12 m). In 2021 and 2022, the harvest area
of the combine was 1.5 m wide and 4 m long. From booting (BBCH41)
until anthesis (BBCH69), chlorophyll content measurements were per-
formed using the device N-Tester® (Yara International ASA, Oslo,
Norway) on 30 representative flag leaves per plot. In parallel, on the
same plots, leaf area index (LAI) was estimated using a ceptometer
(AccuPAR LP-80 Ceptometer, Decagon Devices®, Pullman, Washington
state, USA). Three measurements along the row and three others
perpendicular to the row were performed to account for the architec-
tural variability of the varieties. For both the N-Tester and LAI mea-
surements, the average results are reported in the comparison with VIs.
The total aboveground biomass (kg ha™') was assessed at flowering and
shortly before harvest (data not shown). Two rows of wheat measuring
0.6 m (0.3 m in 2020) were harvested 2 cm above the soil surface.
Samples were first weighed while fresh, then dried at 50 °C until a stable
weight was achieved, usually taking around 48 h. After drying, they
were weighed again to determine their dry mass.

The grain and straw (only in Changins) were harvested after physi-
ological maturity using a combine harvester (Ziirn 150, Schontal-
Westernhausen, Germany). The grain from a subsample was then
separated from other plant debris (e.g., chaff) to correct the final grain
weight. Grain yield is reported on a dry weight basis (0 % moisture). The
dried grains and straw were ground to 0.75 mm. The N content of the
ground samples was measured using NIR spectroscopy using a Proxi-
Mate (Buchi, Flawil, Switzerland).

Table 2

N treatments applied over the three crop seasons (2020-2022), including three
main N treatments (zero, reduced, and conventional) differing in terms of
splitting strategies.

N 1st N 2nd N 3rd N Total N treatments Year of
treatment BBCH BBCH BBCH N harvest
21 31 39
kg N ha™!
NO 0 0 0 0 Zero 2020;
2021;
2022
N1 20 40 20 80 Reduced 2021;
2022
N2 20 60 0 80 Reduced 2021;
2022
N3 40 80 40 160 Conventional 2020;
2021;
2022
N4 40 120 0 160 Conventional 2020;
2021;
2022

N5 40 40 80 160 Conventional 2020
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2.6. Multispectral image acquisition and processing

Multispectral images were acquired using a DJI Inspire 2 drone (DJI,
Shenzhen, China) carrying a Micasense RedEdge-MX dual-camera sys-
tem. The RedEdge-MX dual camera system captures reflectance in 10
spectral bands with wavelengths centered at 444 (bandwidth: 28), 475
(bandwidth: 32), 531 (bandwidth: 14), 560 (bandwidth: 27), 650
(bandwidth: 16), 668 (bandwidth: 14), 705 (bandwidth: 10), 717
(bandwidth: 12), 740 (bandwidth: 18), and 832 nm (bandwidth: 57 nm).
It measures incoming sunlight using a downwelling light sensor attached
on top of the UAV. This sensor has already been used for studying late-
blight potato disease [34]. However, to the best of our knowledge, it has
not yet been applied in the context of N fertilization trials. It is important
to note that other makers, such as Spectral Devices (Canada), Mapir
(United States), and Agrowing (Israel), have made multispectral sensors
with multiple RE bands available in recent times. Thus, the outcomes of
this study have a wider scope of application than one sensor.

When possible, UAV flights were done before each N fertilization
application (BBCH21, BBCH31, and BBCH39) and at key growth stages
of winter wheat, namely booting (BBCH41), heading (BBCH59), and
anthesis (BBCH65-69). This was especially the case at Changins, while
at Reckenholz, UAV survey frequency was lower due to logistic issues
(the site was located approximately 250 km away in an area with re-
strictions on flying UAVs because of an International Airport). As the
optimal conditions for multispectral imaging surveys are a clear blue sky
with little or no wind, images were taken around solar noon and under
sunny conditions, when possible. In total, 31 flights were performed
(Table 3). Flight height was set between 30 and 60 m depending on the
available batteries and experimental area to cover, resulting in a ground
sampling distance (GSD) between 1.85 and 4.08 cm pixel !. Variations
in GSD within this range do not generally affect the accuracy of VIs. The
overlap in both directions was set to 80 %. Before and after each flight,
images of a panel with known reflectance were taken. The images of
each flight were mosaicked using the Agisoft Metashape Professional
1.8.4 (Agisoft, St. Petersburg, Russia) structure-from-motion software to
create orthomosaics for each UAV flight. The images were radiometri-
cally calibrated before and after each UAV survey using the reflectance
panels on the ground and the incident light sensor (only when there was
a high variation of light intensity during the flight) on the UAV, with a
uniform set of processing parameters used for all flight dates.

2.7. Vegetation index computation

Vegetation indices that consistently showed strong relationships
with wheat parameters were identified through sensitivity analysis from
a list of 50 candidates (Supplementary Table 1) and examined in detail
(Table 4). VIs were computed using the spectral bands from the
RedEdge-MX dual-camera system. The selection of a specific RE band
from the three available RE bands (centered at 705, 717, and 740 nm) in

Table 3
UAV survey information, including ground sampling distance (GSD) for each
crop season (harvest year) and site.

Crop Sites Dates Flight GSD
season height (m) (cm/
pix)
2020 Changins March 11; April 7; May 8, 30 1.85
14, 18, and 28; 3 June
Reckenholz April 1; May 25 30 1.89
2021 Changins March 10; April 1; May 4, 60 4.08
12, 20, and 27; June 3
Reckenholz March 23; May 28; June 25 60 4.03
2022 Changins February 25; March 25; 40 2.8
May 4, 10, 18, and 27; June
4
Reckenholz March 10; April 6; May 6; 40 2.77

June 2 and 15
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Table 4
Formula, trait, and reference for the vegetation indices (VIs) reported in the
study.

Vis Formula Trait Reference

MCARI* ((RE-R)-0.2 x (RE-G)) x

(RE/R)

N chlorophyll [35]
content

MSR _RE717 ((NIR/RE717) - 1)/(((NIR/ Biomass [36]
RE77) + 1)°0.5)
MRENDVI (RE740 - RE705)/(RE740 + N chlorophyll [37]

RE7p5 -2 X B) content

MTVI 1.2 x (1.2 x (NIR-G) - 2.5 Biomass [51

x (R-G))
MTVI2 (1.5 x (1.2 x (NIR - G) - Biomass [5]
2.5 x (R-G)))/((2 x NIR +
1)2-(6 x NIR -5 x
(R"0.5)) - 0.5)°0.5

NDRE* (NIR - RE)/(NIR + RE) N chlorophyll [5]
content

NDVI (NIR - R)/(NIR + R) Biomass [51

MCARI_MTVI* MCARI/MTVI N chlorophyll [5]
content;
biomass

MCARI_705_MTVI2 MCARI_705/MTVI2 N chlorophyll [51
* content;
biomass

NDRE_NDVI* NDRE/NDVI N chlorophyll [51
content;
biomass

" The red-edge band could be any of three spectral bands in the red-edge re-
gion and centered at 705, 717, and 740 nm.

R: red; G: green; RE: red edge; NIR: near-infrared red; MCARIL: modified
chlorophyll absorption ratio index; MSR: modified simple ratio; MRENDVI:
modified red edge normalized difference vegetation index; MTVI: modified
triangular vegetation index; NDRE: normalized difference red-edge index; NDVI:
normalized difference vegetation index.

the formula is specified when reporting the VIs. For ground measure-
ments at a specific date, such as the total N content in biomass at
anthesis, VIs were computed from data with sufficient spectral quality
captured at the closest date to the biomass sampling. To predict crop
parameters such as total N content in grain, and grain and straw yield at
harvest, VIs were computed from a single UAV survey at crop stages
ranging from BBCH59 to BBCH69, depending on the availability of UAV
surveys. The measured crop parameters were then compared with VIs
based on UAV surveys averaged across three key growth stages (pre-
heading BBCH41, heading BBCH59, and post-heading BBCH69) for
Changins (2020, 2021, and 2022) and Reckenholz (2022). Due to
insufficient UAV survey coverage of these crop growth stages at Reck-
enholz in 2020 and 2021, it was not possible to estimate averages, and
single surveys from specific time points were used instead. For time
series crop parameters such as N-Tester and LAI, one single UAV survey
at crop stage period covering the period of measurements (between
BBCH41 and BBCH69) was selected to compute the VIs.

2.8. Data analysis

The orthomosaics were analyzed in the software QGIS (QGIS
Development Team 2019, version 3.28). Regions of interest were
created for each experimental plot. The spatial extraction of pixel values
per VI was done using RStudio Desktop (RStudio Team 2016, version
2023.03.1) with R version 4.2.3 “Shortstop Beagle” [38]. The packages
“rgdal,” “raster,” “stringr,” and ‘“data.table” were used. Before
computing pixel values, orthomosaics were pre-processed using the R
package “FIELDimageR” to exclude soil pixels by means of adaptive
threshold segmentation using VIs (single NIR band and NDVI) (https:
//github.com/filipematias23/FIELDimageR) [39]. This step improved
the consistency of the results over the sites and years. Removing soil
before computing VIs can be useful to avoid unwanted soil effects and
bias, which can lead to misinterpretation of spectral information,
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especially when soil cover is low in the early stages of winter wheat. The
process of image segmentation is commonly used in field crops to
improve the reproducibility of VI computations [40]. Visualizations and
analysis of the results with scatterplots, boxplots, relationship matrices
(from Pearson’s correlation), and dendrograms were performed using
the R packages “ggplot2,” “ggExtra,” “gridExtra,” “corrplot,” “Hmisc,”
and “openair.” The coefficient of determination (R?) and the root mean
squared error (RMSE) parameters from linear and quadratic regressions
between VIs and ground-based measurements were estimated using
functions available in base R. Clustering analysis was performed using
the single linkage method to highlight smaller groups as distinct clus-
ters. Variety differences at each N treatment (zero, reduced, and con-
ventional) were investigated using analysis of variance (ANOVA) and a
post-hoc Tukey test to detect significant differences.

A random forest analysis (RF) was conducted on VIs that were
consistently related to key wheat parameters, grain yield, straw yield,
and total N content in biomass at anthesis (BBCH65). RF is a non-
parametric ensemble supervised machine learning algorithm based on
decision trees, developed by Breiman [41]. It improves predictive ac-
curacy and controls overfitting by constructing many decision trees
during the training process and aggregating their outputs. Each tree is
built using a random subset of the data and a random subset of features
at each node split, which enhances model robustness and reduces vari-
ance in predictions. In this study, RF modeling was used to investigate
the differential predictive power of VIs with RE bands centered at 705,
717, and 740 nm to estimate total N content in biomass at anthesis, as
well as grain and straw yield. Additionally, RF was employed to deter-
mine whether VIs could predict grain and straw yield over the course of
the season. The analysis focused on seven critical crop growth stages and
management time points: before the second N application (BBCH31), at
two nodes (BBCH32), before the third N application (BBCH39), at
booting (BBCH45), at heading (BBCH55), at anthesis (BBCH65), and
during grain filling (BBCH71). This evaluation was performed exclu-
sively at Changins over three growing seasons (2020-2022), as some of
these stages were not included at the Reckenholz site.

RF analyses were implemented using the Jupyter Notebook interface
(JupyterLab 4.0.11) in Python 3.12.4. Machine learning modeling was
carried out with the scikit-learn library (version 1.6.1) using the Ran-
domForestRegressor, with hyperparameters optimized via grid search
and five-fold cross-validation. Model performance was assessed by
calculating the coefficient of determination (R?) and the root mean
squared error (RMSE) for both the training and independent test data-
sets. Feature importance scores were used to identify the most infor-
mative spectral-temporal features, reflecting each VI contribution to
model predictions. These scores were visualized using matplotlib
(3.10.0) and seaborn (0.13.2).

Fig. 1 provides a summary of the data collection materials and pro-
cessing steps.

»

3. Results
3.1. Crop N status estimation

The relationship between three main crops N components, total N in
biomass at anthesis, the chlorophyll content (measured by a chlorophyll
meter, N-Tester), the N in the grain at harvest, and spectral information
(single bands, single VIs, and combined VIs) obtained using a UAV-
mounted sensor was examined by means of linear regression (Fig. 2;
Supplementary Table 2). Total N in biomass at anthesis showed
consistent relationships with UAV spectral information. The coefficient
of determination (Rz) between total N in biomass and the combined VI
NDRE705_NDVI was greatest in Changins 2020 (R? = 0.92). This com-
bined VI was also the most accurate predictor of total N in biomass in
2021 (R? = 0.74) and 2022 (R* = 0.63) in Changins. In Reckenholz, the
relationships between total N in biomass at anthesis and spectral in-
formation were, overall, weaker compared to Changins
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Data collection: 2 sites X 3 seasons X 5 varieties
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Fig. 1. Overview of the data collection and processing workflow.

(NDRE705_NDVI: R?= 0.47, 0.60, and 0.23 for 2020, 2021, and 2022,
respectively).

The regression between NDRE705_NDVI and total N in biomass was a
better fit using a quadratic than a linear regression in one case (Changins
2021), but overall, the R? did not significantly change (Fig. 3). The
scatter plots grouped by year and site showed different patterns ac-
cording to site (Fig. 3). In 2020 and 2021 in Changins, there were
contrasted levels of total N in biomass at anthesis in line with the three
main N treatments (zero, reduced, and conventional). In the same years,
the total N in biomass did not form clusters according to the main N
treatments in Reckenholz. In 2022, the difference between the N treat-
ments was comparable in Changins and Reckenholz.

Three VIs including RE band centered at 705 nm—NDRE705_NDVI,

MRENDVI and MCARI_705_MTVI2—showed strong relationships with
chlorophyll content in leaves measured using N-Tester. The strongest
relationship was obtained in 2022 for NDRE705_NDVI (R? = 0.8) in
Changins. The MRENDVI (R? =0.56-0.73) and MCARI_705_ MTVI2 (R*
=0.65-0.7) showed a consistently strong relationship in Changins over
the three years (2020-2022), albeit lower than the NDRE705_NDVI
combination. Additionally, MCARI_705_MTVI2 was better at predicting
chlorophyll content across seasons in Reckenholz, even though the R2
values were generally weaker compared to Changins.

The relationships between total N in grain at harvest and VIs were
more variable and ranged from strong in 2020 for both sites (RZ = 0.76
in Changins and R? = 0.73 in Reckenholz) to very weak R? in 2022 in
Reckenholz (R? = 0.15). VI-based predictions were less consistent than
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Fig. 2. Relationship matrix between traits linked to wheat N status and vegetation indices (VIs) obtained using a UAV-based multispectral sensor in the crop seasons
2020, 2021, and 2022. The highest coefficient of determination (R?) and the lowest root mean squared error (RMSE) for each wheat trait are reported across years
and sites. Model performance was evaluated using linear regressions, where wheat traits served as dependent variables and single or combined vegetation indices as
predictors. The total N in biomass at anthesis (BBCH65) and the chlorophyll content (average of measurements at BBCH45 and BBCH65) are compared to UAV survey
dates in the same crop stage period. Chlorophyll content was measured with a N-Tester® (Yara International ASA, Oslo, Norway). Total N in grain is related to UAV
survey dates between BBCH59 and BBCH69. R? values are shaded from white (low) to green (high), and RMSE values from white (low) to red (high). Square sizes
vary from small (low values) to large (high values) based on R? and RMSE, enhancing the contrast in the visualization.
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Fig. 3. Relationship between the combined VI NDRE705_NDVI (x-axis) and the total N content in biomass at anthesis (y-axis). Data points are grouped according to
varieties (shapes) and N treatments (colors). The total N in biomass at anthesis (BBCH65) corresponds approximately to a UAV survey date at the same crop stage.
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in the figure for each location (Changins and Reckenholz) and each season (2020, 2021, and 2022). NO (0 kg N ha’l), N1 (80 kg N ha’l), N2 (80 kg N ha’l), N3

(40-80-40 kg N ha™!), N4 (40-120-0 kg N ha ') and N5 (40-40-80 kg N ha™1!).

the total N in biomass at anthesis and chlorophyll content in leaves. The
NDRE705_NDVI was again one of the best-performing VIs at predicting
total N content in grain at harvest, with the strongest relationship in
2020 in Changins (R? = 0.76).

3.2. Prediction of crop yield, biomass, and leaf area

Fig. 4 shows the relationships between grain yield and VIs (based on
a single UAV survey in the crop stage period ranging from BBCH59 to
BBCH69. NDRE740 had the strongest relationship with grain yield in
2021 for Changins (R? = 0.93). NDRE717 and NDRE705 performed
better than NDRE740 in predicting grain yield at Reckenholz in 2021
and at Changins in 2021 and 2022, and had a consistent and strong
relationship with grain yield. The R? varied between 0.59 and 0.92 and
was comparable to the NDRE740 predictions, considering all years and
sites. As grain yield is a complex trait that may not be estimable by a
single UAV survey, flights from several crop stages (BBCH41, BBCH59,
and BBCH69) were considered, and the average VI values were
computed for Changins and Reckenholz in 2022 (Fig. 5). The average
NDRE717 across the three UAV surveys slightly improved the R®
(Fig. 6). As observed in the analysis of total N in biomass, grain yield was
also impacted by the site and season.

Straw yield was only measured in Changins and showed consistent
relationships with several VIs (Fig. 4). The strongest relationship was
obtained when comparing straw yield and a single blue band (444 nm,
R? = 0.87; Supplementary Table 3). Furthermore, four VIs—NDVI,
NDRE705, MCARI_740, and MCARI_740_MTVI—had high R? values,

varying from 0.72 to 0.84 across seasons. The MCARI_740_MTVI was
further examined using scatterplots (Fig. 7). The relationships improved
for each crop season when considering the average spectral values of
several UAV surveys during critical growth periods of wheat (BBCH41,
BBCH59, and BBCH65), as well as using quadratic regression. Discrim-
ination of points within the N treatment blocks (0 kg N ha™?!, 80 kg N
ha! and 160 kg N ha™!) and varieties was also clearly visible in the
scatter plots with high values, with high straw biomass for CH_Claro,
Montalbano, and Runal compared to low values for CH Nara and
CH_Camedo (Fig. 7). Overall, a strong relationship was found between
straw yield and VIs when combined with the RE band centered at 740
nm; however, these VIs did not show any relevant relationship with
grain yield (Fig. 4).

For the leaf area index measured with a ceptometer, contradictory
results were obtained. Overall, the link between the RE band centered at
740 nm and wheat biomass was not confirmed because VIs containing
other RE bands performed better for LAI prediction (e.g., NDRE705 and
NDRE717 compared to NDRE740). In general, single rather than com-
bined VIs had better relationships with LAI (Fig. 4).

3.3. Consistency and reproducibility of VIs for different wheat traits

Fig. 8A shows the relationship between the studied wheat parame-
ters and the most promising VIs for Changins and Reckenholz across the
three crop seasons (2020, 2021, and 2022). The analysis highlights the
relationships between VIs based on different RE bands and the key traits
of wheat (Fig. 8A). The VIs computed with the RE band centered at 705
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Fig. 4. Relationship matrix between wheat traits related to yield components and vegetation indices (VIs) obtained using a UAV-based multispectral sensor in the
crop seasons 2020, 2021, and 2022. The highest coefficient of determination (R?) and the lowest root mean squared error (RMSE) for each wheat trait are reported
across years and sites. Model performance was evaluated using linear regressions, where wheat traits served as dependent variables and single or combined
vegetation indices as predictors. Grain and straw yield were related to spectral data from a UAV survey date between BBCH59 and BBCH69, depending on the
available data. The LAI (average of measurements at the BBCH45 and BBCH65 stages) was compared with a UAV survey date in the same crop stage period. R* values
are shaded from white (low) to green (high), and RMSE values from white (low) to red (high). Square sizes vary from small (low values) to large (high values) based
on R? and RMSE, enhancing the contrast in the visualization.
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nm—NDRE705_NDVI, MRENDVI and MCARI_ 705 MTVI2—were the
most consistent predictors of N content in biomass at anthesis and
chlorophyll content in leaves across sites and years. For grain N content
at harvest, relationships were generally weaker compared to the other
relationships between VIs and crop traits, and no clear discrimination
was observed between VIs using the RE band centered at 705 nm and
those using the other RE bands. Notably, NDRE705_NDVI also presented
a strong relationship with other crop traits, such as grain (R? = 0.73) and
straw yield (R? = 0.66). Grain yield achieved the strongest relationship
with VIs using RE bands centered at 717 nm, such as NDRE717 (N
chlorophyll content indicator) and MSR_Rede717 (biomass indicator).
Finally, the VI combined with the RE band centered at 740 nm
(MCARI_740_MTVI) did not show consistent relationships with the main
crop traits, except for straw yield, for which the relationship was strong
(R? > 0.83) and consistent across both sites and years.

The dendrogram in Fig. 8B provides additional information con-
cerning the relationships between all variables. MCARI_705_MTVI2
seemed different compared to other VIs and was classified in a separate
cluster. The total N content in grain at harvest and chlorophyll content
were closely related to the total N at anthesis. The grain yield was
grouped with VIs, including the RE band centered at 717 nm (NDRE717
and MSR_Rede717) and at 705 nm (NDRE705_NDVI and MRENDVI).
Straw yield and VI MCARI_740_MTVI, which showed the strongest R%in
the relationship matrix, were in the same cluster and closely related to
LAI and total N at the anthesis.

The random forest model achieved the highest predictive perfor-
mance for grain yield (R* = 0.92 and RMSE = 410 kg N ha™1). Similarly,
strong results were obtained for straw yield (train R* = 0.89 and RMSE =
464 kg N ha™!) and total N in biomass (train R? = 0.9 and RMSE = 0.2
%). For both grain and straw yield prediction, NDRE centered at 740 nm
emerged as the most important predictor, though at different crop
stages: at heading for grain yield and during grain filling for straw yield
(Fig. 9A and 9B). By contrast, the prediction of total N content in
biomass at anthesis was most strongly influenced by the MCARI VI
centered at 705 nm, measured during stem elongation and before the
third N application (Fig. 9C).

3.4. Winter wheat varieties

The performance of individual varieties for three main wheat traits
(total N in biomass at anthesis, and grain and straw yield) was compared
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Fig. 8. Relationship matrix (A) and dendrogram (B) including the most promising VIs and crop traits. The coefficient of determination (R?) values are reported in the
relationship matrix. The components (traits or VIs) linked to nitrogen, grain yield, and biomass are highlighted with colors from white to green for low and high R?
values, respectively. The dendrogram height indicates the degree of dissimilarity between the clusters.

10



N. Vuille-dit-Bille et al.

(A)
Heading_NDRE740

Anthesis_NDRE717

Anthesis_NDRE705_NDVI

Anthesis_ NDRE740

Grain_Filling_NDRE717

Heading_NDRE705_NDVI

Anthesis_NDRE705

Grain_Filling_NDRE740

Booting_ NDRE705_NDVI

Booting_NDRE740

000 010 020 030 0.40

(€)
Stem_Elongation_ MCARI705 _
Stem_Elongation_MCARI717_MTVI
Stem_Elongation_MCARI717
Anthesis_MCARI705_MTVI2
Heading_NDRE740_NDVI
Anthesis_NDRE705_NDVI
Booting_MCARI705_MTVI2
Grain_Filling_NDRE740
Booting_NDRE717_NDVI

i
[
I
I
I
I
I
I

Anthesis_ NDRE740

0.00 0.20 0.40

Smart Agricultural Technology 12 (2025) 101528

(B)
Grain_Filling_NDRE740

Anthesis_ NDRE705

]
Anthesis_NDRE740 .
Grain_Filling_NDRE717 .
Heading_NDRE705 I
Heading_NDRE717 I
Heading_MCARI740 I
Stem_Elongation_MCARI705 I
Anthesis_NDRE717 |:|

Anthesis_NDVI

0.00 0.10 0.20 0.30

Fig. 9. Ten most important vegetation indices VIs identified by random forest analysis for predicting (A) grain yield, (B) straw yield, and (C) total N content in
biomass at anthesis (BBCH65) in Changins across three growing seasons (2020-2022). Time-specific VIs are labeled by crop growth stages.

with the values obtained for VIs by means of analysis of variance and
boxplots (Fig. 10) for conventional N treatment levels (N3, N4, and N5).
The analysis was further extended for the reduced (N1 and N2) and zero
(NO) N treatment levels (Supplementary Figs. 2 and 3). CH_Nara showed
higher overall values compared to the other varieties for both N content
in biomass at anthesis and NDRE705_NDVI across years and sites. There
were some exceptions for Reckenholz in 2020 and 2021, where the VI
patterns did not follow the same trend observed for the wheat param-
eters, with lower values compared to other varieties, such as

11

Montalbano.

Montalbano generally produced the highest grain yield. This obser-
vation was confirmed with NDRE717, which aligned well with the VI
values. However, in 2022 at Changins, Montalbano was less productive
than most of the other varieties, yet the NDRE717 predictions indicated
high values for this variety, suggesting a discrepancy. At Reckenholz,
another variety, CH_Claro, also had high grain yield and high values for
NDRE717 over the three years (2020-2022). In 2022 in Reckenholz,
Runal had a particularly low grain yield, and this observation was also
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Fig. 10. Comparison between crop traits and VIs for conventional N treatments (average of N3, N4, and N5) across crop seasons (2020, 2021, and 2022). For each of
the following components, vegetation indices, N in biomass at anthesis (A), grain (B), and straw (C) yield at harvest, an analysis of variance between varieties was
performed, and results of a post-hoc Tukey test are shown by means of significance levels: * = p < 0.05, ** = p < 0.01, *** = p < 0.0001. MCARI_740_MTVI and
NDRE717 were averaged across three UAV surveys linked to key crop stages (BBCH41, BBCH59, and BBCH65) to be compared to dynamic crop traits, such as grain

and straw yield.

noticed with low values of NDRE717.

The straw yield at harvest was measured only in Changins. For this
parameter, the variations were mainly explained by varieties and were
consistent over the years and sites, which is in line with MCAR-
1.740_ MTVIL. Montalbano, CH_Claro, and Runal showed high straw
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yields in Changins over the three years (2020-2022) compared to
CHNara and CH_Camedo. In addition, the MCARI_740_MTVI delivered
different information compared to NDRE705_NDVI and NDRE717 and
was strongly correlated to the straw yield parameter, with the same
difference trends between varieties. For example, in Changins in 2022,



N. Vuille-dit-Bille et al.

CH Nara had high values for total N in biomass at anthesis
(NDRE705_NDVI) and grain yield (NDRE717), but a low value for straw
yield (MCARI_740_MTVI).

4. Discussion

4.1. Potentialities of 10-band multispectral aerial imaging for N
fertilization trials

The results of this study show that a 10-band multispectral aerial
sensor allowed the prediction of N (0.27<R2<0.92) and chlorophyll
(0.36<R2<0.80) content in the biomass of winter wheat from UAV
surveys conducted before grain filling (Fig. 2). Biomass and its N content
are central parameters targeted by N fertilization trials because they
allow estimation of the N Nutrition Index (NNI), which is a reliable in-
dicator of wheat N status. However, its determination is laborious and
expensive when it depends on the conventional practice of taking
destructive biomass samples [42]. In this study, we reliably assessed
biomass N content over crop seasons, N treatments, and sites in less time
and with fewer resources using a UAV. Since critical N concentration
levels for the NNI should be estimated practically for the entire vege-
tative period of wheat, UAV multispectral imagery can improve the in-
formation that N fertilization trials deliver to farmers. Although
predictions of grain yield and grain N content before harvest, straw
yield, and LAI have not generally been of central interest in N fertil-
ization trials, they could make N fertilization trials more informative
and increase their range of application. Here, our method predicted
grain yield from multispectral images collected before the onset of grain
filling with a R? that ranged from 0.76 to 0.93wiwww, while the cor-
responding values for total N in grain were 0.15 and 0.76. For LAI, the
minimum and maximum R? values were 0.26 and 0.81, respectively. The
predictions of grain N content were generally more accurate from UAV
surveys after anthesis (Fig. 2) than from surveys close to physiological
maturity (data not shown). Combining UAV estimates of LAI, grain N
content, and yield from N fertilization trials with crop growth models
[43,44] may allow predictions for in-season modulation and optimiza-
tion of N fertilizer rates. This can help farmers make more informed
decisions about N fertilization during the growing season.

As the importance and awareness of agricultural sustainability
grows, the goals of improving crop production and environmental
quality converge. Accordingly, N use efficiency (NUE) is an established
metric used to benchmark N management from N fertilization trials.
Increasing NUE in agriculture remains a main concern in Switzerland, as
NUE is low (30 % in 2014) [45] compared to other countries, such as
Denmark (41 % in 2012) [46]. There are numerous approaches to
calculating NUE that depend on the objective of the calculation,
including fertilizer, crop, soil, production system, and landscape
perspective [47]. Two parameters, grain yield and N content, that were
reliably predicted in this study (Tables 5 and 6) with UAVs are useful for
all NUE indicators, particularly for several fertilizer-based indicators (e.
g., partial factor productivity, N surplus, and fraction of N allocated to
yield N) and crop-based indicators (e.g., N utilization efficiency, internal
efficiency, and N harvest index) of NUE. This is particularly useful for
characterizing the response of N management on yield, quality, and NUE
of winter wheat varieties, as differences among them with implications
for N management have been reported [48,49]. For faster improvement
in NUE on farms, Sylvester-Bradley et al. [48] suggested conducting
breeding and variety testing at some sites with more than one level of
applied N and that grain N %, N harvest index, and canopy N ratio (kg N
ha~! green area) should be measured more widely. More cost-effective
measurements of these parameters with multispectral aerial imaging
instead of classic destructive samplings could free resources to increase
the number of varieties and levels of applied N. The possibility of
accurately estimating biomass N content at anthesis from multispectral
aerial imaging, along with N content at harvest, allows the estimation of
post-anthesis N uptake of large panels of varieties. Post-anthesis N
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uptake has been reported as a key trait to improve NUE in winter wheat
[50]. These indicators will be useful in the near future when sustain-
ability aspects become mandatory for the registration of varieties in
Europe, as expected with a recent update in the legislation on the pro-
duction and marketing of plant reproductive material [47,51].
Furthermore, variety-specific predictions of biomass, biomass N content,
grain yield, and grain N content could lead to a more accurate deter-
mination of N needs in specific environments.

In this study, multispectral aerial imaging allowed the prediction of
straw yield (Fig. 4), a parameter that is not usually reported in N
fertilization trials. This indicates that including straw yield estimates
from multispectral aerial imaging in reports of N fertilization trials could
provide useful information about the implications of the choice of va-
rieties and N fertilization rates on soil fertility beyond a single growing
season. Straw yield estimates can be indicative of the amount of residues
left after the harvest and, therefore, the capacity to regenerate soil at-
tributes, such as soil organic matter. Residue management affects soil
properties, soil erosion, and crop production [52]. Multispectral aerial
imaging can support the determination of threshold levels of straw
removal according to soil types, aiming at maintaining or enhancing soil
productivity, sustainability, and environmental quality. Therefore,
quantifying straw production can provide insights to better manage
trade-offs among obtaining extra farm income from selling straw,
maintaining soil health by increasing the soil organic matter content,
and avoiding high levels of residue that may hinder post-harvest oper-
ations, such as planting the succeeding crop [53]. Straw yield along
grain yield and above-ground biomass [54,55] can deliver framers a
more integrative perspective to make N management decisions.

4.2. Spectral response of winter wheat varieties as related to N status

To the best of our knowledge, previous studies evaluating the re-
sponses of winter wheat to nitrogen supply with a multispectral sensor
have used only one RE band centered at 717 or 730 nm [26,56] to assess
wheat traits related to N status. The VIs that included the RE band
centered at 705 nm were strongly correlated with the ground truth
measurements for chlorophyll content and total N in biomass at
anthesis. This was highly consistent for Changins across the three crop
seasons for the combined VI NDRE705_NDVI. Although in Reckenholz,
the relationships were weaker compared to Changins, NDRE705_NDVI
explained a significant proportion of the variance in two out of three
years (Fig. 3). Two main hypotheses are put forward to explain the lower
prediction performance in Reckenholz.

First, Reckenholz is a remote experimental site, which led to logis-
tical issues that limited the frequency of flights during the growing
season. The VIs for Changins were estimated from several flights, while
for Reckenholz, this was generally done from one flight. This shows the
accuracy advantage of estimating VIs from more than one flight. In
addition, spectral quality is optimized (around noon and without
clouds), which could have also led to lower prediction accuracy in
Reckenholz, since the requirements to optimize spectral quality could
not always be fulfilled (Supplementary Fig. 1). The quality of the ground
truth samples may also have introduced some bias. In most years,
biomass sampling at anthesis could not be done on the same day as the
UAV survey. By contrast, in Changins, the biomass sampling almost
perfectly matched the UAV survey dates, and the biomass samples from
Reckenholz could not be dried right after they were collected and were
usually dried around five hours after collection due to the distance be-
tween the field and the drying facilities. This may have led to the
degradation of samples due to warm temperatures and humidity [57].

Second, the soil N availability was generally greater in Reckenholz
than in Changins; thus, there were fewer contrasted responses to the N
treatments than at Changins. Although the N rate was estimated
considering soil N content after winter, a higher N mineralization in
spring and summer can be expected in Reckenholz compared to Chan-
gins. At Changins, the values were uniformly distributed along the VI
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values for the three main N treatments (zero, reduced, and conventional
supply of N fertilizer), thereby showing stronger relationships between
spectral and ground truth data. Reckenholz generally presented greater
relative humidity conditions over the season and years compared to the
Changins. This may have disturbed the spectral signal, especially in the
NIR region, which is sensitive to water content in plant tissues, and
variations in moisture content among varieties can affect the plant N
content estimation [58].

The plant canopy has high reflectance in the NIR bands, and it is
absorptive in the red bands, providing meaningful information about
crop growth [54] and plant N levels [59,60]. However, it becomes less
reliable at both low and high N levels, which saturates the signal [61,
62]. Therefore, due to the strong relationship between N and biomass
[63,64], the most accurate VI for predicting total N in biomass at
anthesis was a combination of VIs (NDVI and NDRE705). The combined
VI NDVI_NDRE705 also demonstrated adequate sensitivity to detect
differences at the variety level (Fig. 10). Specifically, CH_Nara exhibited
higher average values for N content in biomass at anthesis, as well as for
the combined VI NDRE705 NDVLI. This finding is consistent with pre-
vious studies that have reported a superior grain N content of this va-
riety compared to others [65,66]. Additionally, the combined VI
NDRE705_NDVI effectively predicted total N content in biomass because
it isolates foliar pigment signals (closely linked to N) by canceling out
shared sensitivities to LAI and soil background present in both NDRE
and NDVI [67].

In addition to red (671 nm) and NIR (780 nm) spectral bands, the red
edge bands centered at 705 nm showed promising potential to predict N
content in biomass and chlorophyll. This is in line with Stone et al.’s
[59] and Zhao et al.’s [60] notions that the spectral region from 550 nm
to 710 nm is particularly suitable to characterize crop N status. MTCI
(MERIS Terrestrial Chlorophyll Index) covering chlorophyll absorption
characteristics in the red edge region (around 709 nm) has been linked
to chlorophyll content in plants. It also combines reflectance informa-
tion at 754 nm and 681 nm to reduce soil background noise [58,68].
MRENDVI and MCARI_MTVI2 showed a consistent potential to predict N
content in leaves when combined with the red edge band centered at
705 nm (MCARI_705_MTVI2). This VI was quite sensitive, and there was
a need to segment images to remove soil background effects, especially
at an early stage when the soil was not fully covered. The VI combined
with broadbands and RE bands centered between 710 and 735 nm was
previously shown to be related with N concentration [18,26], but the
relationship was not particularly strong in this study (R? < 0.5). This VI
is described as having the advantage of discriminating small differences
between varieties, but here, they performed worse than
NDRE705_NDVI. Although portable and non-destructive instruments
such as the SPAD-502 Plus (Konica Minolta Optics, Japan) or the
N-Tester® (Yara International ASA, Oslo, Norway) are considered more
accurate than VIs for measuring leaves with a high chlorophyll content
[69], the VIs MRENDVI, MCARI_705_MTVI2 and NDRE705_NDVI were
closely related to chlorophyll content measured by a chlorophyll meter.
Moreover, VIs from UAV sensors demonstrated more representative
measurements, given their coverage of the entire plot.

Predicting total N in grain at harvest, a proxy of grain protein and
grain quality, proved to be challenging. We attribute this to the changes
that occur in the crops during grain filling. During this period, there is a
constant loss of relevant spectral information toward zero until the crop
is dry and reaches physiological maturity [70,71]. NDRE integrating the
RE band centered at 740 nm showed promising relationships with the
total N in the grain. Similarly, a recent study found that using NDVI
combining the RE band at 730 nm and including textural information in
different modeling methods gave the best results for estimating the total
N in grain from booting to the early grain filling stage [72].
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4.3. Spectral response of winter wheat varieties as related to grain yield,
LAI and straw Yyield

Traits that depend on dynamic morphological and physiological
processes, such as grain yield, can be difficult to predict. To accurately
estimate grain yield before harvest, morphological traits, such as plant
height, ear density, above-ground biomass, and days to anthesis, as well
as physiological traits, such as stomatal conductance and onset of
senescence (stay green), have been used to account for the complex
responses that determine grain yield [73,74]. Our findings show that
straw and grain yield and LAI had strong relationships with VIs,
particularly with those involving RE bands. The results also highlight the
importance of the RE band centered at 705 nm. Moreover, the VIs
NDRE717 (RE centered at 717 nm) and MCARI_740 MTVI (RE centered
at 740 nm) showed the most consistent overall performance in pre-
dicting grain and straw yields, respectively. For LAI, there was no
indication of one specific RE band, but VIs with several RE bands showed
the best overall results (Fig. 4). At Changins, where both ground and
aerial measurements could be done more intensively and consistently
over the three years (2020, 2021, and 2022) of the study, there were
strong relationships between VIs using different parts of the RE spectrum
centered at 705, 717, and 740 nm and above-ground biomass at anthesis
(data not shown), grain yield and straw yield (Fig. 4). Moreover, the
close relationship between VIs using an RE band centered at 717 nm and
LAI was of particular interest. The estimation of LAI by a ceptometer is a
common practice by researchers that can be used as a proxy for biomass
[75]. A UAV-based estimation of LAI is less time consuming than a
ceptometer-based one, and as shown here, it can be achieved with an
accuracy of R% =0.68 (Fig. 6).

Besides providing good predictors of traits that are critical for wheat
productivity, VIs with RE bands were also useful for predicting variables
that are important for the sustainability of a farm operation, such as
straw yield. Indeed, the variety CH_Nara, which is a very short variety in
terms of plant height (Table 1), had low straw yield during the three
years of trial (2020-2022) compared to the other varieties that were
grown, namely CH Camedo (short), CH_Claro (short to intermediate),
and Runal and Montalbano (intermediate). This wheat parameter
seemed consistent over site and years, thus independent of environ-
mental conditions, with lower straw yields, on average, for CH_Nara and
CH_Camedo compared to other varieties. Straw yield was closely related
to combined VIs, such as MCARI2_740_MTVI (RE band centered at 740
nm). This confirmed the relevance of using this VI to accurately estimate
straw yield (Fig. 4) and to identify differences among varieties (Fig. 7).
Clearly, it allowed for characterizing varieties with high (Montalbano,
CH_Claro, and Runal) compared to low straw yields (CH_Nara and
CH_Camedo).

Numerous studies have investigated wheat N response using multi-
spectral or hyperspectral sensors, either ground-based [76,77],
UAV-based [26,56,78-80], or through a combination of both ap-
proaches [81]. A hyperspectral sensor was used to estimate crop N from
the tissue protein content [82]. However, the cost of hyperspectral
sensors is prohibitive for most organizations carrying out N fertilization
trials. Although UAV operation has become safer in recent years, other
organizations are also reluctant to invest in hyperspectral sensors for
UAUVs, given the risk of a UAV crash or UAV flyaway.

Most studies using multispectral sensors combine VIs with a single
RE band, typically centered around wavelengths such as 735 nm [26,
771, 730 nm [76], or 717 nm [56], to predict wheat traits, including
canopy structure, biomass, N nutrition index, N uptake, plant N content,
protein content, and grain yield. However, given the variability in wheat
response analysis, it is important to consider biomass- and N
status-related traits separately, as part of this variation is
genotype-dependent. For instance, the variety CH_Nara is characterized
by low biomass production and high canopy N content [65,66]. This
example highlights the importance of specifically targeting different
crop traits to accurately derive combined N-related components, such as
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N uptake or NNI. Accordingly, this study emphasizes the advantage of
using a multispectral sensor equipped with three RE bands to accurately
characterize wheat variety responses linked to variety performance and
sustainability across different environments. This observation was sup-
ported by the RF results, which highlighted the high importance of VIs
with RE bands centered at 740 nm for predicting grain and straw yields.
In contrast, VIs with RE centered at 705 nm were stronger predictors of
total N content in biomass at anthesis. Notably, the most important
feature was associated with the critical management period preceding
the third N application, offering valuable insights for informed
decision-making in winter wheat production. Recent studies have
demonstrated the potential to improve NUE by adapting nitrogen
application to specific field conditions [5,83,84], including small- to
medium-scale fields typical of Swiss agriculture [26,85,86]. However,
these approaches often rely on prescription maps derived from VIs
calculated using only a single red-edge (RE) band. In the present study,
we explored the potential of using RE band-specific VIs to enhance the
accuracy of fertilization maps. This approach could support the devel-
opment of more robust and transferable models for nitrogen manage-
ment across diverse environments and multiple winter wheat varieties.

Nitrogen availability varies spatially and temporarily according to
factors such as soil properties, management, and weather [87]. Besides
the applications for N fertilization trials described here, UAVs allow for
obtaining information from fields’ spatial and temporal variability and,
in turn, improve the utilization of fertilizer and reduce losses. Different
field areas with similar N needs can be detected and treated accordingly
by applying specific N fertilizer rates [88]. The N fertilizer application
adapted to specific site conditions therefore allows for minimizing N
leaching and greenhouse gas emissions [89]. Although satellites may
show advantages in covering large fields, UAVs are particularly suitable
for small and medium-size fields [26,85,86], as is mostly the case in
Switzerland (Swiss Federal Statistical Office FSO) [45]. Moreover, UAVs
are less affected by cloud cover, which can disturb data availability and
quality from satellites. Additionally, important considerations in the use
UAVs or satellites are the initial investment in UAVs and sensors, the
time needed in UAV training and surveying, and data processing [90].

Follow-up studies to further develop these methods and deploy them
should include a larger panel of winter wheat varieties and consider the
impact of the differences in phenology on spectral responses. UAV-based
indicators of biomass and grain production have shown promising po-
tential to predict yield parameters in several other crops [55,91,92].
Furthermore, the findings of this study with supplemental RE bands
could be evaluated in other important field crops as well as methods
combining traits such as plant height and VIs [92,93] that use only a
single VI [93,94] or multiple VIs [92,95,96]. New studies could further
address additional spectral responses [96], combining VI predictions
over time [96,97], and take advantage of developments in machine
learning [58]. Although VIs incorporating the RE band centered at 705
nm showed a clearer and more consistent ability to predict N-related
traits—such as chlorophyll content and total N in biomass at anthe-
sis—this study did not deliver conclusive results about the potential of
RE bands centered at 717 nm and 740 nm to predict grain yield, straw
yield, and LAI. Relationship analyses indicated that VIs using the RE
band at 717 nm were stronger predictors of grain yield, while those
including the 740 nm RE band were more closely associated with straw
yield. However, the RF analysis identified NDRE (with the RE band at
740 nm) as the most important feature for predicting both grain and
straw yield. To further explore and better differentiate the predictive
potential of these RE bands, future studies should consider using a
broader panel of winter wheat varieties across a wider range of
environments.

5. Conclusion

A 10-band multispectral sensor mounted on a UAV enabled the
measurement of the biomass N content of winter wheat varieties grown
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in N fertilization trials located at different sites and across three seasons.
This measurement is critical for providing NNI insights to farmers who
manage N in winter wheat. Our findings suggest adding predictions of
LA, grain, and straw yield from multispectral UAV surveys to N fertil-
ization trials, based on both the accuracy of these parameters and their
potential superior cost-effectiveness compared to conventional ap-
proaches. As shown here, such integration can supplement the outcomes
of N fertilization trials with useful information about NUE and residue
management, a practice that affects soil carbon and fertility. We present
evidence that including more RE bands in the evaluated sensor can allow
for the estimation of VIs by combining specific RE bands to predict total
N in aboveground biomass (RE band centered at 705 nm) and grain and
straw yield (RE bands centered at 717 nm and at 740 nm). The VIs
combining specific RE bands outperformed those proposed in previous
studies using multispectral sensors. This spectral information can be
used to support wheat N fertilization application, taking into account
specific variety needs and environmental conditions.

Future research should incorporate a broader panel of varieties to
better assess the accuracy of spectral data, accounting for variation in
crop response due to phenological differences captured through time-
series measurements. In addition, the experimental design should
include fields cropped under conservation, organic, and regenerative
agriculture to evaluate the stability and performance of vegetation
indices under varying cropping systems. This will enhance the applica-
bility of these indices across broader contexts. Building on this frame-
work, future research should also expand to other crops, such as maize
and barley and to diverse environmental stress scenarios such as drought
that substantially influence response to N fertilization.

Developing automated UAVs data collection and processing pipe-
lines with user-friendly platforms for smooth integration from flight
planning to decision-making will maximize the use of UAVs and support
real-time decisions. In addition, future research should be directed to-
ward automating the integration of UAVs and satellite sensing plus
weather information and artificial intelligence to develop a robust de-
cision support system.
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