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Abstract: Implementing a variable-rate application (VRA) of fertilization based on real-time
crop growth status reduces costs and enhances work efficiency. However, the technical
challenges associated with obtaining accurate growth-distribution maps and applying
VRA, particularly with agricultural drones, remain underexplored. In this study, we
specifically focused on agricultural drone-based VRA fertilization for regulating wheat
protein content. First, normalized difference vegetation index (NDVI) distribution maps
were obtained using multispectral images captured using a small unmanned aerial vehicle.
Subsequently, a prescription map based on the NDVI values was generated to facilitate
the implementation of VRA for fertilization. Continuous monitoring of changes in related
vegetation indices was conducted from post-topdressing to harvest. Experimental results
indicated that selecting targeted experimental survey areas based on different growth
conditions can result in accurate predictions of the final yield. However, it is sill ineffective
for predicting protein content or protein yield. Additionally, VRA fertilization with less
fertilizer in high-NDVI areas and more fertilizer in low-NDVI areas showed no significant
difference in final protein content or protein yield compared to conventional uniform
fertilization. These findings provide reference data for advancing precision agriculture by
addressing field-scale variability for high-quality and uniform production while presenting
further research challenges.

Keywords: variate-rate fertilizer application; agricultural drone application; unmanned
aerial vehicle; remote sensing; wheat protein content

1. Introduction

The pursuit of precision and efficiency in contemporary agriculture, driven by the
ever-growing global demand for crop production, has become increasingly imperative [1].
Variable-rate application (VRA), a practice that tailors nutrient, herbicides, and insecticide
control based on crop growth status, is at the forefront of the precision agriculture revo-
lution [2]. The potential economic and environmental benefits associated with VRA have
been widely acknowledged, promising reduced costs and improved work efficiency [3,4].

Recent studies have focused on the use of spectral indices to produce prescription
maps useful for the application of VRA [5]. These prescription maps are typically gen-
erated based on the analysis results of crop growth status, soil conditions, or historical
data distributions, and are then transmitted to VRA-compatible agricultural machinery
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for conducting precise farming operations [6]. With the increasing maturity of unmanned
aerial vehicle (UAV)-based remote sensing technology in recent years, various indices
derived from UAV imagery, such as vegetation indices (VIs), field elevation differences,
and surface water retention rates, are highly suitable for generating precise prescription
maps [7,8]. These prescription maps can be used for applications such as cotton defoli-
ation spraying [9,10], cotton pesticide application [11], and herbicide patch spraying in
maize [12].

Although various agricultural machines support VRA, including emerging agricul-
tural drones for crop protection, research reports on prescription-map-based VRA remain
limited. With regard to agricultural drones, there were originally few commercial models
that supported VRA, and their usage methods were specialized and not publicly available to
general users. Using an agricultural drone capable of VRA, Yi et al. [13] successfully applied
the green normalized difference vegetation index (GNDVI) derived from UAV imagery
for variable-rate spraying in cotton defoliation applications. Song et al. [14] developed a
variable-rate control system for a UAV-based granular fertilizer spreader. Nevertheless, for
extensive arable crops such as wheat, corn, and rice, practical applications of VRA remain
scarce, let alone in the area of wheat protein uniformity, which is a particular concern
of ours.

Some studies have elucidated the relationship between wheat protein content, yield,
and nitrogen (N) application [15,16]; however, they have not explored technologies for
wheat protein regulation. In practical production, variations in field geography and local-
ized soil nutrient imbalances often lead to inconsistent wheat protein distribution, resulting
in uneven grain quality. The VRA of fertilization is essential to standardize growth differ-
ences within a field and ensure both high and uniform protein content.

Our research specifically utilized VRA technology to regulate growth heterogeneity
in wheat fields. We used two types of UAVs: one for remote sensing and the other for
plant protection. Based on the extensive literature we reviewed, we will refer to the
small commercial UAV used for remote sensing simply as the ‘UAV’, and the one used
for agricultural plant protection as the ‘agricultural drone” hereafter. Our experiment
overcame multiple technical challenges, including diagnosing in-field growth variations
using UAVs, generating normalized difference vegetation index (NDVI)-based prescription
maps, applying VRA fertilization via agricultural drones based on the prescription maps,
selecting experimental survey plots with different growth statuses using UAVs, analyzing
the temporal variations in NDVI and other growth indices between VRA and uniform
fertilization, and investigating their correlations with yield and protein content. The
following sections of this paper elaborate on solutions to these technical challenges, present
the experimental results, and discuss the strengths and limitations of this study. The aim
of this study was to offer a holistic understanding of the interplay between agricultural
drone-based variable-rate N application, wheat protein control, and overall crop quality in
the context of precision agriculture.

2. Materials and Methods
2.1. Study Site

Our study site was situated in the Hokuriku region along the Japan Sea coastline,
encompassing Niigata Prefecture, spanning approximately 400 km from southwest to
northeast (Figure 1a). During winter, the Hokuriku region typically experiences snowfall
when seasonally dry Siberian air masses carrying accumulated moisture from their journey
across the Sea of Japan ascend upon encountering the mountains of Honshu, leading to
the condensation of humidity into snow [17,18]. Furthermore, snowfall in this region is
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influenced by the Japan-Sea Polar-airmass Convergence Zone [19,20], resulting in prolonged
and extensive snow cover over most agricultural fields from late December to mid-March.
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Figure 1. Experimental fields at the study site. (a) study site; (b) five experimental fields;
(c) two split zones of VRA (Fyy, Fip, and Fsp) and uniform (Fy,, Fy,, and Fs,) fertilization in Fy,
F4, and Fs, respectively.

Cultivating wheat in the Hokuriku region, where continuous snow cover persists for
nearly three months, requires varieties with robust cold and snow tolerance characteristics.
The wheat variety “Yukichikara” demonstrates strong resistance to cold and snow, shows
early maturation, and is well suited for bread making. In addition, the strain displays robust
resistance to red rust, powdery mildew, and stripe rust. Typically sown from late September
to early October, it grows until late November, reaching a straw length of approximately
25 cm, which marks the onset of a 90-day overwintering period. With the melting of the
accumulated snow and the rise in temperature during the latter half of March, the plant
enters the joint elongation stage. Harvesting occurs in mid-late June after reaching maturity
in early June. In addition to applying basal fertilizer at sowing, additional fertilization is
carried out after wintering, as well as during the stem elongation, flag leaf, and anthesis
stages to enhance yield and protein content [21,22].

We conducted a comparative evaluation of various fertilization methods to ensure
high and uniform protein content in the wheat variety “Yukichikara’. Five experimental
fields were chosen in the Niigata Prefecture (Figure 1b). Among them, F;, F4, and F5 were
subdivided into two zones, each for drone-based VRA fertilization (F;,, F4,, and Fs,) and
uniform fertilization (Fy,, F1,, and Fs,) (Figure 1c). The comparative cultivation experiments
for Fj, F,, and F3 were conducted during the 2021-2022 crop season, while those for F4
and Fs were conducted during the 2022-2023 crop season to evaluate the feasibility of
applying our method in practical production under different climatic and soil conditions.
To observe and assess the impact of climatic and soil variations on wheat growth, we
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periodically conducted above-ground observations and measured growth parameters such
as plant height and dry weight to determine the optimal timing for NDVI measurements
and topdressing applications.

Basal fertilization was applied at approximately equal rates within each crop season
but differed between the two seasons. F; and F; received a reduced amount of basal fertilizer
but underwent three minor split fertilizations using a drone-based uniform application
with urea coating specifically designed for drone use during the elongation phase after
snowmelt and before booting. A backpack spreader was used to apply a small amount
of urea in F; at 43 days after sowing (DAS) during the early elongation phase. Both VRA
and uniform N application targeting higher grain protein content were conducted in all
experimental fields in late April, immediately before heading. Detailed information on the
experimental fields and fertilization is provided in Table 1.

Table 1. Information on the experimental fields and fertilizations.

Field F 1 F, 2 F 3 F, 4 F 5
Planted area (ha) 0.95 2.32 1.24 1.09 1.45
Basal fertilizer date 30 September 2021 6 October 2022
Seeding date 7 October 2021 9 October 2021 8 October 2021 13 October 2022 12 October 2022
Basal fertilizer * 117 ¢ 807
Manual N application * @ DAS 3¢@43 - - - -
- - - 399 @144 407 @145
Drone-based - - - 104 @ 160 104 @161
N application * @ DAS - - - 57@166 57@168
604 @201 604 @198 604 @199 604 @194 604 @195
Estimated total N application * 179 177 177 194 195
Estimated heading date (DAS) 207 205 206 201 202
Harvest date (DAS) 253 251 252 249 250

* Unit of N application: kg N ha=1;% (39% N, 4% P,0s, 1% K,0); b (40% N, 3% P,0s, 1% K70); € (46% N, 0% P05,
0% K0); 4 (45% N, 0% P,O5, 0% K, 0)).

As Table 1 shows, the timing of VRA N application in both the 2022 and 2023 seasons
was set between the booting and heading stages. This was because N application after the
booting stage—when sink capacity has already been determined—primarily contributes to
increasing grain protein content [23]. Therefore, the timing of VRA N application at the
pre-heading stage in our study was aligned with the physiological window for protein
formation. Furthermore, our previous study reported that higher nitrogen accumulation
in the above-ground parts at the anthesis stage tends to result in higher grain protein
content [24]. While inherent soil fertility variations may influence protein content outcomes,
higher fertilization rates at anthesis typically result in greater nitrogen accumulation, which
in turn leads to increased grain protein levels. Therefore, we did not investigate residual soil
nitrogen or baseline fertility differences, but instead focused on the design of fertilization
rates at the anthesis stage. Prior to this stage, different types of basal and topdressing
fertilizers were applied. In 2022, a slow-release fertilizer was used, with a basal application
rate of 117 kg N ha~1. In contrast, in 2023, a quick-release fertilizer was used as the basal
application, resulting in a higher nitrogen input of approximately 134-135 kg N ha~! even
before fertilization date (194-201 DAS) at the anthesis stage.

2.2. UAVs for Remote Sensing and Agricultural Drones for N Application

We used two small commercial UAVs for aerial imaging of experimental fields to
precisely execute variable-rate fertilization based on wheat growth variations. As shown in
the simple flow chart of Figure 2, a Phantom 4 RTK (DJI, Shenzhen, China) was primarily
used for geographical calibration, whereas a P4 Multispectral (D]JI) was used to assess
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wheat growth. Both UAVs operated at an altitude of 140 m above ground level (AGL) in
2022 and 100 m AGL in 2023, with a front and side overlap of 75%, maintaining real-time
kinematic (RTK) FIX status. In 2022, high-voltage power lines passed directly above the
experimental field. To ensure safe flight and avoid potential interference from the power
lines, we set the flight altitude close to Japan’s legal limit of 150 m AGL. In contrast, in 2023,
there were no power lines above the two experimental fields, which allowed us to lower
the flight altitude for improved ground resolution.

Aerial photography
(Geographical calibration & DJI P4 RTK
sample plots’ location)

Aerial photography DJI P4
(Multispectral sensing) Multispectral
NDVI map generatio Dl terra /
P lon PIX4Dmapper

}

Prescription map generation DJl terra

Drone-based VRA N application | DJI Agras T10

Drone-based Uniform N DJI MG-1P RTK
application & Agras T10
Data analysis QGIS &R

Figure 2. Flow chart of the methodology.

Aerial imaging for 2022 and 2023 took place during the two weeks preceding heading,
specifically on the mornings of 13 April 2022 (clear weather with a wind speed of 3 m/s)
and 14 April 2023 (partly cloudy with a wind speed of 2 m/s). Meteorological data were
obtained from historical records of Niitsu Station (37°47.5' N, 139°5.2" E), near the study
site, collected through an automated meteorological data acquisition system provided by
the Japan Meteorological Agency. Before takeoff, images from the P4 Multispectral were
captured using a calibrated reflectance panel (CRP) (AgEagle Aerial Systems Inc., Kansas,
MI, USA).

After drone-based VRA or uniform fertilization, we conducted multiple subsequent
aerial photography flights using the P4 Multispectral to observe changes in post-fertilization
wheat growth, which continued until yield sampling was completed. All flights were
executed with identical settings.

The fertilizer application utilized two drone models, MG-1P RTK (DJI) and Agras T10
(DJI), both equipped with a 10 kg spread tank internal load capacity. Although the MG-1P
RTK lacked VRA fertilization capabilities, it was utilized for uniform fertilization without
RTK settings, using the A-B Route or Manual Plus operation mode. In contrast, the Agras
T10, featuring a spreading system 3.0 with weight sensors and hopper gate control modules
to enhance the spreading accuracy, was used for VRA fertilization. It can determine the
appropriate flight speed and dynamically adjust the hopper outlet size in real time to align
it with the designated spreading quantity specified on a prescription map.
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Due to the unsuccessful configuration of variable-rate fertilization on the Agras T10,
the Fy, zone in the 2022 experiment adopted a multi-layered fertilization strategy, applying
it to several specific zones within the field. These zones were created based on the values
from the prescription fertilization map generated using DJI Terra Pro software (DJI), in-
volving multiple low, normal, and high fertilization zones, along with corresponding flight
routes. The Fy, zone initially received a comprehensive low fertilizer application, followed
by incremental fertilizer applications in the normal and high fertilization zones to achieve
the desired variations in the spreading quantity.

In contrast to the zone-specific fertilization in Fy,, the Fy, and Fs, zones were desig-
nated for precise VRA fertilization in 2023. NDVI index distribution maps and prescription
maps were initially generated using DJI Terra software. Subsequently, flight regions and
routes were established and the data were transmitted to the remote controller’s DJI Agras
application via an SD card. The Agras T10 automated spreading operations were executed
while the RTK system was in a fixed state.

Additional information, including the target field or zone, target area percentage,
treatment, weather conditions, wind speed, wind direction, temperature, working width,
and flight speed, is summarized in Table 2.

Table 2. Information on drone-based fertilizer application.

Drone Model MG-1P Agras T10
Target field/zone F F Fia Fya Fiy Fyy Fs, Fs,
Target area percentage (%) 100 100 46 41 54 59 52 48
Treatment Uniform VRA Uniform
Weather Sunny Sunny Cloudy Sunny Cloudy Sunny Cloudy Cloudy
Wind speed (m/s) - 25 1.3 49 3.0 3.7 4.7 7.2
Wind direction - WNW S NNE SE E NNE ESE
Temperature (dd) - 26.2 22.8 18.1 24.7 16.1 17.5 18.8
Working width (m) 4.0 5.0
Flight speed (km/h) 15.0 14.4 10.8 10.8 10.8

2.3. Data Processing and Field Survey

RGB orthomosaic, NDVI, GNDV], and other index maps were generated from raw
RGB and multispectral images using PIX4D Mapper Pro (PIX4D S.A., Prilly, Switzerland).
The processing was conducted on a Windows 10 Pro 64-bit system equipped with an Intel
Xeon(R) Silver 4208 processor (2.1 GHz, 8 cores), 48 GB RAM, and an NVIDIA RTX A2000
graphics accelerator. Georeferencing was achieved using ground control points (GCPs) in
the processing workflow, and camera radiometric correction was conducted using CRP
images with the ‘Camera and Sun Irradiance” option.

Six experimental plots were identified within the VRA fertilization zones (Fiy, Fuy,
Fs;,) on the generated NDVI map using QGIS software. These plots were selected on the
basis of low, normal, and high NDVI values, with each category containing two plots.
Each plot was demarcated as an operational area measuring 1 m long along the furrow
direction and 2.2 m in width. The same methodology was adopted to designate six plots in
uniform fertilization zones (Fy,, Fi,, F5,). The centers of these 12 plots were then connected
to create LineString in the KML format, which was subsequently imported into DJI GS
Pro to generate waypoint flight routes. The Phantom 4 RTK flew at 2.5 m AGL along the
designated flight route, pausing for 30 s at each waypoint to allow ground personnel to set
markers. These markers were placed in their original positions until the completion of the
yield sampling, at which point they were removed.

Unit acreage yield sampling was performed for all designated plots. Upon completion
of yield sampling, aerial photography using a Phantom 4 RTK was conducted to identify
precise geographical positions and sizes of these plots. For yield sampling in F, and F3,
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where only uniform fertilization was applied, the conventional method of selecting three
evenly distributed plots along the diagonal of the field was used. All yield values were
converted to a 12.5% moisture content equivalent after sieving through a 2.2 mm screen,
and the grain protein content was calculated using the conventional 13.5% moisture content
equivalent for wheat.

QGIS was used to compare flight routes generated by DJI Terra. Statistical analysis was
performed using R language in RStudio (Version 2023.09.1 Build 394, Posit Software, PBC).

3. Results
3.1. Prescription Maps and Implementation Results of Agricultural Drone-Based N Application

Prescription maps were generated based on NDVI values, which were derived from
UAV-based remote sensing measurements conducted approximately two weeks prior to
the heading date. The NDVI maps are shown in Figure 3a-c, particularly for experimental
fields Fy, F4, and F5. The uneven NDVI distribution in the upper left section of experimental
field F; was caused by residual effects from the previous crop and non-uniform application
of organic compost.

Uniform base fertilization was first applied at a rate of 36.7 kg N ha~! in the
zone-specific VRA Fy, (Figure 3b). Subsequently, an additional uniform fertilization of
12.8 kg N ha~! was applied to the continuous areas that did not exceed the mean NDVI
of 0.75. Finally, another uniform topdressing of 7.9 kg N ha~! was applied to continuous
areas where the NDVI did not exceed 0.65. As a result, three distinct N application zones
were established in F;,: low, normal, and high N zones with cumulative N application rates
of 36.7,49.5, and 57.4 kg N ha~!, respectively.

In measuring actual fertilization rate, we recorded the fertilizer weight before and after
application for each VRA experimental zone. Since the first N application of 12.8 kg N ha~!
reached 91.8% of the target value, we did not adjust the parameters for the subsequent two
multiple-layered fertilization applications (normal N zone and high N zone) to maintain
consistency in spreading parameters throughout the application process. However, some
areas within the normal N zone and high N zone were quite small, sometimes even shorter
than the distance required for the agricultural drone to accelerate to a stable spraying speed
and decelerate to a stop. As a result, a significant portion of the working time in these
zones was spent in acceleration or deceleration phases, leading to uneven spreading. This
may be one of the reasons why the overall application did not reach the designed target
levels and remained lower than that of the control uniform fertilization zone F;,, which
had an average N application rate of 58.1 kg N ha~!.

The prescription maps for experimental zones Fy,, Fyy,, F5,, and Fs, were generated
using DJI Terra software. The fertilization strategy for Fy, and Fs, followed these rules: for
NDVI values ranging from the minimum to the average, the fertilization rate was linearly
scaled from 80 to 60 kg N ha~!. At the NDVI average, the fertilization rate was set to
60 kg N ha~!. For NDVI values from average to maximum, the rate was linearly scaled
from 60 to 40 kg N ha~!. For Fy, and Fs,, the fertilization rates for the minimum, average,
and maximum NDVI values were set at 60 kg N ha~?, resulting in a uniform application of
60 kg N ha~! for each 1 m x 1 m mesh on the prescription map. The generated prescription
maps, along with data on the spreading area boundaries, marked obstacles (such as utility
poles), and predefined spreading routes and directions, were transferred to the Agras T10
remote controller via an SD card for precise application.
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Figure 3. NDVI maps ((a,c,e), sharing the same NDVI legend and the same distance scale) and

corresponding prescription maps (b,d,f) for experimental fields Fj, Fy, and Fs. Each field was divided

into uniform fertilization zones (Fy,, Fy,, and Fs;) and VRA fertilization zones (Fy,, Fy,, and Fsy).
(a) NDVImap of Fy; (b) VRA zone Fy;, and uniform N zone Fy, of Fy; (c) NDVI map of Fy; (d) uniform
N zone Fy, and VRA zone Fy, of Fy; (e) NDVI map of Fs; (f) uniform N zone Fs, and VRA zone Fs,

of F5.

Despite the designed target topdressing rates, the actual fertilization rates deviated

from the target values owing to factors such as drone performance, as shown in Table 3.
One reason for this deviation is the difference between the reference area used to determine
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the target rates and the actual spreading area, which excludes obstacles, such as field ridges,
utility poles, and machinery entry/exit zones. Among the four experimental zones that
used the MG-1P RTK drone for topdressing, only F;, and F, exhibited errors within 5%,
whereas F; and Fy, exceeded this threshold. In contrast, deviations from the target rates
exceeded 5% for the four treatment zones (Fj,, F1,, F5,4, and Fs,) using the Agras T10 drone.

The target rates for the three VRA treatment zones (Fy,, Fy,, and Fs;,) were estimated
as average values. The large deviation in the actual fertilization rates in F;, was considered
primarily due to the suboptimal parameter settings for drone spreading. Significant dis-
crepancies in the cases of Fy, and Fs, where the application rates varied according to the
NDVI distribution were mainly attributed to the nature of the prescription maps. When
the proportion of areas with NDVI values lower than the average was relatively high, the
actual application rate in the VRA treatment zones increased. Therefore, we considered
these deviations reasonable.

Table 3. The experimental conditions for air spreading.

Treatment Zone Designed Fertilization Rate Actual Fertilization Rate Ratio to Designed
(kg Nha™1) (kg Nha™1) Fertilization Rate

Fa 60 58.1 96.9%

Fip 60 * 455 75.8%

F 60 61.4 102.4%

F3 60 65.1 108.5%

Fyq 60 67.6 112.7%

Fyo 60 * 64.3 107.2%

Fsa 60 55.6 92.6%

Fs, 60 * 67.5 112.5%

* Estimated value.

3.2. Effectiveness Analysis of Agricultural Drone-Based N Application

We measured NDVI values using UAV-based remote sensing from approximately
2 weeks before topdressing to approximately 10 days before harvest to observe the ef-
fectiveness of drone-based N application on wheat growth. The comparative trends in
NDVI changes for the three experimental fields (F;, Fy, and Fs), which were divided into
uniform and VRA treatment zones, are shown in Figure 4a,c,e. The corresponding standard
deviations of NDVI for each treatment zone are plotted in Figure 4b,d,f.

First, the NDVI in all the treatment zones peaked around the heading stage and
then continuously declined as the crops entered the ripening stage. However, we did
not observe a reversal in the NDVI standard deviations between the uniform and VRA
treatments within 1-2 weeks of topdressing. This indicated that neither the uniform nor
VRA treatment methods significantly altered the variation in wheat NDVI values, nor
did they contribute to reducing the growth differences that already existed at the time of
fertilization during the pre-heading stage.

The distributions of protein content, yield, and protein yield per unit N for each
treatment zone in different years are shown as box plots in Figure 5. The red dots represent
the mean values for each group, and the red-colored numerical values on the right indicate
the mean values. The mean protein content of the uniform treatment in 2022 (11.83) was
higher than that of VRA (11.45) (Figure 5a), whereas the mean protein content of the uniform
treatment (13.06) was lower than that of VRA (13.63) in 2023 (Figure 5b). We attribute the
higher grain protein content in the 2023 crop primarily to differences in N application rates
from basal fertilizer to before the booting stage. Similar trends were observed in the yield
and protein yield per unit N (Figure 5c—f), except for the VRA treatment in Figure 5f.
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Figure 4. NDVI trends over DAS for different treatment zones—F,; vs. Fy, in Fj (a), Fy, vs. Fyp in Fy

(c), and F5;, vs. Fs, in F5 (e)—and the corresponding standard deviations of NDVI (b,d,f) are shown
for Fy, Fy, and Fs, respectively.

We conducted normality (Shapiro-Wilk test) and homogeneity of variance (Levene’s
test) tests for all datasets. Since homogeneity of variance was confirmed, we applied
Student’s t-test to assess significant differences. The results showed no significant dif-
ferences (p > 0.05) between groups. Due to limitations in manpower and cost, only six
VRA experimental plots were designed in 2022. Although no outliers were observed,
the small sample size means that the lack of significant differences in results should be
considered exploratory.

The actual fertilization rate did not reach the target in certain experimental zones
of the uniform treatment in 2022 and in any zone of the VRA in 2022. Consequently, a
small portion of the protein content fell below the expected range of 11.5-14.0, which is the
standard for high-quality bread production. However, all experimental zones exceeded the
lower bound of this range in 2023, and except for one outlier, the majority of values were in
the upper part of the range, reaching premium quality.

In Figure 5a, the outlier in the “Uniform” treatment corresponds to an area where little
to no fertilizer was applied. This occurred near the field boundary, where the MG-1P RTK,
operating in manual mode, was unable to precisely control the spreading range, resulting
in an untreated border zone. In Figure 5b, the outlier in the “VRA” treatment resulted
from two rounds of topdressing due to flight parameter adjustments, causing the protein
content to reach 16.01. We conducted statistical analyses in two scenarios: one including
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these two outliers and the other excluding them. Since the final statistical results showed

no substantial difference, we opted to retain the outliers in the figure.
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Figure 5. Distribution of protein content, yield, and protein yield per unit N in treatment zones across
2022 and 2023, where 7 is the sample size. (a,c,e): Boxplots of protein content, yield, and protein yield
per unit N, respectively, for the 2022 uniform and VRA treatments; (b,d,f): Comparative boxplots for

the 2023 uniform and VRA treatments.
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3.3. Correlation Between VIs and Yield

We analyzed the correlation between NDVI, GNDVI, and yield using the experimental
datasets from 2022 and 2023. Figure 6 presents a scatter plot illustrating the relationship
between the NDVI data used for topdressing decisions in 2022 (DAS = 188) and the yield.
The figure includes a linear regression equation along with R?, RMSE, and confidence
intervals. The coefficient of determination (R? = 0.848) indicated a strong correlation
between the NDVI and yield (Figure 6a). Additionally, we compared another linear
regression model with a higher R? value based on GNDVI versus yield (Figure 6b). The
p-values for both linear regression models were <0.001. These results suggested that
NDVI and GNDVI can predict the yield effectively approximately 2 weeks before the

heading stage.
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= R*=0.848 : . R*=0.874
_ © —
< 5000{ RMSE=3914 . £ 5000] RMSE = 355.2 .
2 »
S 4000 = 4000
o o
> 3000 : > 3000
05 06 07 08 09 04 05 06 07 08
NDVI GNDVI

(a) (b)
Figure 6. Correlation between NDVI and yield (a), and between GNDVI and yield (b).

The changes in the coefficient of determination (R?) for the linear regression models
between NDVI, GNDVI, and yield across different growth stages are shown in Figure 7.
R? remained consistently high from 188 to 230 DAS in 2022. However, only the period
from DAS 169 to 197 showed R? values > 0.65 in 2023. The low correlation between NDVI,
GNDV], and yield after 197 DAS in 2023 may be due to differences in fertilization, but it is
more likely attributed to significant variations in weather conditions. The average stem
length across all experimental plots was 89.6 cm for the 2022 crop and 97.1 cm for the 2023
crop. The 2023 growing season experienced a warmer winter, which led to earlier growth
in the spring. Overgrowth led to lodging in some areas. Unfortunately, due to the lack of
specific lodging measurement data, we can only speculate and cannot definitively conclude
that lodging is the cause of the low correlation.

NDVI-based yield prediction GNDVI-based yield prediction
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Figure 7. Changes in R? values between NDVI and yield over DAS (a), and between GNDVI and
yield over DAS (b).
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Although NDVI and GNDVI showed a strong correlation with yield around heading,
there were no significant differences (p > 0.05) in their correlations with protein content and
protein yield. NDVI and GNDVI could be used to predict yield but not protein content or
protein yield.

4. Discussion

In this study, we conducted NDVI-based uniform and VRA fertilization experiments
for two consecutive years under the geographical and climatic conditions of the Hokuriku
region of Japan to regulate the grain protein content of wheat. By designing field trials
in actual farmers’ fields throughout the growing season and implementing UAV-based
remote sensing to successfully perform VRA fertilization using agricultural drones, we
accumulated first-hand data and valuable experience. This included the selection of wheat
fields with uneven growth for bread making, methods for determining fertilization rates
based on NDVI, implementation procedures for uniform and variable-rate fertilization via
autonomous drone flights, the categorization of test plots as “poor’, ‘normal’, and ‘good’
growth conditions before fertilization (with two plots per category, totaling six plots), and
key considerations for conducting multi-year trials.

We compared the standard deviation values of the NDVI across the entire treatment
zone and selected areas with larger standard deviations as the VRA zones. Based on
conventional knowledge, we hypothesized that VRA fertilization would lead to more
uniform crop growth and improve and homogenize grain protein content. Therefore, we
adopted an algorithm to apply less fertilizer in high NDVI areas and more fertilizer in low
NDVI areas. However, as shown in Figure 4, fertilization immediately before heading did
not significantly affect the subsequent NDVI or GNDVI values, and this approach did not
yield the expected results. The VRA treatment yielded a slightly higher protein content
than the uniform treatment during the 2023 growing season; however, the difference was
not statistically significant (Figure 5).

We considered various factors that might have influenced these results, including
residual soil nitrogen or baseline fertility differences, weather conditions, the total amount
and timing of fertilization throughout the growing season, discrepancies between the
actual and planned fertilizer application rates using agricultural drones, and the algorithm
employed to determine fertilization rates. Regarding residual soil nitrogen or baseline
fertility differences, our previous research indicates that higher fertilization rates at the
anthesis stage typically result in increased grain protein levels, and that higher nitrogen
accumulation in the above-ground parts at this stage is also associated with higher grain
protein content [24]. Therefore, we did not specifically investigate these factors in this study.
The most influential factors identified were as follows:

(1)  Decision algorithm for fertilization rates:

Building on previous studies [25,26], we adopted an NDVI-based fertilization algo-
rithm. As expected, NDVI measurements taken approximately two weeks before
the heading stage predicted yield with high accuracy (Figure 6). Subsequent drone-
based nitrogen application was unlikely to have a major impact on wheat growth
or yield but primarily influenced the final grain protein content. Wheat plants with
higher NDVI values, which reflected better growth conditions, in fact required more
nutrients at this stage to ensure higher grain protein content. This suggests that a
strategy opposite to our current algorithm—applying more fertilizer in high-NDVI
areas and less in low-NDVI areas—could potentially be a more accurate and effective
approach. However, this remains a hypothesis and requires further investigation.

Additionally, although NDVI and GNDVI showed a strong correlation with yield,
they did not exhibit a significant relationship with wheat protein content. Some satel-
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lite remote sensing studies have reported that the optimized soil-adjusted vegetation
index (OSAVI) is significantly correlated with wheat protein content [27]. However,
these indices are not entirely consistent with those derived from UAV-based remote
sensing and generally exhibit weaker correlations, making them less suitable for
determining fertilization rates.
Compared to NDVI, recent studies have indicated that the nitrogen nutrition index
(NNI) shows a stronger correlation with grain protein content [28]. Additionally,
some researchers have successfully predicted wheat protein content using support
vector machine (SVM) algorithms based on four NNIs and five VIs [29]. In our
evaluation of other VIs—such as red-edge NDVI (RENDVI), leaf chlorophyll index
(LCI), and OSAVI—none showed a significant correlation with grain protein con-
tent. Therefore, we suggest that utilizing VIs more strongly correlated with protein
content, including those not yet tested, or applying advanced algorithms based on
these indices, could lead to a more robust and effective approach to determining
fertilization rates.

(2)  Number of experimental plots:
Due to limitations in manpower and resources, only six VRA experimental plots
were included in the 2022 trial. As a result, the observed statistical significance
may not be broadly generalizable. To draw more robust and widely applicable
conclusions, future trials should include a sufficient and appropriate number of
experimental plots.

(3)  Deviation between actual and designed application rates:
Although we calibrated the agricultural drone’s spreading parameters in advance, we
did not conduct a preliminary test application outside the target area before initiating
the experiment. Such pre-tests are essential for ensuring high application accuracy.
Furthermore, most current agricultural drones lack the capability to automatically
adjust the spreading rate during acceleration and deceleration. Consequently, when
spreading routes are too short—as was the case in the normal N zone and high
N zone in 2022—the agricultural drone frequently operated in transitional speed
phases, leading to significant deviations from the target application rate. Therefore,
VRA may not be well suited for small experimental plots or fields where spreading
paths are only a few meters long.

As fertilization immediately before the heading stage has a more pronounced effect
on grain protein content than on final yield, NDVI measurements around this stage can
be used for highly accurate yield predictions. Our method of selecting test plots included
various growth conditions (“poor”, “normal”, and “good”), which is more reasonable than
the conventional random or diagonal sampling methods in experimental fields. Therefore,
the regression models achieved a higher accuracy for yield prediction than that reported
previously [30].

Additionally, UAV-based remote sensing with the RTK FIX status at a flight altitude
of 100 m achieved a high operational efficiency of over 60 ha/h, making it suitable for
large-scale field monitoring. Compared with manual operation, autonomous agricultural
drone fertilization for both uniform and VRA treatments is more convenient. However, the
two agricultural drones used in the experiment had a limited payload capacity, requiring
frequent fertilizer refills and battery replacements, which resulted in an application effi-
ciency of only approximately 0.55 ha/h. Furthermore, the Agras T10 fertilizer-dispensing
control unit exhibited a certain degree of time lag in real-time application, which affected
the transitional zones. When selecting the experimental zones, it is advisable to avoid these
transitional areas as much as possible.
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Based on these findings and experiences, we will continue our research by exploring new
VI-based fertilization strategies, improving the precision of drone-based fertilizer applications,
and identifying optimal cultivation methods for regulating grain protein content.

5. Conclusions

In this study, UAV-based crop-growth monitoring and VRA fertilization were con-
ducted in farming fields to improve and regulate the heterogeneity of wheat protein content.
The results showed that NDVI and GNDVI near the heading stage were strongly correlated
with wheat yield but were not significantly associated with protein content or protein yield.
A comparison between VRA and uniform fertilization revealed no significant differences
in final protein content, grain yield, or protein yield. We concluded that the current pre-
scription map algorithm, which applies less fertilizer in high-NDVI areas and more in
low-NDVI areas, is ineffective in practice. A reverse strategy—applying more fertilizer
in high-NDVI areas and less in low-NDVI areas—could potentially be a more accurate
and effective approach. Another way to enhance the effectiveness of VRA is to explore an
alternative or more refined fertilization strategy that does not rely on NDVI but instead
utilizes other VIs, NNIs, or advanced algorithms that are more closely correlated with
protein content.

Although our study focused on using VRA to regulate wheat protein content, agricul-
tural drone-based VRA technology itself is highly adaptable and scalable. It can be applied
to the optimization of wheat yield or extended to other land-use crops beyond wheat,
making it particularly suitable for precision farming in small- to medium-sized fields.
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Abbreviations

The following abbreviations are used in this manuscript:

AGL Above Ground Level

GCP Ground Control Point

DAS Days After Sowing

GNDVI  Green Normalized Difference Vegetation Index
GNDVI = (NIR - Green) / (NIR + Green)

NDVI Normalized Difference Vegetation Index
NDVI = (NIR - Red) / (NIR + Red)

NNI Nitrogen Nutrition Index

OSAVI  Optimized Soil Adjusted Vegetation Index
OSAVI = 1.16(NIR - Red) / (NIR + Red + 0.16)

RTK Real-Time Kinematic
UAV Unmanned Aerial Vehicle
VI Vegetation Index

VRA Variable Rate Application
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