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Abstract

Delineation of management zones (MZ) based on soil mineral nitrogen (SMN)
dynamics can enhance site-specific management, reduce nitrate leaching, and
improve nutrient efficiency. We tested proximal sensing as an alternative to standard
laboratory methods to capture the spatial variability of SMN, nitrate (NO; ™), and soil
moisture (SM) and combined these data with topographic and remote sensing inputs
to delineate MZ using data fusion and k-means clustering. Two conventionally man-
aged fields with winter oilseed rape (Brassica napus L.) and winter barley (Hordeum
vulgare L.) were chosen for Field-A and Field-B. Fresh soil samples were analyzed
in the laboratory using KClI extraction, while global positioning system-labeled data
from a proximal soil sensor (FarmLab) were accessed via cloud storage. FarmLab
estimated NO;~ and SMN were higher than laboratory results (p < 0.05), whereas
SM showed no significant difference between the two methods. Bland—Altman anal-
ysis, which assesses the limit of agreement between methods to ensure consistency,
revealed significant discrepancies in NO;~ estimated by both methods, particularly
in Field-B, with limits of agreement ranging from —17.40 to 29.66 mg kg~!. Results
of k-means clustering, a method for grouping data into similar categories, were evalu-
ated using 11 feature sets, which combine data from multiple sources (laboratory and
FarmLab data, satellites, and topographic data) to create a comprehensive dataset for
analysis at different time points in autumn and spring. The results showed that the
optimal clustering result varied depending on the field and date. Feature sets with
topographic variables performed well in Field-A, while feature sets with remote sens-
ing, topography, and FarmLab data improved MZ in Field-B. This study demonstrates
how the FarmLab device can capture within-field SMN variability and examines

the similarities and differences between both methods (laboratory and FarmLab).

Abbreviations: DEM, digital elevation model; GRNDVI, green—red normalized difference vegetation index; MSE, mean squared error; MZ, management

zone; NDRE, normalized difference red-edge index; NDVI, normalized difference vegetation index; NIR, near-infrared; SD, standard deviation; SM, soil
moisture; SMN, soil mineral nitrogen; UV, ultraviolet.
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Despite discrepancies between methods, FarmLab showed the potential of integrat-
ing in-season NO;~ and SMN data with topographic and remote sensing data to
delineate MZ. This approach can be scaled up to farm and landscape scale, allowing
farmers to leverage proximal and remote sensing data for in-season SMN monitor-
ing, which enables efficient nutrient management and promotes sustainable farming

practices with economic and environmental benefits.

Plain Language Summary

This study explores how modern technology can improve nitrogen management in
farming. We used a portable soil sensor and combined its data with satellite images
and land features to identify zones within fields that require different amounts of
fertilizer. After testing in rapeseed and barley fields, the sensor showed potential
for tracking soil nitrogen dynamics despite some differences compared to laboratory
results. We created management zones tailored to the fields’ unique conditions by
clustering the proximal and remote sensing data. This approach may support precise
fertilization, reducing nitrogen loss while improving yields. Our findings highlight

the value of combining soil, satellite, and topographic data to promote sustainable

agriculture.

1 | INTRODUCTION

Capturing spatio-temporal variability of soil mineral nitrogen
(SMN) is crucial for crop performance as it is the primary
source of nitrogen, a key nutrient supporting plant growth,
chlorophyll production, and overall crop yield (Ye et al.,
2022). Even at the field scale, it is challenging to track SMN
and to ensure the appropriate nitrogen (N) supply through-
out crop growth stages (S. Zhang et al., 2017). In large-scale
cropping systems, N surplus from fertilization causes ground
and surface water pollution with NO;~ (Sundermann et al.,
2020) and leads to economic burdens of water treatment for
household and industrial purposes (Cullmann et al., 2022).
A key challenge for spring fertilization of winter crops is to
assess the spatial distribution of SMN after autumn and win-
ter rainfall to prevent fertilizer mismanagement (Zhao et al.,
2020). To determine the field variability of SMN (sum of
NO;~ and NH, %), high-resolution spatio-temporal sampling
is needed, which is laborious and time-consuming. Although
laboratory-based results are considered the gold standard, the
effort and resources required can be substantial (Guerrero
etal., 2021a; Viscarra Rossel & Bouma, 2016). To address the
limitations of traditional laboratory methods, new data collec-
tion approaches are necessary by leveraging advanced sensing
technologies. Over the decades, different proximal sensors
have been developed to estimate real-time SMN (Guerrero
et al., 2021b; Y. Li et al., 2019). Sensors based on electro-
chemical techniques such as ion-selective electrodes (ISE)
(Kim et al., 2007; Y. Li et al., 2019) or ion-selective field-

effect transistors (Artigas et al., 2001; Smolka et al., 2017)
are known for their suitability to measure SMN. Nevertheless,
these sensor technologies present challenges for real-time
measurements in the field due to the necessity of preparing
a soil solution and the substantial time delay needed to attain
a stable measurement curve. Challenges are also associated
with harsh measurement conditions, variation in the soil-to-
sensor distance, and noise (Guerrero et al., 2021a; Najdenko
et al., 2024). Other recent developments include all-solid-
state miniature potentiometric soil sensors (Ali et al., 2019)
and ultraviolet (UV) absorbance spectroscopy (Yeshno et al.,
2019), yet these technologies are still in-situ and only suitable
for NO;~ determination.

Simultaneously, in contemporary precision agriculture, a
common approach to mitigate NO;~ leaching and overfer-
tilization is the creation of management zones (MZ) by
applying data fusion techniques that integrate data from multi-
ple sources (Mahmood et al., 2012). Recent studies have used
tractor-mounted visible and near-infrared (vis-NIR) spec-
troscopy to estimate various soil properties, such as soil
moisture (SM), organic carbon, pH, electrical conductivity,
and nutrients other than SMN. By combining proximal sensor
data, topographic variables, and remotely sensed imagery, it
was possible to successfully develop MZ and variable-rate fer-
tilization recommendations (Guerrero et al., 2021b; J. Zhang
et al., 2021). Though satellite imageries have been used to
create MZ, the effectiveness of the zoning depends on the
timing of the image acquisition, the spatial resolution of the
imagery, the size of the fields, as well as the available ancillary
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data (soil and topographic variables) (Breunig et al., 2020;
Georgi et al., 2018; Javadi et al., 2022). In recent years, high-
resolution 3-m multispectral imagery from PlanetScope has
been used to determine the aboveground biomass of crops to
delineate MZ. It was demonstrated that 3-m imagery could
be an alternative between very high-resolution submeter pixel
unmanned aerial vehicle and moderate resolution (30 m)
Landsat imagery for fields cultivated with cereals (Breunig
et al., 2020). Furthermore, a study conducted by Zhao et al.
(2020) showed that vegetation indices such as normalized dif-
ference vegetation index (NDVI) and normalized difference
red-edge index (NDRE) derived from the near-infrared (NIR)
and red-edge (RE) bands of a handheld proximal sensor exhib-
ited a negative correlation between nitrate leaching and the
aboveground biomass or N content of cover crops. This find-
ing underscores the potential for utilizing satellite imagery
incorporating NIR and RE bands to monitor the spatio-
temporal variability of NO;  at the field scale. In addition,
data analysis methods such as principal component analy-
sis, regression modeling, and k-means clustering have shown
their suitability to combine information from diverse sources
to identify patterns to create MZ (Mahmood et al., 2012;
Nogueira Martins et al., 2020). However, it is important to
note that these studies did not consider SMN and its fractions,
highlighting a significant knowledge gap in this area.

Hence, despite the advancement in proximal and remote
sensing applications, existing literature indicates a lack of
studies on real-time in-field estimation of NO;~ and SMN and
thus the understudied possibility to delineate MZ based on in-
season NO5;~, SMN, and multisensory data fusion. This gap is
primarily due to the dynamic nature of SMN, NO;~, and SM,
as well as challenges associated with the portability of cur-
rent sensors (Guerrero et al., 2021a). Amid this, a handheld
portable device called FarmLab has recently been introduced,
which utilizes impedance measurements and spectral analy-
sis, ranging from UV to NIR, to estimate different N forms
in the soil, especially NO;~, SMN, and SM across different
soil types (sand, sandy loam, and loamy sand) (Vikuk et al.,
2024). Successful evaluation and application of such a hand-
held device, combined with high-resolution satellite imagery,
offers a novel approach to monitor soil nitrogen during crit-
ical crop stages. It holds the potential to reduce labor and
costs, improve yields through tailored nitrogen applications,
and promote sustainability by minimizing nitrogen leaching.
With the increasing affordability and ease of use of preci-
sion tools, widespread adoption by farmers is likely in the
near future. Given these challenges and opportunities, this
study has two objectives: first, to assess the suitability of
capturing the within-field spatial variability of SMN, NO;~,
and SM using different methods (FarmLab and laboratory);
second, to explore the potential of FarmLab data for creat-
ing soil MZ for spring fertilizer application in winter crops
by integrating proximal sensor data, lab-based soil N data,
topography, and high-resolution satellite imagery.
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Core Ideas

* The study evaluated proximal soil sensing and data
fusion to delineate management zones using in-
season SMN, nitrate, soil moisture, topographic,
and remote sensing inputs.

* Eleven data fusion combinations demonstrated
time- and crop-dependent optimal clustering, inte-
grating proximal, topographic, and remote sensing
data.

* This novel approach can be scaled to farm and
landscape scale, allowing farmers to leverage prox-
imal and remote sensing data for in-season soil
mineral nitrogen monitoring.

2 | MATERIALS AND METHODS

2.1 | Study area

The study site is located near Miincheberg in Brandenburg,
Northeastern Germany (52°26.827' N, 14°1492’ E). The
studied fields are part of the patchCROP landscape labo-
ratory and are owned and managed by a commercial farm
(Grahmann et al., 2024). The landscape formed during the
last glacial periods, rendering it a distinct hummocky ground
moraine. Predominantly, the area showcases moraine terrains
from recent epochs, with primary soil compositions from
sandy loam to loamy sand derived from glacial sediments.
Erosional and depositional activities have created a hetero-
geneous landscape in the designated study area (Deumlich
et al., 2018; Koch et al., 2023). The elevation in the study
area varies, with altitudes spanning from 61.6 to 87.9 m
above sea level from east to west (GeoBasis-DE/LGB, 2023).
On a 30-year average (January 1992 to December 2022), the
observed mean monthly precipitation fluctuates between 36
and 76 mm, and the monthly average temperature varies from
0.3°C to 19.0°C (DWD weather station in Miincheberg at a
10 km distance to the study site, Figure 1a). Weather data
of 15 min resolution for the study area were obtained from
two weather stations at the eastern and western ends of the
patchCROP field (Figure 1b), located less than 1 km away
from the studied fields.

2.2 | Sampling design

Within the described agricultural landscape, two fields were
selected for this investigation in the cropping cycle 2022/23
(Figure 2). Field-A spans an area of 24.6 ha planted with win-
ter rapeseed (Brassica napus L.), while Field-B covers 17.5 ha
sown with winter barley (Hordeum vulgare L.). Both fields
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FIGURE 1

(a) The long-term mean monthly temperature and precipitation recorded at the Miincheberg weather station (1992-2022), (b) the

daily precipitation and temperature during the study period at the study site, data were averaged from two weather stations at patchCROP (Figure 2);

different vertical lines indicate the sampling dates in two fields (DWD Climate Data Center, 2023).

were under winter crop rotations with winter wheat (Triticum
aestivum L.), barley, rapeseed, and cover crops (Phacelia
tanacetifolia Benth.) and maize (Zea mays L.) (Table S1).
The management data for both fields are presented in Tables
S2 and S3 (historical fertilization only Field-A). A similar
sampling scheme was implemented across both fields for
comprehensive analysis. The design was intended to capture
the maximum heterogeneity in SMN and SM during the early
BBCH stage (Abd-Elmabod et al., 2017; Knowles & Daw-
son, 2018). The soil sampling grid was set at 130 m intervals
to ensure systematic, representative sampling of each soil
class while minimizing crop and soil disturbance. Repeated
sampling at each location aimed to minimize crop disruption
while maximizing temporal coverage. Soil data were derived
from the German “Bodenschitzung” (scale 1:10,000), which
is a soil map created in the 1930s and periodically updated
(Figure 2). Although not consistently updated at the original
50 m X 50 m spatial resolution, the map provides detailed
information on soil properties, including parent material, inte-
grated soil texture to a depth of 1 m, and soil development

stage (Eckelmann et al., 2005). The systematic sampling
method involved collecting soil samples at the intersections
of a predefined grid over the field, ensuring systematic and
evenly spaced sampling points, and it led to a representative
soil variability analysis across a large field. The selected con-
figuration resulted in 14 sampling points in Field-A and 11
points in Field-B.

This study conducted simultaneous sampling campaigns
to compare soil data using the FarmLab proximal soil sen-
sor and manual soil sampling. The FarmLab device, as per
its manufacturer, can estimate nitrate (NO;~), SMN, and
SM up to 30 cm. However, preliminary trials showed that
sampling at this depth during autumn, winter, and early
spring caused significant crop disruption; hence, the sam-
pling depth was adjusted to 20 cm. The soil surface was
cleared of residues, roots, and stones before inserting the
FarmLab into the soil (Figure 3). Three measurements were
taken at each point, involving three punches within a close
radius. Soils were manually sampled up to 20 cm depth
using an auger within a 30-50 cm radius of each FarmLab
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Field-A

FIGURE 2
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Location of fields, sampling points at the study site, and soil type information. Both fields are considered reference fields within

the patchCROP landscape laboratory. Basemap: ESRI imagery and ESRI light gray.

FIGURE 3

(a) FarmLab device, (b) electrode-based sensor, (¢)
visible and near-infrared (NIR)-based sensors, and (d) device punched

inside the soil during a sampling campaign in March 2023. Image in (a)
is adapted from https://stenon.io/; and images (b—d) are provided by
authors.

measurement; three auger samples were collected to prepare
one composite sample (see Figure S1). Field-A had 14 sam-
pling points, and data were collected on seven dates, resulting
in 98 measurements. Due to dense crop stands in Field-B,
it was possible to sample six dates that provided 66 paired

datasets from 11 points (Table S4). Sampling campaigns were
paused during winter when the soil was frozen and on occa-
sions when the soil was too dry (less than 5% SM at the
beginning of May). In total, a dataset of 164 paired mea-
surements was collected. The FarmLab device is equipped
with ultraviolet-visible spectroscopy, NIR spectroscopy, elec-
trochemical impedance spectroscopy sensors, global position-
ing system, light, temperature, and environmental sensors.
The study used the software version rc-client-1.15.1 and
the calibration model p-2.1.0 (Universal Unique Identifier:
6f10978b-3654-48fb-92fb-478b29e¢29c69). Further insights
about this tool, including its intricate technological speci-
fications and safety guidelines, can be found in the User
Instructions (FarmLab—Stenon, 2024).

2.3 | Sample processing

Soil samples were promptly transported to the laboratory
in cooling boxes. The concentration of NH,-N and NO;~
-N from fresh soil was measured spectrophotometrically
after extraction with a 0.1 M KCI solution using a con-
tinuous flow analyzer (Skalar Analytical B.V, CFA-SAN)
according to DIN ISO 14256. SM was measured gravi-
metrically according to DIN ISO 11465, then converted
to volumetric water content using an average bulk density
of 1.65 g cm™ as well as a depth of 20 cm. The certifi-
cation documentation of FarmLab (German Agronomic
Society, 2021) indicates that the device’s standardization
for NO;~-N and SMN measurements was established using
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TABLE 1

Name of the index

Normalized difference vegetation index (NDVI)

Normalized difference red-edge index (NDRE)

Red-edge normalized difference index (RedEdge2)

Green normalized difference index (GNDVI-1 and GNDVI-2)
Ratio vegetation index (RVI)

Normalized difference red/green redness index (RI)
Difference vegetation index (DVI)

Leaf chlorophyll index (LCI)

Renormalized difference vegetation index (RDVI)

Green-red normalized difference vegetation index (GRNDVI)

HOSSAIN ET AL.

Spectral indices developed from the eight-band multispectral PlanetScope data.

Equation
NIR — red

NIR + red
NIR — red edge

NIR + red edge

(Red edge—red)

(Red edge+red)

NIR — green

NIR + green

NIR rededge NIR NIR
red ’ red
(Red—green)
(Red+green)

NIR —red
(NIR-red edge)

(NIR+red)

(NIR—red)
/(NIR+red)
NIR—(green-+red)
NIR+(green+red)

B B
green’ red edge

Note: All vegetation index equations were accessed through Index DataBase: A database for remote sensing indices (Henrich et al., 2012).

the reference method outlined in VDLUFA Vol. I, A6.1.4.1,
an extraction method with calcium chloride (CaCl,), and
VDLUFA Vol. I, A2.1.1 for SM measurements. VDLUFA
(Verband Deutscher Landwirtschaftlicher Untersuchungs-
und Forschungsanstalten) standards are specific to German
agricultural practices and are widely used in Germany’s agri-
cultural research and testing laboratories. However, due to the
international usage of STENON, for example, in Brazil and
Kazakhstan (https://blog.stenon.io/2024/08/12/stenon-news-
for-agriculture-experts-july-august-2024/#more-2836), the
widely accepted extraction procedure with KCl was chosen
as the reference laboratory method (K. Li et al., 2012).

2.4 | Topographic and remote sensing
variables

The digital elevation model (DEM) of 1 m spatial resolution
was downloaded from GeoBasis-Deutschland (GeoBasis-
DE/LGB, 2023), and slope and topographic wetness index
were calculated from the DEM, using slope and aspect
(Reddy, 2018). The PlanetLabs 8-band multispectral imagery
with 3-m spatial resolution was collected via the German Fed-
eral Agency for Cartography and Geodesy (BKG) and was
synchronized with the dates of the field sampling campaign
(Table S4). The images were analytic ortho scene surface
reflectance products with 0% cloud coverage over the study
area. A series of indices were calculated using different band
combinations (Table 1, Table S5). All calculated indices were
numerously reported suitable (Zhao et al., 2020) for study-
ing chlorophyll content and nitrogen in plants. Nitrogen status
can vary spatially and temporally, and multiple indices can
capture these variations more effectively than a single index
(Xue & Su, 2017). Two green bands are available in the satel-
lite imagery, allowing multiple indices to be developed with
different combinations of green bands.

2.5 | Descriptive statistics

Data normality was checked using the Shapiro-Wilk test
for each of the three variables (i.e., SMN, NO;~, and SM)
obtained through FarmLab and laboratory analysis. Wilcoxon
rank-sum test was carried out to compare differences between
paired measurements (Schoot & Miocevié, 2020). All steps
were performed within the Python Jupyter Notebook environ-
ment by deploying the Python libraries pandas, numpy, scipy,
matplotlib, and seaborn.

2.6 | Method comparison

A method comparison analysis was conducted to determine
the degree of agreement between the two methodologies
(FarmLab and laboratory). Since the laboratory method pro-
vides direct measurements and the proximal sensor offers
estimates, it was essential to assess the level of agreement
between the two approaches. Bland—Altman plots were used
to visualize the difference (in measurement units) between
two paired measurements on the y-axis and the average on
the x-axis. The horizontal lines at the top and bottom of the
plot showed a mean difference of +2 standard deviations. The
wider the lines spread, the greater the variability in the differ-
ence, or in other words, the lesser the agreement between the
measurements obtained with both methods (Bland & Altman,
1999; Grahmann et al., 2023).

2.7 | Management zone delineation

Despite spatial limitations in the experimental design, that
is, grid size, we collected multitemporal data from fixed
locations. In this study, inverse distance weighting interpo-
lation with power parameters 2, 4, 6, 8, and 10 was applied,
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FIGURE 4 A simplified overview of k-means clustering steps followed in this study. This is an example of the model where all available

feature sets (FL: FarmLab, LB: Laboratory, RS: remote sensing from planet image and topographic variables) were used to produce an optimal

number of clusters or zones within the study area. PCA, principal component analysis.

generating 3-m spatial rasters (Guarneri & Weih, 2012), fol-
lowed by the method described in Nawar (Nawar et al., 2017).
The optimal raster data for each variable were identified using
root mean squared error and mean absolute error. Spearman
correlation examined collinearity among FarmLab-derived,
laboratory, topographic, and remote sensing variables (Mez-
era et al.,, 2022). A multi-source data fusion approach was
applied to delineate MZ within each field, integrating Farm-
Lab (FL), lab results (LB), satellite imagery (RS), and
topographic variables (TV). K-means clustering was applied
to group similar data cells (Nogueira Martins et al., 2020),
with 11 combinations of information layers to produce MZ
(Figure S2). Two sampling dates per field were selected based
on farmer’s feedback and the common regulated fertilization
scheme in Germany for winter crops: November 7, 2022, and
March 15, 2023 for Field-A, and November 14, 2022, and
March 8, 2023 for Field-B (Table S4).

K-means clustering was chosen for its computational effi-
ciency and ability to handle large datasets with continuous
variables. Unlike other methods (hierarchical clustering or
fuzzy c-means), k-means is scalable to high-dimensional data
and allows the user to test different combinations of layers
(Capé et al., 2020). The clustering workflow involved the pre-

processing of data before k-means was applied (Figure 4).
Rasters were checked for consistency, co-registered, masked
with a 25-m buffer, stacked, and filtered for NAN (Not a Num-
ber) values. The NAN values were mostly produced during
the co-registration of different raster layers as well as due to
the different raster extents of interpolated point data, topo-
graphic variables, and remote sensing imageries. However,
it did not affect the clustering results because NAN values
were masked with a 25-m buffer around the field edges. Prin-
cipal component analysis (PCA) addressed multicollinearity,
retaining components with eigenvalues >1 (Oldoni et al.,
2019). The silhouette score is useful to determine the optimal
number of clusters (k) in k-means clustering. By calculating
the silhouette score for various numbers of k, the k with the
highest average silhouette score can be chosen. This indicates
clustering where data points are well-separated within their
assigned clusters, ensuring robust and meaningful grouping
(Mahi et al., 2018). Cluster labels were assigned based on
ascending mean values. For each field and date, 11 k-means
clustering outputs were produced.

As both fields were uniformly fertilized in spring 2023,
end-of-season yield data, collected from two CLAAS Lex-
ion 8700 TT harvesters, was used to validate the clustering
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TABLE 2

Field Variables Mean Median

A FL_NO,~ (mg kg™") 11.57 11.92
FL_SMN (mg kg~') 13.69 12.70
FL_SM (%) 11.79 11.43
LB_NO,™ (mgkg™") 5.07 2.82
LB_SMN (mg kg™!) 11.63 7.96
LB_SM (%) 11.86 10.81

B FL_NO,™ (mgkg™") 9.65 7.76
FL_SMN (mg kg™1) 14.90 12.10
FL_SM (%) 12.47 12.60
LB_NO,~ (mgkg™) 3.51 1.62
LB_SMN (mg kg~!) 7.50 4.39
LB_SM (%) 12.44 12.55

HOSSAIN ET AL.

Descriptive statistics of the soil variables determined by FarmLab (FL) and laboratory analysis (LB).

Min Max SD CV (%) w

0.00 25.96 7.66 66.22 0.94%#%*
4.40 25.96 5.49 40.14 0.94%
8.72 15.73 1.97 16.67 0.95%
0.86 36.23 6.07 119.73 0.60%*
1.75 64.01 11.33 97.40 0.73%%*
7.47 19.22 3.03 25.53 0.87%%*
0.00 24.12 7.78 80.68 0.89%*
4.18 38.61 7.76 52.06 0.89%*
7.96 17.03 2.66 21.32 0.94%%*
0.11 53.11 8.10 230.68 0.35%*
2.16 67.44 10.35 138.03 0.45%*
4.40 20.40 4.26 34.29 0.95%%

Note: FL_NO;~ =NO;~ from FarmLab, FL_SMN- = soil mineral N from FarmLab, FL_SM = soil moisture from FarmLab, LB_NO;~ = NO;~ from laboratory analysis,
LB_SMN- = soil mineral N from laboratory, LB_SM = soil moisture from laboratory, Min = minimum, Max = maximum, SD = Standard deviation, CV = coefficient

of variation, W = Shapiro—Wilk test of normality.
**p < 0.05.

outputs (Table S2). Yield map data were calibrated, stan-
dardized, and error-corrected (Donat et al., 2022; Maldaner
et al., 2016), and yield clusters were derived using the silhou-
ette method. The clustered yield grid was used to calculate
the confusion matrix, kappa score, and mean squared error
(MSE) to compare MZ results (Nogueira Martins et al., 2020).
The kappa score assesses the agreement between categor-
ical datasets, adjusting for chance agreement, while MSE
evaluates model performance by averaging squared predic-
tion errors. Python libraries (numpy, geopandas, scikit-learn,
rasterio, pykrige fiona, and matplotlib) were used within a
Jupyter Notebook environment to complete the procedure.

3 | RESULTS

3.1 | Nitrate, soil mineral nitrogen, and soil
moisture

In Field-A, a significant difference (p < 0.05) was observed
between the mean NO;™ concentration estimated by Farm-
Lab (FL; 11.57 mg kg~!) and the laboratory method (LB;
5.07 mg kg~!) (Tables 2 and 3). Similarly, for SMN, FL esti-
mated a mean of 13.69 mg kg~ compared to 11.63 mg kg~!
obtained by LB, indicating a significant difference (p < 0.05).
SM showed a similar mean value (FL: 11.79%, LB: 11.86%)
and was not significantly different (p = 0.29) (Tables 2
and 3). In Field-B, a significant difference (p < 0.05) was
observed between the mean NO;™~ concentration estimated
by FL (9.65 mg kg~!) and LB (3.51 mg kg~!) (Tables 2
and 3). For SMN, FL estimated a mean of 14.90 mg kg™
compared to 7.50 mg kg~! by LB, being significantly differ-
ent (p < 0.05). SM obtained similar mean values (12.47% by

TABLE 3

comparison of measured variables.

Results of Wilcoxon rank-sum test for paired

Test
Field Comparison statistic p-value
A FL_SMN vs. LB_SMN 4.51 <0.05
FL_NO;~ vs. LB_NO;~ 5.61 <0.05
FL_SM vs. LB_SM 1.06 0.29
B FL_SMN vs. LB_SMN 7.41 <0.05
FL_NO;~ vs. LB_NO;~ 5.32 <0.05
FL_SM vs. LB_SM —0.29 0.77

Note: FL_NO;~ = NO;~ from FarmLab, FL_SMN = soil mineral N from Farm-
Lab, FL_SM = soil moisture from FarmLab, LB_NO;~ = NO;~ from laboratory
analysis, LB_SMN = soil mineral N from laboratory, LB_SM = soil moisture from
laboratory.

FL and 12.44% by LB; p = 0.77) (Tables 2 and 3). A high
coefficient of variation (%) derived from LB measured for
NO;~ and SMN indicated a higher variability of minimum
and maximum values compared to FL (Table 2).

A high deviation of SMN was observed in Field-A on a
particular date, April 5, 2023. LB obtained a maximum SMN
value of 64.01 mg kg~!, while FL recorded only 22.9 mg
kg~ on that day for the same field (Figure 5). Data were
collected 8 days after spring fertilization on March 28, 2023
(Table S2). Likewise, LB in Field-B measured a maximum
SMN value of 67.43 mg kg~! and a mean of 21.03 mg
kg‘1 on March 8, 2023, while FL estimated a maximum of
13 mg kg~ and a mean of 8.49 mg kg~!'. The sampling
was carried out 5 days after fertilization on March 3, 2023.
Overall, an opposite trend was observed at the beginning and
end of the sampling campaign, with NO;~ and SMN values
obtained by FarmLab being higher than those obtained in the
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FIGURE 5 The mean values per field from individual sampling dates for NO; ™ soil mineral nitrogen (SMN), and soil moisture derived by

FarmLab and laboratory analysis; the left panel designates Field-A, and the right panel designates Field-B. The error bars are the actual minimum

and maximum values observed per field on that specific sampling date.

laboratory and vice versa (Figure 5). Significant differences
between FarmLab and laboratory were observed in Field-A
for NO5™ on six of seven dates and for SMN on five of seven
dates (p < 0.05) (Table S6). In Field-B, SMN showed signifi-
cant differences on five of six dates and for NO;~ on three of
six dates (p < 0.05) (Table S6).

3.2 | Bland-Altman plots for method
agreement

The mean difference in NO;™ obtained by FL and LB was
more than 6 mg kg™! for both fields (Figure 6a.b), and the lim-
its of agreement were large in Field-B (—17.40 to 29.66 mg
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a ‘T 'seoe

sdny woy

5UBD1T SUOLILLIOD SAIERID 3|cedl [dde ayy Aq paulonoh afe sajoie YO ‘9N JO Sa|n 1oy Aziqi] 3UUQ 431N UO (SUO N PUOD-PUR-SWLBYWO0Y" A3 | 1M AReIq 1 Ul [UO//SANY) SUORIPUOD PUe SWB | aU) 88S *[5202/20/52] uo ARiqiauliuo AB|IA 3 (leZ) Bunyosiosijeyaspue | eiBy N4 1nnsu| ziuge 1 Ag TS002 20Be/z00T 0T/I0p/wod B | 1m Azeiq 1 pul|L



HOSSAIN ET AL.

kg™!). The mean difference of SMN in Field-A was 2.05 mg
kg~!, compared to 7.40 mg kg~! in Field-B (Figure 6c,d).
Field-A showed a relatively satisfactory agreement with a
narrower spread in the upper and lower limits, indicating
greater agreement between the methods compared to Field-
B. SM showed a negligible mean difference, suggesting little
systematic difference between FL and LB (Figure 6e,f).

3.3 | Delineation of management zones

Results of Spearman correlation matrices for both fields
showed FL NO;~ and SMN had a positive correlation with
single-band spectral values from satellite imagery, while
most calculated indices showed negative correlations (Figure
S3). SM measured with FL. and LB correlated significantly
and positively with the indices in Field-B; however, an
insignificant correlation was observed in Field-A. Topo-
graphic variables did not correlate significantly with any
FL, LB, or remote sensing variables. These findings also
indicate multicollinearity among variables, which requires
a PCA before applying the k-means clustering approach.
Furthermore, Figure 7 illustrates eigenvalues >1 and the cor-
responding explained variance ratios of principal components
(PCs) for different fields and dates, reflecting the variabil-
ity across various feature set combinations. The first two PCs
consistently captured most of the variance across both fields
and dates (Figure 7a—d).

In both fields, feature sets with FarmLab (A) and labora-
tory (B) data, the eigenvalues of the first principal component
(PC1) were relatively low and consistently below 4. In con-
trast, the eigenvalues for the remote sensing dataset (C) were
between 13 and 14. Despite the lower eigenvalues in fea-
ture sets A and B, PCI1 explained a substantial portion of
the variance, which was between 65% and 90%. In contrast,
feature sets incorporating remote sensing data (C) explained
less than 60% of the variance. When topographical variables
were included in the feature sets alongside FarmLab and lab-
oratory data, the variance explained by PC1 dropped to less
than 50%.

The silhouette score (Table 4) for selecting the optimal
number of clusters showed that feature set B consistently
achieved higher silhouette scores on three out of four dates,
suggesting the presence of natural variability in the data.
Additionally, feature set A from Field-B yielded the highest
score on March 8, 2023, reflected in greater class separability
and increased spatial variability in the data compared to all
other feature sets. However, when multiple data were fused in
the feature sets (e.g., A + Cand A + C + D), it tended to show
lower silhouette scores, suggesting that additional variables
might introduce complexity, thus reducing class separability
across different fields and dates. Overall, most feature sets
showed two classes irrespective of fields and dates.

Agrosystems, Geosciences & Environment  {t6ss 11 0f20

In both fields, k-means clustering results showed the cre-
ation of at least two zones, especially when remote sensing
data were included (Figures 8 and 9). In Field-A, clustering
based on autumn data (November 2022) using LB (feature set
B) resulted in three clusters. However, in spring (March 2023),
when FL data (feature set A) were utilized, up to nine clusters
were identified, indicating a higher level of spatial variability
during this period. Conversely, in Field-B, the autumn clus-
tering results using FL data (feature set A) generated up to
four clusters, whereas feature set (A + D) incorporating lab-
oratory and topographic variables produced six clusters. In
spring, both FL and LB data resulted in the formation of only
two clusters, suggesting a reduced within-field spatial vari-
ability of the variables considered for clustering during this
season.

MZ clusters of 11 feature sets (data fusion combinations)
were evaluated against yield map data using Kappa score and
MSE values (Table 5). In Field-A, the feature set combining
FL and topographic variables resulted in the lowest MSE and
an improved kappa score in November. The best performance
was observed in March, when LB and topographic variables
were combined (feature set A + D). In Field-B, despite a lower
kappa score in November (0.135), there was a noteworthy
improvement in March (0.436), with remote sensing variables
incorporated in the analysis for both periods. Overall, the
results showed that the inclusion of topographic variables pro-
vided the best fitting outputs irrespective of fields and dates
(Figure 10).

4 | DISCUSSION

4.1 | Comparison between FarmLab and
laboratory analysis

Developing a proximal sensor for direct estimation of NO; ™,
SMN, and SM in the field involves critical factors such as
sensitivity and practicality (Guerrero et al., 2021a). In this
context, the present study examined the feasibility of using
FarmLab as an alternative to traditional laboratory methods
to assess spatial variability of nitrogen at the field scale.
Although the primary focus was not a quantitative compari-
son of the two methods, the study also explored the underlying
causes for the discrepancies observed between the FarmLab
proximal sensor and laboratory measurements. The maxi-
mum values of NO3;~ and SMN determined by FarmLab
were within the specified threshold mentioned by the Farm-
Lab manufacturer (40 and 45 mg kg~! for NO;~ and SMN,
respectively) (German Agronomic Society, 2021). SM also
followed the 5% to <25% threshold, which indicated Farm-
Lab’s inherent limits to estimate a wide range of values.
Furthermore, Bland—Altman plots showed dissimilarities in
NO; ™ and SMN between the two methods (Figure 6), which
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(a) Field-A November 7, 2022; (c) Field-A March 15, 2023; (b) Field-B November 14, 2022; and (d) March 08, 2023.The eigenvalues >1 are shown
with dots (o), while explained variance ratios (right y-axis) are shown as squares ([]). For each feature set, specific colors were selected to represent

the eigenvalues and their corresponding variance ratio. A = FarmLab, B = Laboratory, C = Remote sensing, D = Topographic variables. Details on

the variables are presented in Figures S2 and S3.

confirmed that FarmLab underestimated higher SMN val-
ues and overestimated lower ones compared to the laboratory
method. A recent study by Vikuk et al. (2024) reported sim-
ilar results, where the mean concentrations of NO;~ and
SMN measured in three different study areas were signifi-
cantly higher with FarmLab than the laboratory (p < 0.05).
In our study, both fields exhibited significant differences
(NO5;~, SMN) under heterogeneous soil textures, includ-
ing loamy sand, sandy loam, and silt present in both fields
(Figure 2). Although both studies (Vikuk et al., 2024, and
the present study) were conducted on soil types recommended
for FarmLab use—namely, sandy, silty, and loamy soils—the
significant differences observed between the methods may be
attributed to the higher proportion of sandy soils in our study
area. Additionally, variations in sample processing, such as
sieve size, type and amount of extracting solution, and the
solution-to-soil ratio used by FarmLab, may have contributed

to these discrepancies (German Agronomic Society, 2021; K.
Lietal., 2012; Vikuk et al., 2024).

Another reason for the observed disagreement (Figure 6)
between FarmLab and the laboratory method could be the
extraction method followed in our study (KCI). Vikuk et al.
(2024) also applied a similar extraction method as FarmLab’s,
being CaCl,, and reported an under- and overestimation of
more than 50 kg ha~! SMN by FarmLab compared to the lab-
oratory method. A study by K. Li et al. (2012) demonstrated
that the concentrations of NO; ~ and NH,* in soil were signif-
icantly higher when extracted with KCI compared to CaCl,.
Nevertheless, other factors such as extraction duration, stor-
age time, and temperature can affect the extraction results
(K. Li et al., 2012). In our study, although the extraction
was performed with KCI, the mean concentration of NO;~
and SMN measured by LB was lower for both fields com-
pared to FarmLab estimates, which argues against the relevant
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FIGURE 8 K-means clustering output using data from four different sources in 11 different feature sets in Field-A. The figure above shows
results derived from data collected on November 7, 2022; the figure below represents data collected on March 15, 2023. The color legend on the
right side of each plot indicates the number of clusters. A = FarmLab derived (NO5~, soil mineral nitrogen [SMN], and soil moisture [SM]),

B = Laboratory derived (NO;~, SMN, and SM), C = remote sensing bands and derived indices, D = topographic variables (digital elevation model
[DEM], slope, and topographic wetness index).
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TABLE 4 Silhouette scores and the optimal number of clusters for different data fusion combinations for two fields on multiple dates.
Field Field-A Field-B
Date November 7, 2022 March 15, 2023 November 14, 2022 March 8, 2023
Feature Silhouette Optimum Silhouette Optimum Silhouette Optimum Silhouette Optimum
sets score cluster score cluster score cluster score cluster
A 0.428 2 0.39 9 0.48 4 0.58 2
A+C 0.301 2 0.31 2 0.23 2 0.27 2
A+C+D 0.255 2 0.276 2 0.22 2 0.25 2
A+D 0.3 2 0.242 5 0.36 3 0.4 2
B 0.57 3 0.51 2 0.46 2 0.55 2
B+C 0.301 2 0.31 2 0.23 2 0.27 2
B+C+D 0.27 2 0.276 2 0.21 2 0.25 2
B+D 0.301 3 0.33 2 0.32 6 0.36 2
C 0.34 2 0.35 2 0.25 2 0.3 2
C+D 0.3 2 0.31 2 0.24 2 0.27 2
D 0.35 2 0.35 2 0.37 4 0.37 4

Note: A = FarmLab, B = Laboratory, C = Remote sensing, D = Topographic variables.

TABLE 5

Performance metrics (mean squared error [MSE] and Kappa score) for different feature sets across two fields (Field-A and Field-B)

on two dates (November 7, 2022, and March 15, 2023, for Field-A, and November 14, 2022, and March 8, 2023, for Field-B).

Field Field-A Field-B

Date November 7, 2022 March 15, 2023 November 14, 2022 March 8, 2023
Feature Kappa Kappa Kappa Kappa
sets MSE score MSE score MSE score MSE score
A 0.342 0.269 18.102 0.000 2.493 0.147 0.301 -0.127
A+C 0.448 0.040 0.516 0.032 0.451 —-0.025 0.217 0.421
A+C+D 0.448 0.036 0.517 0.033 0.453 -0.029 0.205 0.436
A+D 0.330 0.246 4.102 0.075 1.041 —0.007 0.293 -0.116
B 0.821 —0.104 0.168 0.512 0.393 —0.068 0.246 -0.070
B+C 0.444 0.048 0.674 0.072 0.462 0.136 0.293 0.397
B+C+D 0.445 0.049 0.516 0.038 0.457 —0.035 0.218 0.415
B+D 0.842 —0.094 0.158 0.522 6.912 0.179 0.209 0.105
C 0.646 0.088 0.675 0.072 0.459 0.138 0.286 0.405
C+D 0.647 0.088 0.518 0.036 0.456 0.135 0.270 0.427
D 0.330 0.034 0.330 0.034 3.123 0.155 3.123 0.155

Note: A = FarmLab, B = Laboratory, C = Remote sensing, D = Topographic variables. Gray-colored cells indicate the best fitting feature sets from specific dates for both

fields.

role of the extraction method choice but underpins the impor-
tance to verify and calibrate sensor technologies not only in
the national but also in the international context and usage
applications (Liu et al., 2023). Previous studies using vis-NIR
spectroscopy showed promising results in predicting NO;~
levels in dried soils under a laboratory setting (Tsakiridis
et al., 2017), while Guerrero et al. (2021a) confirmed that it
was possible to successfully predict total nitrogen using the
vis-NIR spectrum but not the mineral N fraction. Metzger and
Bragazza (2024) used a handheld vis-NIR spectrophotome-
ter and KCI extraction combined with Partial Least Squares

Regression (PLSR) to analyze soil organic carbon (SOC),
total nitrogen (N), NO;~ and NH," in clay soils. They
achieved reliable predictions for N,,, and promising results
for NO;~ but found that predicting NH,* was not possible
due to its complex absorption properties related to soil cation
exchange capacity.

A notable observation in our study are the differing cor-
relations between SM and NO;~, as well as SMN (Figure
S3a,b). In both fields, SM exhibited a negative correlation
with NO;~ and SMN when assessed by FL, in contrast to
positive correlations observed with the laboratory method. A
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FIGURE 9 K-means clustering output using data from four different sources in 11 different feature sets in Field-B. The figure above shows

results derived from data collected on November 14, 2022; the figure below represents data collected on March 8, 2023. The color legend on the

right side of each plot indicates the number of clusters. A = FarmLab, B = Laboratory, C = Remote sensing, D = Topographic variables.

study by R. Zhang and Wienhold (2002) showed that NO;~
positively correlated with SM up to 80% of water-filled pore
space. The current study observed that for a range of 11%-—
20% SM in both fields, laboratory results showed a positive
correlation among NO;~ and SMN with SM. On the other
hand, the negative correlation observed with FarmLab could
be due to the type of sensor combination used or the cali-
bration procedure followed by FarmLab. Although the SM
measured by both methods showed similar trends, SM data
did not contribute to understand the differences in mineral N
dynamics by both methods. The exact reasons for the differ-

ences between FarmLab and laboratory results have not been
elucidated in this study as the specific regression or calibra-
tion models used by FarmLab for estimating NO;~, SMN, and
SM are protected by commercial patents. Despite these limi-
tations, FarmLab’s practical utility lies in its ability to provide
quick, field-based assessments, which can inform fertilizer
management decisions with a reasonable understanding of
its limitations. For example, while FarmLab’s discrepancies
from laboratory methods may lead to under- or overestima-
tion of precise nitrogen levels, its real-time measurements
allow farmers and agronomists to make timely decisions
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Yield cluster produced from combined harvester data and the best fitting feature sets on different dates. The upper row represents

Field-A, the lower row depicts Field-B, A = FarmLab, B = Laboratory, C = Remote sensing, D = Topographic variables.

regarding the need of variable-rate fertilizer applications. This
is particularly valuable during critical growth stages when
laboratory results may not be immediately available. How-
ever, our results suggest that FarmLab’s estimates may be
more suited for within-field spatial variability assessment
rather than precise nitrogen quantification. For specific crops
or management practices, such as those requiring highly accu-
rate nitrogen inputs, calibration against laboratory methods
may be necessary to improve its reliability. Nonetheless, its
portability and ease of use make FarmLab a practical tool
for initial field assessments, particularly in resource-limited
settings or when rapid decisions are needed.

4.2 | Implication of multisensory data fusion
and delineation of management zones

Although the delineation of MZ is a well-established prac-
tice in precision agriculture (Guerrero et al., 2021a; Nawar
et al.,, 2017), the integration of in-season data on NO;~,
SMN, and the fusion of this information with remote sensing
and topographic variables has not been thoroughly investi-
gated in the existing literature. This study therefore introduces
a novel approach by harnessing the capabilities of a hand-
held proximal sensor device and high-resolution satellite
imagery, particularly during critical crop growth periods. The
suitability of FarmLab, despite its limited agreement with
laboratory-based results, was tested for its potential to com-
bine remote sensing and topographic variables to delineate
MZ, which in turn captures spatial variability. The methods
approached in the current study can also be implemented fur-
ther to track NO; ~-leaching hotspots within the fields and for
spring fertilization of winter crops. Since nitrogen leaching
typically occurs between September and April in temperate

climates (Zhao et al., 2020), the correlation between remote
sensing indices and FarmLab-derived NO5;~, SMN, and SM
could facilitate the identification of NO;~ hotspots in the
field. To enhance this approach, future studies could integrate
crop biomass, plant nitrogen data, remote sensing imagery,
and FarmLab measurements (Zhao et al., 2020).

Previous studies have demonstrated that the incorporation
of topographic variables improves MZ delineation (Vallentin
et al., 2020). In our analysis (Table 5, Figure 10), fusion of
topographic variables with other data achieved the best fit for
both fields, whereas feature sets relying solely on topographic
data were less effective. A similar pattern was observed with
remote sensing data; feature set C from both fields did not
produce optimal MZ. In Field-A, remote sensing data alone
did not improve MZ delineation, likely due to the timing of
image acquisition during the BBCH 18 and BBCH 24 growth
stages of rapeseed, resulting in low plant coverage and high
soil reflectivity. In contrast, Field-B showed improved kappa
scores for the feature set that included remote sensing vari-
ables during autumn and spring dates, suggesting better crop
reflectance from barley compared to rapeseed (Table S7).
Despite different spectral signatures and reflectance angles of
barley and rapeseed (Kuester & Spengler, 2018), the higher
NDRE and NDVI values (Table S7) from barley indicated that
higher reflectance values from barley might have contributed
to improved clustering results when integrating RS indices
with FarmLab and topographic variables. Furthermore, one
of the key advantages of using PlanetScope satellite imagery
over freely available Sentinel-2 10-m imagery is the availabil-
ity of two green bands at a 3-m resolution. When combined
with NIR, these green bands contribute to monitor vegeta-
tion health and biomass production (Kharel et al., 2023). In
the current study, PCA of the best fitting feature sets (A +
C + D and C + D) for Field-B showed that the green—red
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normalized difference vegetation index (GRNDVI), calcu-
lated from the two green bands (bands 3 and 4), was the most
contributed variable in the first principal component (PC1),
followed by NDVI, renormalized difference vegetation index,
and NDRE indices. This finding is particularly relevant given
that several studies have reported that NDVI can be satu-
rated depending on plant density, canopy cover, and growth
stage (Gracia-Romero et al., 2023). In this context, alternative
indices like GRNDVI could be more effective to capture vari-
ations in N-related crop conditions, providing a more nuanced
understanding of vegetation health and N status of the crops
that can also be translated into N leaching hotspots in the field
(Zhao et al., 2020).

The current study applied unsupervised k-means clustering
to multiple feature sets through silhouette score assessment
and produced MZ. Feature sets derived from single-source
data exhibited greater class separability, notably, soil vari-
ables from FarmLab in Field-B on March 8, 2023 (Table 4).
The highest silhouette score from the FarmLab feature set
in spring indicated FarmLab’s potential as a quick tool to
assess the spatial variability of N within the field. However,
it also showed that the performance could be crop dependent.
Furthermore, feature sets incorporating remote sensing data
exhibited lower cluster separability in both fields on both
dates; this outcome is likely attributed to remote sensing
data’s low spatial variability in the reflectance values. As
remote sensing primarily detects aboveground nitrogen (N)
or plant N status, MZ derived solely from remote sensing
data (feature set C) were not optimal for either field or date.
Nevertheless, feature sets that integrated remote sensing and
topographic variables demonstrated best fitting clusters and
emphasized the benefits of data fusion in delineating MZ for
spring fertilization management.

The practical implications of these clustering results are
significant for precision agriculture and overall farm man-
agement. Differences in clustering outcomes affect fertilizer
application strategies by altering the number of identified
zones with varying nutrient demands. For instance, integrat-
ing topographic and remote sensing variables led to more
robust clustering, which allows farmers to optimize fertil-
izer application rates tailored to specific zones, potentially
reducing overapplication and environmental impacts. How-
ever, the trade-offs between data complexity and clustering
performance must also be considered in terms of field size,
presence of permanent traffic lines, and available machinery
(Donat et al., 2023). While multi-source data fusion improves
clustering accuracy, it requires additional resources, such as
high-resolution satellite imagery and proximal sensor devices,
which may be cost-prohibitive for small-scale farmers (Ker-
necker et al., 2020). Simplified clustering approaches, using
a limited number of variables like FL data alone, could
be a practical alternative for resource-limited scenarios, as
demonstrated by the high silhouette scores achieved with soil
variables in Field-B. The methods presented in this study can
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be scaled up for larger farms and different crop types by tai-
loring the field sampling campaign and feature sets to specific
field conditions and crop requirements.

Increasing the sampling density through a narrower grid
design could potentially improve model precision. However,
this approach proved impractical for the tested on-farm appli-
cations. The performance of FarmLab in our study was
compromised by the presence of crop residues, which are
common in fields managed under conservation agriculture
where straw is retained on the surface postharvest. Addi-
tionally, the landscape’s formation, characterized by a high
prevalence of stones in the topsoil, further impeded Farm-
Lab’s functionality. As noted by Najdenko et al. (2024), the
accuracy and performance of spectral sensors can be signifi-
cantly influenced by soil surface conditions, tillage practices,
and the presence of stones. In our case, these factors increased
the time required to complete measurements, as it was chal-
lenging to obtain three consecutive error-free soil punches
due to frequent interference from residues and stones. These
challenges highlight the importance of considering field con-
ditions when using spectral sensors. The current study did
not include soil texture, organic carbon, or total nitrogen as
additional comparable soil variables. Future studies may ben-
efit from adding these variables estimated by FarmLab, which
could offer valuable information on drivers for spatial and
temporal mineral N dynamics (Guerrero et al., 2021a; Zhao
et al., 2020).

S | CONCLUSIONS

This study comprehensively tested a newly developed prox-
imal sensor system as an alternative to field sampling and
laboratory analysis for mineral N determination in the topsoil.
Although the comparative analysis between the two meth-
ods did not result in a satisfactory agreement, the FarmLab
data facilitated the capture of within-field variability and the
delineation of MZ. The accuracy of the delineated MZ dif-
fered between the two cropped fields. Although rapeseed did
not present consistent feature sets for practical use, remote
sensing imagery combined with topographic and FarmLab
variables proved effective for barley. This study highlights
the challenges of evaluating in-season spatial variability of
SMN and delineating MZ for different crops. Nevertheless,
the results support the delineation of MZ with FarmLab as
an additional data source, which may provide new opportuni-
ties for more inclusive and efficient fertilization management
using multi-sensor and openly available datasets.
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