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Highlights

What are the main findings?

• Strong correlation between NDVI and crop coefficient (Kc) derived from Arable Mark
2 ground station data regarding starch potatoes.

• Successful cross-calibration of NDVI values from Arable Mark 2 ground stations with
remote sensing–based NDVI (DJI Phantom 4 multispectral, PlanetScope, and Sentinel-
2) of starch potatoes, ensuring consistency between ground-based and satellite/UAV
sources.

What is the implication of the main finding?

• Enables the derivation of high-resolution, spatially distributed crop coefficient and
water balance maps for starch potatoes from multiple remote sensing platforms.

• Provides a transferable and cost-effective model for precision irrigation in starch potato
cultivation and potentially other crops.

Abstract

The measurement of available water for agricultural plants is a crucial parameter for
farmers, particularly to plan irrigation. However, an area-wide measurement is often not
trivial as there are several inputs and outputs of water into the system. Here, we present a
high-resolution, remote sensing-based water balance model for starch potato cultivation,
combining multispectral ground station data with UAV and satellite imagery. Over a
three-year period (2021–2023), data from Arable Mark 2 ground stations, DJI Phantom
4 MS drones, PlanetScope satellites, and Sentinel-2 satellites were collected in Mecklenburg–
Western Pomerania, Germany. The model utilizes NDVI-based crop coefficients (R2 = 0.999)
to estimate evapotranspiration and integrates on-farm irrigation and precipitation data
for precise water balance calculations. A correlation with reference NDVI observations
by Arable Mark 2 systems can be shown for UAV (R2 = 0.94), PlanetScope satellite data
(R2 = 0.94), and Sentinel-2 satellite data (R2 = 0.93). We demonstrate the model’s ability to
capture intra-site heterogeneity on a precision farming scale. Our spatially comprehensive
model enables farmers to optimize irrigation strategies, reducing water and energy use.
Although the results are based on sprinkler irrigation, the model remains adaptable for
advanced irrigation methods such as drip and subsurface systems.

Remote Sens. 2025, 17, 3227 https://doi.org/10.3390/rs17183227

https://doi.org/10.3390/rs17183227
https://doi.org/10.3390/rs17183227
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0006-9760-5162
https://orcid.org/0000-0002-0541-3424
https://orcid.org/0000-0002-1389-7289
https://orcid.org/0000-0002-0807-7059
https://doi.org/10.3390/rs17183227
https://www.mdpi.com/article/10.3390/rs17183227?type=check_update&version=2


Remote Sens. 2025, 17, 3227 2 of 34

Keywords: sustainable agriculture; irrigation; crop coefficient; Sentinel-2; PlanetScope;
drone; UAV; water balance; starch potato; evapotranspiration

1. Introduction
Irrigation is a central topic in modern agriculture, especially due to climate change

and the associated increase in variability of temperatures and precipitation. Coupled with
the growing global population, farmers face the challenge of optimizing crop yields while
conserving resources at the same time [1,2]. In this context, the resource ‘water’ is of
paramount importance. Irrigation strategies need to be designed to adequately meet the
water requirements of crops while minimizing water loss.

Particularly for potato and starch potato (Solanum tuberosum) cultivation in Germany,
significant yield declines and increases in irrigation demand are projected under various
Representative Concentration Pathways (RCPs) [3–6]. In other European countries, potato
yields have already declined markedly in recent years due to climate change or are expected
to do so [2,7–9].

Starch potatoes differ from conventional table potatoes primarily in their higher starch
content and are predominantly used in the industry for the production of starch products
such as paper, adhesives, and food. Owing to this industrial application, both the quantity
and quality of the yield are of considerable economic importance. Optimal water supply is a
crucial factor directly influencing both yield and quality. However, starch potato cultivation
presents specific irrigation requirements, since water demand varies substantially across
different growth stages. During the tuber initiation phase and subsequent tuber growth,
water requirements are particularly high [10–12]. Insufficient water supply during this
period can result in substantial yield losses, whereas excessive irrigation increases the risk
of diseases such as tuber rot. Moreover, the water requirements of starch potatoes are highly
dependent on soil and climatic conditions. In regions with low or irregular precipitation,
artificial irrigation thus becomes an indispensable agricultural practice.

Various irrigation techniques have been established in agriculture to improve water use
efficiency and reduce overall consumption [13]. These include drip irrigation, subsurface
irrigation and sprinkler irrigation [14]. Drip irrigation has proven particularly effective, as it
delivers water directly to the plant roots, thereby minimizing evaporation losses. However,
it requires installation and removal before and after each growing season. Subsurface
irrigation is even more efficient but equally demanding in terms of use and maintenance.
Sprinkler irrigation, by contrast, is less efficient because considerable amounts of water
are lost through evaporation and wind drift, yet it remains versatile and relatively easy to
operate. In parallel, new technological developments such as soil moisture sensors and
automatic irrigation systems offer additional potential to optimize water use while ensuring
stable yields. Publicly available solutions are provided by the German Weather Service
(DWD). Among these, AMBAV 2.0 (“Agrameteorologische Berechnung der aktuellen
Verdunstung 2.0” or “Agrometeorological Calculation of Actual Evaporation 2.0”) estimates
actual evapotranspiration using a mixed-source approach that combines the classical
Penman–Monteith method with a complex soil hydraulic model [15]. The model also
accounts for precise phenological development of the specific crop type and incorporates
the coupled feedback of soil drying on plant water uptake dynamics [16]. However, with a
spatial resolution of 1 × 1 km, its applicability for precision agriculture remains limited. In
addition, international providers such as Arable Labs (www.arable.com, accessed on 11
July 2025) Inc. and Pessl Instruments (https://metos.global/de/, accessed on 11 July 2025)

www.arable.com
https://metos.global/de/
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offer commercial solutions. A common limitation of these systems, however, is that they
do not adequately capture intra-site-specific heterogeneities.

To achieve optimal efficiency, it is essential that irrigation is implemented at a preci-
sion farming level through intra-site-specific applications, since precision agriculture (PA)
represents a key component of sustainable agricultural practices in the 21st century [17–19].
Although multiple definitions of PA exist, the underlying concept remains consistent [20]:
to understand variations in resource conditions at the intra-field scale and to respond to
them appropriately in both temporal and spatial dimensions [21]. Over the past decades,
numerous methods have been developed and discussed to estimate crop irrigation needs
within the PA framework [22–26]. This is particularly important to prevent plant stress
caused by excessively wet or dry conditions and to ensure consistently high yields across
entire fields, while conserving water as the most critical resource [17]. In this study, PA is
defined as agricultural management with a spatial resolution of up to 5 m—based on the
native 3.7 m resolution of PlanetScope data with an added buffer for pixel smoothing and
interpolation and a daily temporal resolution.

In recent decades, applications of remote sensing (RS) techniques in agriculture, and
particularly for estimating evapotranspiration as the key component of water loss from
the plant–soil system, have been extensively reviewed [17,27–30]. Substantial research
has specifically focused on irrigation planning using RS-based approaches [17,25,31–34].
Some methods integrate soil moisture conditions through remote sensing. However, these
approaches attempt to derive soil moisture directly from satellite observations, which
are typically limited by low spatial and temporal resolution and therefore do not meet
intra-site-specific requirements. This results in considerable uncertainties regarding both
spatial and temporal precision [35–40]. Ground-based methods, such as cosmic-ray neutron
sensing or soil sensor-based irrigation management and crop water stress indices, also show
reduced accuracy, particularly under closed canopy conditions, as the information density
from the soil decreases as canopy cover increases [41–43]. An alternative approach is the
estimation of evapotranspiration, and thus, the water balance, based on crop coefficient
values derived from high-resolution remote sensing data. This method is applicable at the
intra-site-specific scale and does not rely on direct soil moisture measurements [44]. The
main challenge, however, lies in obtaining reliable crop coefficient values that correlate
with the Normalized Difference Vegetation Index (NDVI) at a precision farming scale for
near-real-time calculations. In this study, we present a solution based on Arable Mark 2
ground stations in combination with UAV and satellite data.

Over a period of three years (2021–2023), we monitored two sites in Mecklenburg–
Western Pomerania, Germany, where our model crop, the starch potato ‘Waxy cv. Henriette,’
was cultivated. This was accomplished using multispectral drone imagery, PlanetScope
and Sentinel-2 satellite data, together with Arable Mark 2 ground station data, where NDVI
measurements from the Remote Sensing Sources (RSS) were cross-calibrated against Arable
Mark 2 NDVI to derive the crop coefficient and, consequently, crop evapotranspiration
on the Remote Sensing Sources [45]. While PlanetScope data alone would be sufficient
to generate a complete temporal series, occasional gaps are unlikely to be filled by the
limited number of Sentinel-2 overpasses but could be addressed by UAV acquisitions. The
rationale for including all three sources is to ensure broader applicability: PlanetScope data,
although high-frequency and high-resolution, can be cost-prohibitive, limiting practical
access to a subset of users. Sentinel-2, by contrast, is freely available and provides a
European alternative that can serve as a baseline for water balance estimation. Given that
cloud cover can most certainly affect both satellite sources in the DEMMIN area and even
Germany-wide, UAVs were included as a third option. UAVs can not only fill temporal
or spatial data gaps but also operate independently of satellite imagery, providing high-
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resolution information suitable for users without access to satellite data, or for applications
requiring very fine spatial resolution, such as implementing precision irrigation systems
like drip irrigation.

Additionally, precipitation data were obtained from the RADOLAN product of the
German Weather Service [46], and irrigation depths were recorded during irrigation events
to determine water input at high spatial resolution.

The aim of this study was to develop a new method to improve the precision of ground
station-based water balance estimations by integrating high temporal and spatial resolution
UAV, PlanetScope, and Sentinel-2 satellite data, with resolutions of one day and up to three
meters, respectively, covering areas of up to 30 ha. This approach enables the optimization
not only of sprinkler irrigation but also of drip and subsurface irrigation systems, and
provides a practical tool, such as field maps, for farmers to determine when irrigation is
required and to adjust irrigation volumes according to specific intra-field needs.

2. Materials and Methods
2.1. Study Site Characterization and Experimental Design

Our field study was conducted at the regional test site DEMMIN (Durable Environ-
mental Multidisciplinary Monitoring Information Network), which extends from 54.04◦N
to 53.83◦N and from 12.97◦E to 13.35◦E, located in the federal state of Mecklenburg–Western
Pomerania around the city of Demmin, approximately 220 km north of Berlin (Figure 1).
The DEMMIN site covers 900 km2, is part of the TERENO-NE observatory, and is inten-
sively used for agriculture. It has served as a scientific observation area for over 20 years
investigating climate data and soil moisture observation [47,48].

Figure 1. Overview map of the two field sites within the DEMMIN research area in northwestern
Germany. Coordinates are given in WGS 84/UTM zone 33N (EPSG:32633).

During the vegetation periods from 2021 to 2023 (May to October each year), our
partner farm Bentziner Ackerbau GmbH regularly cultivated the medium-sized high-
amylopectin potato (HAPP) “Waxy cv. Henriette” at two sites, “Schwämme” and “Schießs-
tand,” both located in the DEMMIN area (Figure 1). Crop management practices followed
the standard procedures of the local farmer (Table 1), and the experiment was fully inte-
grated into the farmer’s workflow to avoid disruption of regular operations or invasive
interventions. The study sites cover 23.7 ha (Schwämme) (Figure 2) and 30.7 ha (Schießs-
tand) (Figure 3). Ridge spacing was 0.75 m, with a plant spacing of 0.38 m. The general
soil physicochemical properties revealed site-specific differences and gradients, with sand
fraction and soil organic carbon (SOC) varying from west to east at Schwämme and from
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north to southwest at Schießstand. Further details on crop management can be found in
Wenzel et al. (2022) [49].

Table 1. ANOVA (AOV) comparing UAV-based NDVI models with increasing degrees, i.e., from
linear model to 4th degree polynomial model. Best-choice model was found with the 3rd degree
model, since R2 of training and validation are maximized and AIC, BIC, and RMSE as well as RMSE
(10 fold cross-validation) are minimized. Significance levels: p < 0.01 (**), p < 0.001 (***); n.s. = not
significant; NA = not applicable.

Dataset Model
Properties 1st Degree 2nd Degree 3rd Degree 4th Degree

training

R2 0.9388 0.9435 0.9545 0.9548
AOV Res.Df 104 103 102 101
AOV RSSq 0.2351 0.2169 0.1747 0.1736

AOV Df NA 1 1 1
AOV SSq NA 0.0182 0.0422 0.0011

AOV F NA 10.5958 24.5574 0.6412
AOV p value NA ** *** n.s.

AIC −340.955 −347.501 −368.4402 −367.111
BIC −332.9647 −336.8472 −355.123 −351.1304

validation
R2 0.9192 0.9261 0.9293 0.9263

RMSE 0.0573 0.0544 0.0527 0.0538
RMSE (10

f-cross) 0.0485 0.0473 0.0429 0.0436

Figure 2. Study site in 2021 showing sprinkler transects with varying and uniform irrigation levels as
well as the ground station setup.

In 2021, the experiment was conducted at the “Schwämme” site (center: 53.9495◦N,
13.2446◦E) and comprised four plots, each measuring 172 m × 72 m (1.24 ha), aligned along
a single irrigation lane (Figure 2). Irrigation amounts were varied across the four plots, with
100% serving as the farmer’s reference (18–25 mm per irrigation event), based on values
derived from the ZEPHYR model [50]. In addition to the reference and control plots (both
irrigated at 100%), plots with 80%, 90%, and 120% irrigation levels were established to
create two reduced- and one increased-irrigation treatments. Each plot was equipped with
one Arable Mark 2 ground station (Arable Labs, Inc., Princeton, NJ, USA) connected to one
60 cm Sentek soil moisture probe (Sentek Sensor Technologies, Stepney, Australia) to record
NDVI, reference evapotranspiration (ETref) and crop evapotranspiration (Kc), soil moisture,
and meteorological data. Furthermore, two Pessl µMetos® Base-NBIOT weather stations,
each connected to a 60 cm Sentek soil moisture probe and one additionally equipped with a
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tipping bucket, were installed per plot to record soil moisture and increase the sample size.
To account for potential differences in soil type as an explanatory variable, a dense grid
of soil core samples was collected across the entire site and in the vicinity of the ground
stations prior to the experiment [49].

Figure 3. Study site in 2022 showing sprinkler transects (lanes A and B) with varying irrigation levels
and the ground station setting.

The experimental setup was repeated in 2022 at the “Schießstand” site (center:
53.941◦N, 13.2436◦E) following a design similar to that of 2021 to consider other meteoro-
logical and field conditions but with an additional irrigation lane to account for different
soil types (Figure 3). While the soil along irrigation lane A (eastern lane) was comparable
to that of the 2021 site, irrigation lane B (western lane) included both sandy–loamy soil and
sandy soil. Four plots were established along lane B using the same configuration as lane A
but with a modified treatment. The two northernmost plots were located on sandy–loamy
soil, while the two southernmost plots were located on sandy soil [49]. In both soil types,
plots were irrigated at 100% and 80%.

In 2023, the experiment was again conducted at the “Schwämme” site but with a
modified design complemented by a Closed Path Eddy Covariance System CPEC310
(Campbell Scientific, Loughborough, UK), which was only available in that year. The
EC-Systems location was chosen to maximize the observation area according to the field
size and form. It was installed at a height of 2.2 m, corresponding to a radius of 220 m
and a footprint of 15.21 ha, covering 7.3 ha of the study site and thus including all four
irrigation lanes. In total, five Arable Mark 2 ground stations and 16 Pessl ground stations,
each connected to a 60 cm Sentek soil moisture probe, were randomly distributed across
the site to collect the same set of data as in previous years (Figure 4). Unlike the previous



Remote Sens. 2025, 17, 3227 7 of 34

experiments, no irrigation treatments were varied. Instead, all irrigation was applied at the
farmer’s reference level of 100%.

Figure 4. Study site in 2023 with ground station setup and footprint covered by Eddy Covariance System.

2.2. Irrigation Data

Irrigation was applied using a Fasterholt FM 4900H (Fasterholt Maskinfabrik A/S,
Brande, Denmark) gun sprinkler [51], which allows irrigation amounts to be adjusted through
prior programming. Irrigation volumes were logged with a Raindancer GPS tracking module by
IT-Direkt Business Technologies GmbH (www.raindancer.com, accessed 11 July 2025). From
the user portal, a CSV file containing the most recent 10,000 data points—with a temporal
resolution of 7 min (equivalent to the last 12 days)—can be downloaded for each sprinkler and
irrigation event, including coordinates, timestamps, and water pressure values. Conversion
tables provided in the sprinkler manual [51] were used to derive irrigation heights for a
25.4 mm nozzle under varying water pressure. Missing water pressure values were calculated
by linear interpolation. After downloading the irrigation logs, GPS errors were corrected
using a floating mean and linear interpolation. The data were then processed into shapefiles
containing polygonal circles representing the actual irrigation amounts.

2.3. Precipitation Data

We obtained precipitation data from the German Weather Service product RADOLAN,
which is based on weather radar calibrated against climate station data [46,52,53], as
well as X-band weather radar data from a Furuno WR-2120 located in Neubrandenburg,
approximately 44 km south of the test sites [54]. Additional sources included precipitation
measurements from Arable Mark 2 stations, tipping buckets connected to four of the eight
Pessl stations, and the nearby climate station “Bentzin”. However, the X-band radar proved
unsuitable, as its beams were obstructed by trees, leading to interference and incorrect
measurements at the test sites. The Arable Mark 2 stations are equipped with an acoustic
disdrometer for precipitation measurement, but since they also register irrigation, it was
not possible to reliably distinguish between rainfall and irrigation events. For this reason,
the DWD RADOLAN product was chosen as the primary source of precipitation data in
this study.

2.4. Optical Remote Sensing Data

Since our aim is to derive crop coefficients over larger areas from NDVI data, it is first
necessary to account for the differences between the optical systems used for point-based

www.raindancer.com
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NDVI detection (Arable Mark 2 ground stations) and area-wide NDVI detection (UAV and
satellite observations).

2.4.1. Arable Mark 2 Optical Measurements

Arable Mark 2 ground stations record 7-band spectral data [55,56], capturing both
vegetation-reflected and incoming solar radiation once per hour during daylight. NDVI
values are derived using band 4 (red) and band 6 (NIR). First, daily data is filtered to
measurements that were taken one hour before and one hour after solar noon each day.
NDVI is then calculated by dividing the upwelling by the corresponding downwelling
reflectance values.

2.4.2. UAV Data and Post-Processing

To collect multispectral information at the two sites, we used a DJI Phantom 4 Mul-
tispectral UAV (SZ DJI Technology Co., Ltd., Shenzhen, China) (firmware V00.00.0130)
equipped with a 5-band multispectral sensor system (2 MP) and an RGB sensor (5 MP).
In 2021, only one irrigation lane was observed; in 2022, coverage was extended to three
lanes; and in 2023, all four lanes were included. This expansion was implemented be-
cause irrigation variability proved greater than expected and could be more effectively
captured with a larger observed area. Flights were conducted approximately once per week
(Figure 1) during the vegetation periods, depending on weather conditions, using autopilot
missions programmed with DJI Ground Station Pro. Flight parameters included an altitude
of 100 m, nadir camera orientation, flight paths perpendicular to crop rows, and an overlap
of 75% in the forward and 69% in the side direction. This configuration was found to be the
most time-efficient for both flight execution and data processing, without compromising
data quality. Orthomosaics from each flight were generated in Pix4Dmapper (Pix4D S.A.,
Prilly, Switzerland; versions 4.6.0 and later 4.8.0) using the standard AG Multispectral
configuration [57]. GeoTIFFs were exported from the orthomosaics using all tiles and a
transparent background. NDVI was calculated using only the red and NIR multispectral
bands. The final orthomosaics were manually co-registered in ArcGIS Pro 3.0 to minimize
spatial error, with an RMSE <0.2 m and a maximum deviation of 30 cm. Subsequently, the
imagery was resampled to the site boundaries to ensure pixel overlays across flights and
aggregated to a 5 m resolution to harmonize spatial resolution. Although gun sprinklers are
relatively imprecise in irrigation, maintaining high spatial resolution ensures compatibility
with more precise irrigation techniques that may be adopted in the future.

2.4.3. PlanetScope Data

We used the PlanetScope dataset for 2021 to 2023 covering the entire DEMMIN area
from the Federal Agency for Cartography and Geodesy, “Servicestelle Fernerkundung”.
Here, we chose the “analytic”dataset aligned to Sentinel-2. The PlanetScope TOA data
were converted to surface reflectance values (BOA) using the 6SV2.1 radiative transfer code
in combination with MODIS near-real-time atmospheric data, allowing for the correction
of atmospheric effects such as aerosol scattering, water vapor absorption, and Rayleigh
scattering, and thereby providing reflectance values representative of the actual land
surface [58]. The native spatial resolution of 3 m was scaled down to 5 m, so it matches
with the UAV data resolution.

2.4.4. Sentinel-2 Data

Sentinel-2 L2A datasets were downloaded via openEO (https://openeo.dataspace.
copernicus.eu, accesses on 15 December 2024) after selecting the scenes with less than
10% cloud cover from the Copernicus catalog. The native spatial resolution of 10 m was

https://openeo.dataspace.copernicus.eu
https://openeo.dataspace.copernicus.eu
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resampled to 5 m to enable integration with UAV and PlanetScope data. A summary of
data acquisitions from 2021 to 2023 is provided in Figure 5.

Figure 5. Dates of multispectral flyovers of UAV (black), PlanetScope (red), Sentinel-2 (green), and
crop management procedures (left of each timeline, black) according to days after planting (DAP).

2.5. Technical Workflow of Integration of NDVI and Crop Coefficient

Since this study aims to achieve high spatial and temporal resolution of evapotran-
spiration and water balance, the crop coefficient of every pixel must be known. As Arable
Mark 2 stations provide crop coefficients only from pre-trained models for their specific
footprint, it is necessary to link the station-derived crop coefficients and NDVI with the
ability of Remote Sensing Sources (RSS) to observe larger areas (Figure 6). (1) Because the
correlation is not publicly available, it must be determined. (2) A cross-calibration of Arable
Mark 2 NDVI with the NDVI from each individual RSS at coincident times is performed to
adjust the RSS-based NDVI to the Arable Mark 2 reference. (3) The resulting models from
steps (1) and (2) are then integrated to calculate crop coefficients KcRSS for each RSS pixel
based on NDVI. By multiplying the KcRSS with reference evapotranspiration, a spatially
distributed water balance can be derived (4).

Figure 6. The workflow comprises (1) the correlation of NDVI and crop coefficient based on Arable
Labs’ pre-trained models for starch potato, (2) an intermediate step involving cross-calibration
between NDVI measured by the Arable Mark 2 and each remote sensing source (RSS), and (3) the
calculation of crop coefficients from NDVI obtained by each remote sensing source, which can be
used to calculate water balance from RSS imagery.

2.5.1. Correlation of Crop Coefficient and NDVI from Arable Mark 2 Stations over
Three Years

To link NDVI with evapotranspiration, we used the crop coefficient derived in this
study, since it forms the basis for calculating the water balance. In addition to NDVI
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calculated from optical data, Arable Mark 2 ground stations estimate the corresponding
crop coefficient based on a training dataset experimentally developed by Arable, as well as
reference evapotranspiration, both of which are required to derive crop evapotranspiration.
This dataset was collected over three cultivation periods, and a correlation between NDVI
and crop coefficient was established. For our analyses, we used NDVI values calculated
directly from the individual spectral bands, as the NDVI values provided by the Arable
stations are pre-flagged and post-processed by Arable through an undisclosed method.

2.5.2. Adjustment of UAV-Based NDVI Measurements to Arable Mark 2-Based
NDVI Measurements

To extend the spot-wise NDVI measurements from Arable Mark 2 stations to the entire
study sites, we used a DJI Phantom 4 Multispectral UAV. To ensure that the NDVI–crop
coefficient relationship could also be applied to UAV data, a cross-calibration between
ground station-based NDVI and UAV-based NDVI was performed. First, samples were
extracted from UAV NDVI orthomosaics using buffers corresponding to the footprint
of each Arable Mark 2 ground station. Second, the mean pixel values of each sample
were correlated with the NDVI values recorded by the respective ground stations. Due to
occasional downtimes of Arable Mark 2 stations caused by software errors and the exclusion
of measurements taken after the last irrigation event, the sample size was limited to n = 163
over three years. Only measurements collected before the final annual irrigation event
were included, as the onset of senescence alters the NDVI–crop coefficient relationship.
Third, to validate the model, the dataset was randomly divided into a training set (65% of
values, n = 106) and a validation set (35% of values, n = 57). Fourth, the training dataset
was used to fit polynomial regression models of increasing degree until ANOVA indicated
no significant improvement with higher orders. Also, R2, AIC, and BIC of the models
were calculated. Afterwards, R2 and RMSE were calculated by testing the model on the
validation dataset, and RMSE from a 10-fold cross validation was calculated. To minimize
overfitting, the final model was selected based on the principle of the minimum adequate
model. Fifth, the adjusted UAV-based NDVI values were then substituted into the linear
model equation to calculate crop coefficients for every pixel of the UAV-based orthomosaics.

2.5.3. Adjustment of PlanetScope-Based NDVI Measurements to Arable Mark 2-Based
NDVI Measurements

Here, the overall sample size of n = 300 was also subdivided, with the training dataset
consisting of n = 195 and the validation dataset consisting of n = 105. The subsequent
processing steps to establish a correlation between PlanetScope-based NDVI and crop
coefficient followed the same procedure as described for the UAV correction.

2.5.4. Adjustment of Sentinel-2-Based NDVI Measurements to Arable Mark 2-Based NDVI
Measurements

Here, the overall sample size of n = 48 was also subdivided, with the training dataset
consisting of n = 31 and the validation dataset consisting of n = 17. The subsequent
processing steps to establish a correlation between Sentinel2-based NDVI data and crop
coefficient followed the same procedure as described for the UAV correction.

2.6. Model Setup and Integration of Input Terms

Water balance in this study refers to the climatic water balance equation (Equation
(1)), which incorporates negative crop evapotranspiration and positive precipitation and
irrigation for each pixel (x,y), and day after planting (DAP) i, while neglecting surface runoff.
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WBi,xy =

{
−ETci.xy + mean(precipitation i

)
+ irrigationi,xy, precipitation f rom Arable Mark 2

−ETci.xy + precipitationi,xy + irrigationi,xy, precipitation f rom Weather Radar
(1)

The daily values are accumulated up to a given day n, when the agronomist needs to
initiate the next irrigation event:

WBn,xy = ∑n
i = 1 WBi,xy (2)

2.6.1. Crop Evapotranspiration

According to FAO 56 [59], daily reference evapotranspiration together with the crop
coefficient is used to calculate crop evapotranspiration (ETc) for each pixel (x,y) and day
after planting (i):

ETci,xy = ETre f i × Kci,xy (3)

ETref is predicted by Arable ML model and is based on the FAO Penman–Monteith
method [56]. Alternatively, ETref provided by the German Weather Service can be used, which
is modeled on a 1 km grid [60] and also follows the FAO Penman–Monteith approach but relies
on physical measurements. The crop coefficient (Kc) results from our modeled correlation
between UAV-derived NDVI, Arable Mark 2 NDVI, and the Arable Mark 2 crop coefficient.
Since it is based on UAV NDVI data, Kc represents an individual value for each pixel (x,y) and
is available for each day (i) either directly through measurements or by interpolation.

2.6.2. Precipitation

Precipitation and irrigation are required as input terms. With several Arable Mark
2 stations installed at our sites, we calculated daily precipitation as the mean of their
measurements and applied this value uniformly to all pixels. Alternatively, weather radar
data were used, enabling a spatially explicit application by providing precipitation values
for each pixel (x,y) and each day (i).

2.6.3. Irrigation

Each irrigation event was logged with geographic coordinates, date and timestamp,
as well as parameters, that allowed calculation of irrigation amounts for every log entry
at 7-min intervals (Sections 2.2 and 3.4). Given that the sprinkler irrigates within a radius
of approximately 36 m, an intersection query was performed to identify each map pixel
(x,y) within the overlapping sprinkler radii. The irrigation amount for each pixel was
then calculated as the mean of the overlapping radii. In the next step, the datasets were
aggregated and corrected to match a daily temporal resolution (i).

3. Results
3.1. Correlation Between GS-Based Crop Coefficient and NDVI

The Arable Mark 2-based crop coefficient was modeled from NDVI from all of the
three vegetation periods (Figure 7). Here, a significant coefficient of determination can be
achieved (R2 = 0.999, F(1,1328) = 1,264,000, p < 0.001, n = 1330, RSE = 0.02, y = 1.49x − 0.22):

KcNDVI_GS = 1.49 × NDVIGS − 0.22 (4)



Remote Sens. 2025, 17, 3227 12 of 34

(a) (b) 

Figure 7. (a) Correlation of Kc and NDVI measured by Arable Mark 2 ground stations across three
vegetation periods using five (2021 and 2023) and eight (2022) rsp. ground stations reveals a linear
regression and (b) residual analysis of Kc and NDVI linear regression. “Residuals vs. fitted” shows
no distinctive pattern. “QQ-Residuals” shows some very few outliers at the ends (1192, 153, 390), but
no value is off the line, so a normal distribution of residuals can be assumed. “Scale location” shows
randomly distributed residuals with no distinctive pattern. Even the former outliers are not off the
rest of the values, so homoscedasticity can be assumed. “Residuals vs. leverage”: although there are
some outliers named (114, 227, 348), values do not enter “cooks distance”, so there is no influential
case in linear regression.

By measuring daily Kc and NDVI values using five (2021, 2023) and eight (2022) rsp.
Arable Mark 2 stations installed in the field over three growing seasons on two different
plots, a total of n = 1330 data points were collected, which reveal a linear trend (Figure 7).
Despite these temporal and spatial heterogeneities, a residual analysis shows no distinctive
pattern or influential outliers, and residual analysis shows no outliers or statistical signals.

3.2. Correlation Between Arable Mark2-Based NDVI and DJI Phantom 4 MS-Based NDVI

To determine the optimal correlation between NDVI from Arable Mark 2 ground
stations and NDVI from the DJI Phantom 4 Multispectral, higher-degree polynomial models
were fitted until no further significant improvement was achieved, while minimizing AIC
and BIC (Table 1). Model performance was evaluated using the validation dataset, aiming
for the highest R2 and the lowest RMSE, including RMSE from 10-fold cross-validation.
The best-fit model was a third-degree polynomial (Figure 8), with all higher-order terms
highly significant and the intercept term also significant (Table 2).

Figure 8. Correlation between NDVI measured by UAV and Arable Mark 2 ground stations (thick solid
line = model fit, solid points = training dataset, triangles = validation dataset). The results indicate a
third-degree polynomial correlation with RSE = 0.04 and R2 = 0.95 *** for the training dataset.
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Table 2. Estimates, CI, and p-values of single degrees of polynomial model of correlation between
NDVI values measured by UAV and Arable Mark 2 ground stations.

Predictors Estimates CI p

(Intercept) −0.10 −0.19–−0.01 0.029
NDVI UAV [1st degree] 2.75 2.06–3.44 <0.001
NDVI UAV [2nd degree] −3.79 −5.20–−2.38 <0.001
NDVI UAV [3rd degree] 2.13 1.28–2.98 <0.001

Observations 106
R2/R2 adjusted 0.955/0.953

The final model showed a strong correlation between both attributes (R2 = 0.95 (F(3,102)

= 713.7, p < 0.001, n = 106, RSE = 0.04):

NDVIGS = 2.13 × NDVI3
UAV − 3.79 × NDVI2

UAV + 2.75 × NDVIUAV − 0.1 (5)

The equations can be joined by employing NDVIGS in Equation (6) to directly calculate
the crop coefficient:

KcNDVI_UAV = 1.49 ×
(

2.13 × NDVI3
UAV − 3.79 ∗ NDVI2

UAV + 2.75 × NDVIUAV − 0.1
)
− 0.22 (6)

3.3. Correlation Between Arable Mark2-Based NDVI and PlanetScope-Based NDVI

The comparison between NDVI derived from Arable Mark 2 and PlanetScope was
performed in the same manner as for UAV-based NDVI. The best-fit model was a fourth-
degree polynomial (Table 3) (Figure 9), with all terms highly significant (Table 4). Although
a sixth-degree polynomial provided a slightly better fit in terms of R2, AIC, and BIC, it
exhibited clear overfitting at the boundaries of the function domain D = (0.22, 0.92).

Table 3. ANOVA (AOV) was performed to compare PlanetScope-based NDVI models of increasing
complexity, ranging from a linear model to a sixth-degree polynomial. The best-choice model was
identified as the fourth-degree polynomial, although the sixth-degree model yielded the highest R2

for both training and validation datasets and minimized AIC, BIC, and RMSE, including RMSE from
10-fold cross-validation. However, due to clear overfitting, the fourth-degree model was selected as
the most appropriate. Significance levels: p < 0.001 (***); n.s. = not significant; NA = not applicable.

Model Properties 1st Deg 2nd Deg 3rd Deg 4th Deg 5th Deg 6th Deg

training

R2 0.9444 0.9477 0.9482 0.9502 0.951 0.954
AOV Res.Df 193 192 191 190 189 188
AOV RSSq 0.557 0.5238 0.5195 0.4991 0.4912 0.4605
ANOVA Df NA 1 1 1 1 1
AOV SSq NA 0.0332 0.0043 0.0203 0.008 0.0307

AOV F NA 13.4572 1.7511 8.2354 3.2306 12.4483
AOV p value NA *** n.s. *** . ***

AIC −582.9699 −592.9519 −592.5666 −598.3451 −599.4833 −610.0709
BIC −573.1509 −579.8599 −576.2016 −578.7071 −576.5723 −583.8869

validation
R2 0.9312 0.9369 0.9388 0.9392 0.945 0.9489

RMSE 0.0595 0.0569 0.0561 0.0557 0.053 0.0512
RMSE (10 f-cross) 0.054 0.0529 0.0526 0.0525 0.0529 0.0509
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(a) (b) (c) 

Figure 9. Correlation between NDVI measured by PlanetScope and by Arable Mark 2 ground
stations (thick solid line = model graph, solid points = training dataset, triangles = validation dataset).
(a) Values show a 2nd degree polynomial correlation for training dataset RSE = 0.05, R2 = 0.95 ***, AIC
= −592.95, BIC = −579.86. (b) Values show a 4th degree polynomial correlation for training dataset
RSE = 0.05, R2 = 0.95 ***, AIC = −598.35, BIC = −578.71. (c) Values show a 6th degree polynomial
correlation for training dataset RSE = 0.05, R2 = 0.95 ***, AIC = −610.07, BIC = −583.89. Although
the 6th degree polynomial model shows the best fit, its graph shows an overfitting at the end of the
domain D = (0.22, 0.92), so the 4th degree polynomial model is meant to be the best-choice model.

Table 4. Estimates, CI, and p-values of single degrees of polynomial model of correlation between
NDVI values measured by PlanetScope and Arable Mark 2 ground stations.

Predictors Estimates CI p

(Intercept) −0.82 −1.32–−0.32 0.001
NDVI Planet [1st degree] 7.77 3.56–11.98 <0.001
NDVI Planet [2nd degree] −18.75 −31.02–−6.48 0.003
NDVI Planet [3rd degree] 21.72 6.83–36.61 0.004
NDVI Planet [4th degree] −9.07 −15.50–−2.64 0.006

Observations 195
R2/R2 adjusted 0.950/0.949

The final model correlates both attributes with an R2 = 0.95 (F(4,190) = 905.98, p < 0.001,
n = 195, RSE = 0.05):

NDVIGS = −9.07 × NDVI4
Plan + 21.72 × NDVI3

Plan − 18.75 × NDVI2
Plan + 7.77 × NDVIPlan − 0.82 (7)

The equations can be joined by employing NDVIGS in equation xx to directly calculate
the crop coefficient:

KcNDVI_Plan = 1.49
× (−9.07 × NDVI4

Plan + 21.72 × NDVI3
Plan − 18.75 × NDVI2

Plan + 7.77 ×
NDVIPlan − 0.82)− 0.22

(8)

3.4. Correlation Between GS-Based NDVI and Sentinel-2-Based NDVI

The model correlating Sentinel-2-based NDVI with Arable Mark 2-based NDVI re-
sulted in a second-degree polynomial relationship as best fit model (Table 5) (Figure 10),
with all higher-order terms highly significant and the intercept below the first significance
level but showing a tendency (Table 6).
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Table 5. ANOVA (AOV) was conducted to compare Sentinel-2-based NDVI models of increasing
degree, ranging from a linear model to a fourth-degree polynomial. The best-fit model was identified
as the third-degree polynomial, as it maximized R2 for both training and validation datasets while
minimizing AIC, BIC, and RMSE, including RMSE from 10-fold cross-validation. Significance levels:
NA = not applicable.

Dataset Model Properties 1st Degree 2nd Degree 3rd Degree

training

R2 0.9185 0.966 0.9677
AOV Res.Df 29 28 27
AOV RSSq 0.1232 0.0513 0.0488

AOV Df NA 1 1
AOV SSq NA 0.0718 0.0026

AOV F NA 36.5762 1.3116
AOV p value NA 0 0.2644

AIC −77.3971 −102.5249 −102.1205
BIC −73.0952 −96.789 −94.9506

validation
R2 0.9491 0.9261 0.9067

RMSE 0.0442 0.0526 0.0615
RMSE (10 f-cross) 0.0679 0.0456 0.0457

Figure 10. Correlation between NDVI measured by Sentinel-2 and Arable Mark 2 ground stations (thick
solid line = model graph, solid points = training dataset, triangles = validation dataset). Results indicate
a second-degree polynomial correlation with RSE = 0.04 and R2 = 0.97 *** for the training dataset.

Table 6. Estimates, CI, and p-values of single degrees of polynomial model of correlation between
NDVI values measured by Sentinel-2 and Arable Mark 2 ground stations.

Predictors Estimates CI p

(Intercept) −0.00 −0.08–0.07 0.959
NDVI Sen2 [1st degree] 1.84 1.48–2.20 <0.001
NDVI Sen2 [2nd degree] −0.99 −1.31–−0.66 <0.001

Observations 31
R2/R2 adjusted 0.966/0.964
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The final model correlates both attributes with an R2 = 0.97 (F(2,28) = 397.97, p < 0.001,
n = 31, RSE = 0.04):

NDVIGS = −0.99 × NDVI2
S2 + 1.84 × NDVIS2 − 0.002 (9)

The equations can be joined by employing NDVIGS in Equation (10) to directly calculate
the crop coefficient:

KcNDVI_S2 = 1.49 ×
(
−0.99 × NDVI2

S2 + 1.84 × NDVIS2 − 0.0022
)
− 0.22 (10)

3.5. Reference Evapotranspiration

Since ETref values from the Arable Mark 2 stations show only minor noise (RMSE < 0.2
per day) and no significant spatial patterns between stations after flagging (Figure 11), they
can be considered uniform across the test sites. Therefore, a daily mean value was used.

a 

b 

c 

d 

e 

f 

g 

h 

Figure 11. Correlations and temporal trends of reference and actual evapotranspiration from the
German Weather Service (FAO56), Arable Mark 2, the on-site Eddy Covariance system, and METVER
(DWD) for the vegetation periods of 2021, 2022, and 2023. Across all three years, ETref correlations
show a weaker slope for DWD estimates compared to Arable Mark 2 (a–c). Temporal trends (e–g)
indicate that DWD values occasionally exceeded those of Arable Mark 2 during extreme events, while
the stations generally reported higher values for the remainder of the period. For ETa in 2023 (d,h),
local EC measurements were consistently higher than METVER (DWD). Both effects are likely
attributable to the coarse spatial resolution of the DWD models compared to on-site measurements.
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Compared with ETref from the German Weather Service (DWD), the Arable-derived
values were consistently slightly higher across all years. The coefficient of determination
in 2021 was R2 = 0.79 (F(1,140) = 534.5, p < 0.001, n = 142, RSE = 0.56) rsp., while in 2022, it
was R2 = 0.74 (F(1,94) = 261.1, p < 0.001, n = 96, RSE = 0.61), and in 2023, it was R2 = 0.79
(F(1,117) = 432, p < 0.001, RSE = 0.44). In general, DWD modeled lower ETref values compared
to Arable, except for certain extreme events when DWD values were higher, which was
likely due to the coarser spatial resolution of DWD data (1 km).

Additionally, ETp and ETa from DWD were modeled using METVER [61–64] and
compared with ETa derived from the on-site Eddy Covariance System, which applies a
model coupling air temperature [◦C] and latent heat flux [W·m−2]. The METVER-based
ETa also accounted for the four irrigation events in 2023 (12 June: 21 m2, 19 June: 25 mm,
3 July: 29 mm, 17 June: 21 mm). ETa values from the EC system and METVER showed
a fairly consistent trend from May until early June, after which ETa measured by the EC
system exhibited four distinct peaks that were absent in METVER. Between June and
mid-July, EC-based ETa was considerably higher, whereas from mid-July to late August,
both approaches yielded comparable values. Consequently, the coefficient of determination
was relatively low (R2 = 0.52 (F(1,120) = 130, p < 0.001, n = 122, RSE = 0.75).

3.6. Precipitation Data Acquisition from Multiple Sources

Precipitation was measured using the German Weather Service RADOLAN prod-
uct, the Furuno WR-2120 X-band weather radar, Arable Mark 2 ground stations, four
of the eight Pessl stations equipped with tipping buckets, and the nearby climate sta-
tion “Bentzin” (1.5 km northeast of Schwämme and 2.2 km northeast of Schießstand).
The different measurement methods revealed substantial discrepancies for the compar-
ison years 2022 and 2023 (May 20 to September 10 each year) (Table 7). While results
from RADOLAN and the average of the Arable Mark 2 stations were relatively consis-
tent (2022: 216.1 mm for RADOLAN vs. 229 ± 50.1 mm for Arable; 2023: 195.2 mm for
RADOLAN vs. 205.8 ± 26.7 mm for Arable), the Furuno radar reported significantly lower
values (136.8 mm in 2022 and 100.2 mm in 2023). The Bentzin climate station also recorded
markedly low values (81.6 mm in 2022 and 106.6 mm in 2023), likely due to technical issues.
The Pessl stations, which rely on a tipping bucket mechanism, exhibited high variability,
likely influenced by irrigation events, similarly to the Arable Mark 2 stations. Noticeable
patterns emerged: station ‘0390B89E’ consistently recorded the highest precipitation in
both years, followed by ‘0390B885’, ‘0390B88E’, and ‘0390BDD’. The latter two stations
reported extremely low totals (<50 mm and as little as 25 mm). Because local ground-based
measurements were likely affected by irrigation or technical errors, and as the X-band
radar and Bentzin station also failed to provide reliable data, only the DWD RADOLAN
product was considered for further analysis. Nonetheless, the model is compatible with
other precipitation data sources, particularly X-band radar.

Table 7. Precipitation measured for test sites by different methods in 2022 und 2023 (each year from
20th May till 10th September).

Year 2022 2023

Furuno 136.8 mm 100.2 mm
RADOLAN 216.1 mm 195.2 mm

Climate station Bentzin 81.6 mm 106.6 mm
Pessl 0390B88E 144.1 mm 45.3 mm
Pessl 0390B885 189.2 mm 151.1 mm
Pessl 0390B89E 338.6 mm 293.2 mm

Pessl 0390BDDD 145.6 mm 25 mm
Arable Mark 2 mean 229 ± 50.1 mm 205.8 ± 26.7 mm
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3.7. Gun Sprinkler Irrigation

From the raw gun sprinkler data, irrigation maps were generated. While the nozzle
size remained constant at 25.4 mm, water pressure and sprinkler speed varied. Water
pressure depended on the number of sprinklers operating on the same pump, whereas
sprinkler speed was influenced by both water pressure and field morphology (e.g., ascend-
ing or descending slopes) as well as soil conditions such as compaction and moisture. An
example irrigation event (Figure 12) conducted between 14th and 18th June 2022 shows a
mean irrigation amount of 21.4 ± 3.13 mm (n = 579), with values ranging from 18 mm to
57 mm. The highest amounts occurred due to a sprinkler malfunction in the northern sec-
tion of the westernmost irrigation lane, where the sprinkler slowed and eventually stopped
while continuing to irrigate. Correspondingly, sprinkler speed decreased to 12 m/h before
reaching a complete stop, compared with a mean speed of 30.4 ± 2.47 m/h (n = 579), within
a range of 11.8–36.3 m/h. Water pressure ranged between 4.0 and 4.4 bar, with a mean of
4.23 ± 0.1 bar (n = 579).

Figure 12. Water Pressure (a), sprinkler movement speed (b) and irrigation amount (c) of the first
irrigation event in 2022 (14–18 June 2022). Since sprinkler drive technology directly links water
pressure (a) and movement speed (b), lower pressure results in reduced speed, keeping the applied
irrigation amount nearly constant. Variations in irrigation amount (c) are mainly attributable to
sprinkler malfunction (northwestern section) or to field morphology and soil conditions, respectively.
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3.8. Crop Evapotranspiration and Water Balance

Multiplying the pixelwise crop coefficient with the reference evapotranspiration on
day i results in the crop evapotranspiration [mm/day] [59]. Extending this equation to
include irrigation and precipitation results in a water balance model for each day i and
pixel (x,y) [mm/day].

For UAV data:

WBi,xy = −ETre f i × 1.49 ×
(

2.13 × NDVI3
UAV − 3.79 × NDVI2

UAV + 2.75 × NDVIUAV − 0.1
)
− 0.22 (11)

For PlanetScope data:

WBi,xy = −ETre f i × 1.49
× (−9.07 × NDVI4

Plan + 21.72 × NDVI3
Plan − 18.75 × NDVI2

Plan + 7.77 × NDVIPlan

−0.82)− 0.22
(12)

For Sentinel-2 data:

WBi,xy = −ETre f i × 1.49 ×
(
−0.99 × NDVI2

S2 + 1.84 × NDVIS2 − 0.0022
)
− 0.22 (13)

In a last step, daily data can be summed up to a certain day n [mm] to obtain the
cumulated water balance for every pixel.

For UAV data:

WBn,xy =
n
∑

i = 1
(−ETre f i × 1.49 × (2.13 × NDVI3

UAV − 3.79 × NDVI2
UAV + 2.75 × NDVIUAV − 0.1)

−0.22)
(14)

For Planet data:

WBn,xy =
n
∑

i = 1
(−ETre f i × 1.49

× (−9.07 × NDVI4
Plan + 21.72 × NDVI3

Plan − 18.75 × NDVI2
Plan + 7.77 ×

NDVIPlan − 0.82)− 0.22)

(15)

For Sentinel-2 data:

WBn,xy =
n

∑
i = 1

(
−ETre f i × 1.49 ∗

(
−0.99 × NDVI2

S2 + 1.84 × NDVIS2 − 0.0022
)
− 0.22

)
(16)

3.9. Summary of Model Results

All in all, the results can be presented as maps of NDVI, crop coefficient, cumulative
crop evapotranspiration [mm], cumulative precipitation [mm], cumulative irrigation [mm],
and cumulative water balance [mm] across the entire area of interest (AOI) for a given day
(Figure 13, here DOY = 187 and DAP = 78, resp.), as well as a temporal progression for four
specific points of interest (POI). Results showing different years and modifications can be
found in the Appendix A Figures A1–A12.
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Figure 13. Model output for a sample date in 2023 (DOY = 187, DAP = 78) with RADOLAN-WR
and ETref by German Weather Service. Shown is the spatial distribution of NDVI (upper left),
crop coefficient (middle left), cumulated crop evapotranspiration [mm] (lower left), cumulated
precipitation [mm] (upper right), cumulated irrigation [mm] (middle right), and cumulated water
balance [mm] (lower right), each together with their temporal progression of four sample points on
their right-hand side according to the colors shown in the map. As NDVI and Kc show a similar
pattern due to their correlation, the orange-colored POI shows a different pattern with a slower
decline regarding cumulated evapotranspiration, i.e., the loss of water is lower than on the other POIs.
For all the four POIs, precipitation is similar. Irrigation shows that the red-colored POI achieved
more irrigation than the other POIs due to a malfunction and an additional irrigation event. The
cumulated water balances show a similar pattern of red- and orange-colored POIs due to the higher
irrigation in the red-colored POI and the lower loss of water in the orange-colored POI. Here, the
balance is positive across the last 2/3 of the vegetation period, whereas the blue- and green-colored
POIs show a similar general pattern, although being almost all the time in a negative water balance
level due to lower irrigation and a higher loss of water by evapotranspiration. So, water could have
been saved by less irrigation on the red- and orange-colored POIs and could have spent on blue- and
green-colored POIs instead.

4. Discussion
4.1. Objective and Success of the Model

The aim of the experiment was to develop a remote sensing-based model that provides
farmers with high-resolution spatial and temporal assistance for irrigation management
of starch potatoes, without overly restricting their own judgment through specific recom-
mendations. The approach of choice was to generate maps from the model that enables
farmers to identify specific sub-areas requiring additional irrigation due to deficits, as well
as areas where reduced irrigation is sufficient, thus saving both water and the electrical
energy required for pumping. In addition, the model was designed to be relatively easy to
use, relying on a limited number of data sources and cost-effective solutions to facilitate
adoption in agricultural practice. This goal was successfully achieved. The achieved spatial
resolution of up to 5 m even exceeds the feasible precision with drum sprinklers; however,
this was intentional to ensure adaptability to higher-resolution irrigation methods such as
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drip or subsurface irrigation, thereby broadening the model’s applicability. Discussions
with farmers in northeastern and Central Germany indicated that sprinkler irrigation re-
mains the preferred method due to its flexibility and lower labor requirements for setup
and removal compared to alternative systems. Nonetheless, a shift in perspective is already
underway. Rising energy costs and, in some regions, increasing water extraction fees are
raising overall irrigation expenses, making more water-efficient methods—despite their
higher labor demands and disadvantages—more attractive. Considering ongoing climate
change, a shift toward more water-efficient irrigation methods appears likely, which is also
highly desirable from an ecological perspective.

4.2. NDVI Data Sources

The model can incorporate three different NDVI data sources: DJI Phantom 4 Multi-
spectral (UAV), Sentinel-2, and PlanetScope. Regarding UAV use, it became evident that
deployment is highly time-consuming. Key limiting factors include travel time, the rela-
tively low area coverage of quadcopter drones, and the high number of batteries required
(approximately three batteries per 24 ha). These aspects contribute to operational costs
that may initially discourage farmers from using UAVs, as they outweigh both the eco-
nomic savings and ecological benefits of resource conservation achieved through the model.
Detailed cost analyses related to UAV use are provided in Gütschow and Fuchs [65]. Fu-
ture developments toward fully automated UAV systems (“drone-in-a-box”) are expected
(refs. [66,67], https://www.american-robotics.com/optimus-system, www.dronehub.ai;
accessed 6 December 2024). Unlike the current UAV used in this study, which relies on
predefined autopilot flight plans, these systems may operate fully autonomously, includ-
ing automated battery recharging at docking stations. Furthermore, artificial intelligence
may take over flight planning [68]. Another cost driver is the photogrammetry software
Pix4Dmapper (versions 4.6.0 and later 4.8.0), which was used to process raw imagery
into orthomosaics. However, substantial progress has recently been achieved with the
open-source software OpenDroneMap (ODM, https://www.opendronemap.org/odm/,
accessed 6 December 2024 [69]), which now delivers high-quality results. This offers op-
portunities for extending the model, as orthomosaics can be created via scripting with
ODM rather than Pix4Dmapper, making the workflow more accessible and reproducible.
Overall, our findings are consistent with the current literature on the usability, advantages,
and limitations of UAVs and ground stations: while satellite resolution is sufficient for
tracking and planning irrigation, temporal availability is restricted by cloud cover. UAVs,
by contrast, provide greater flexibility for on-demand acquisitions and higher temporal
frequency [17,69–72].

Sentinel-2 data, by comparison, are significantly more cost-effective, as they are freely
available (https://dataspace.copernicus.eu, accessed 9 December 2024), while offering
sufficient spatial resolution (native 10 m, rescalable to 5 m). The DEMMIN study area
benefits from regular coverage by both Sentinel-2A and Sentinel-2B, yielding a theoretical
revisit of twice per week. However, persistent cloud cover reduces the number of usable
images to only 16 across the three vegetation periods (2021: 6, 2022: 4, 2023: 6, each <10%
cloud cover). This limited dataset weakens the model’s foundation. Moreover, correlation
with ground station NDVI revealed a data gap in the range 0.6 < NDVISentinel-2 < 0.8, which
is particularly critical because PlanetScope and UAV data indicate an inflection point in
this range, making a third-degree polynomial necessary. In practice, applying the model
with only 4–6 images per vegetation period is problematic, as linear interpolation of NDVI
between scenes results in the loss of important curve details, thereby reducing reliability.
Cloud detection algorithms may increase the number of usable images slightly [73], but
the study area’s proximity to the Baltic Sea makes frequent cloud cover unavoidable.

https://www.american-robotics.com/optimus-system
https://www.opendronemap.org/odm/
https://dataspace.copernicus.eu
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Application in regions with less persistent cloudiness may therefore be more effective, even
at the cost of lower revisit frequency.

As a third NDVI source, we used PlanetScope Level 3B data, calibrated to Sentinel-2 to
ensure comparability and facilitate integration. Owing to the large number of PlanetScope
CubeSats, revisit frequency was significantly higher, ranging from one to two acquisitions
per day over the study area during the vegetation periods [74]. Although PlanetScope
imagery provides high temporal resolution, it is inherently affected by radiometric and
spatial inconsistencies due to its multi-satellite constellation [75–78]. While the normalized
construction of NDVI generally confers robustness, variations in viewing geometry, sensor
spectral response, and atmospheric conditions can still impact the stability of the index.
Regression-based calibration with ground sensors, as applied in this study, helps mitigate
these effects; however, residual variability across different PlanetScope acquisitions indi-
cates that sensor inconsistencies remain a source of uncertainty. A clearer understanding of
these limitations is essential to ensure methodological transparency and to improve the
transferability of NDVI-based crop coefficient models to other sites and conditions. Since
all acquisitions from the different PlanetScope satellites were included in the correlation
between NDVI derived from Arable Mark 2 and PlanetScope-based NDVI, deviations
caused by radiometric differences between individual satellites, atmospheric disturbances,
or spatial variability within a given year would be expected to appear as outliers. However,
as no discernible pattern is observed in a residual analysis, the unexplained variance at-
tributable to individual satellites and spatial differences is small compared to the explained
variance. This is also reflected in the model performance metrics (RSE = 0.05, R2 = 0.95
***). However, it should be noted that, particularly when applying the models to other
regions, atmospheric disturbances, variations in viewing geometry, and differences in
geomorphology may result in divergent outcomes. The GFZ Potsdam received PlanetScope
data for research purposes within the AgriSens-DEMMIN 4.0 project through the Federal
Agency for Cartography and Geodesy. However, for commercially oriented applications,
the data must be purchased, which introduces costs that could restrict its applicability for
the model and, consequently, its adoption in agricultural practice.

While UAV, PlanetScope, and Sentinel-2 data were harmonized at a common 5 m scale
in this study, the high-resolution spatial information provided by UAV and PlanetScope
imagery was inevitably reduced. The effects of scaling and resampling, which may lead
to information loss at the precision-farming scale, were carefully evaluated. After testing
several approaches, bilinear interpolation using 3 × 3 cell windows was selected. Alter-
native interpolation techniques introduced artifacts, such as artificial positive or negative
hotspots in the modeled water balance that were not supported by observations. Although
bilinear interpolation still produces mixed pixels, it proved to be the most robust option.
Furthermore, the sprinkler system used in the experiments irrigated within a radius of 36
m, encompassing a relatively large number of pixels. Consequently, even when localized
differences in water demand were identified, pixel-level adjustment was not feasible. The
underlying model of this study has been published as the open-source software, WaterBal-
anceR (version 0.1.15, https://doi.org/10.5281/zenodo.15046338, accessed on 11 July 2025),
with a corresponding paper currently under review in the Journal of Open Source Software.
This software enables users to set the spatial resolution to as fine as one meter, allowing for
high-resolution applications in cases where irrigation systems can support such precision.

4.3. Reference Evapotranspiration

The model can process reference evapotranspiration data, which can either be freely
accessed from the German Weather Service (DWD) via its CDC portal [52] or provided

https://doi.org/10.5281/zenodo.15046338
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by installed Arable Mark 2 stations, and potentially their successors, the Arable Mark 3
stations.

Both data sources show similar trends; however, on warm days, the Mark 2 stations
report higher peak values than those generated by the DWD. This discrepancy can be
attributed to differences in spatial resolution and calculation methods: ground stations
directly measure all parameters required to calculate ETref on-site, whereas DWD relies on
data from its climate stations, interpolated at a spatial resolution of 1 km.

This introduces two key issues:

• Interpolation gaps: Due to the distance between the climate stations, certain localized
areas may not be captured during interpolation.

• Mixed pixels: At the 1 km scale, pixels may include heterogeneous land cover (e.g.,
cropland, forests, meadows, or roads). For instance, elevated field temperatures that
drive ETref may be averaged out by cooler forested areas within the same pixel. The
same applies to other parameters required for ETref.

A second factor is the difference in calculation methods. While both DWD and Arable
calculate ETref following FAO Paper 56 [59], Arable reportedly applies an AI-based system
for computation and correction. However, details of this process are not publicly available.

DWD data is freely available Germany-wide but offers limited resolution, potentially
missing fine-scale variability. Arable data provides higher spatial detail but requires
purchasing or leasing stations, which introduces additional costs.

4.4. Weather Radar and Precipitation

In this study, we also used freely available precipitation data from the German Weather
Service (DWD), accessible via its CDC portal [52], with a spatial resolution of 1 km. We com-
pared the RADOLAN product with X-band radar data, which provides a finer resolution of
100 m [54]. While the higher resolution improves the detection of intra-site precipitation
variability that is lost in RADOLAN due to its coarse resolution, the effectiveness of X-band
radar over the study sites was limited. Specifically, radar beams were deflected by tree
canopies, preventing accurate precipitation detection directly above the fields. Local mea-
surement devices further revealed substantial variability in precipitation at the sub-field
scale, highlighting the importance of higher-resolution monitoring. Although the X-band
radar in Neubrandenburg (Mecklenburg–Western Pomerania) covers a wide area with an
effective radius of 50 km, it remains restricted to a local perspective as it is operated as
a research radar. A potential compromise is the use of hh-data with a spatial resolution
of 250 m, which is currently being tested and refined by the DWD in cooperation with
GFZ Potsdam.

4.5. Sites, Design, and Irrigation

The experiment began in 2021 with the observation of one irrigated track as the
treatment and an adjacent track as the control. It became evident that irrigation could only
be conducted with variance from the target irrigation amount. This variability was caused
partly by the large sprinkler radius (40 m) and partly by the sprinkler’s sensitivity to even
small fluctuations in water pressure (e.g., a 0.5 bar change can alter precipitation height by
up to 2 mm [51]), as well as by sprinkler speed, field morphology, and soil conditions.

Variance was confirmed both through thermal UAV observations (Parrot Anafi Ther-
mal) and Raindancer log data. However, monitoring only a single irrigated track naturally
covered only a small sub-area, which limited the applicability of satellite data due to their
coarser spatial resolution.

For this reason, an entire neighboring field was monitored in 2022, which proved
successful and was continued in 2023. In 2023, however, the sensor setup was slightly
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modified to meet the requirements of the Eddy Covariance System. This adjustment did
not affect data processing or model training, as the devices were still distributed across a
wide area to ensure extensive sampling.

4.6. Conclusions and Outlook

This study confirms (1) a strong correlation between NDVI and crop coefficient (Kc)
values for starch potato, derived from Arable Mark 2 ground station data (Equation (4),
R2 = 0.999, F(1,1328) = 1,264,000, p < 0.001, n = 1330, RSE = 0.02). (2) Together with cross-
calibration of NDVI from Remote Sensing Sources, including DJI Phantom 4 Multispectral
UAV (Equation (5), R2 = 0.95, F(3,102) = 713.7, p < 0.001, n = 106, RSE = 0.04), PlanetScope
satellite data (Equation (7), R2 = 0.95, F(4,190) = 905.98, p < 0.001, n = 195, RSE = 0.05),
and Sentinel-2 satellite data (Equation (9), R2 = 0.97, F(2,28) = 397.97, p < 0.001, n = 31,
RSE = 0.04), this study successfully demonstrates the development of a high-resolution,
NDVI-driven, crop coefficient-based water balance model. These two key outcomes ensure
consistent NDVI estimates while demonstrating the model’s reliability and versatility in
capturing intra-field heterogeneity and enabling robust estimation of daily crop coefficient,
evapotranspiration, and water balance across scales.

From a methodological perspective, the integration and cross-calibration of in situ and
multi-source remote sensing data highlights the model’s potential for transferability to other
crops, sites, or sensor configurations. Practically, the approach provides a valuable basis
for precision irrigation planning, supporting sustainable water use by enabling farmers to
make data-driven decisions that effectively reduce water and energy consumption.

Nevertheless, operational constraints such as the cost and logistical demands of UAV
deployment, as well as cloud-related limitations of Sentinel-2, underline the importance
of complementary data sources like PlanetScope. Further advancements in automated
UAV systems and the adoption of open-source software can significantly reduce costs and
improve model accessibility for practical applications. Looking ahead, further development
should focus on adapting the model to diverse climatic and soil conditions, integrating
it with water-efficient irrigation technologies, and coupling it with AI-based real-time
analytics to enhance adaptability and scalability.

Overall, this work provides a consistent and scalable NDVI-based framework for water
balance modeling in agriculture, laying a foundation for more efficient and sustainable
resource management in the context of increasing water scarcity and climate change.
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Appendix A

Figure A1. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2021 using both UAV and PlanetScope data.
Shown is the spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated
crop evapotranspiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated
irrigation [mm] (middle right), and cumulated water balance [mm] (lower right), each together with
their temporal progression of four sample points on their right-hand side according to the colors
shown in the map.

Figure A2. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2021 using only UAV data. Shown is the spatial
distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspira-
tion [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.
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Figure A3. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2021 using PlanetScope data. Shown is the
spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotran-
spiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.

Figure A4. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2021 using Sentinel-2 data. Shown is the spatial
distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspira-
tion [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.
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Figure A5. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2022 using both UAV and PlanetScope data.
Shown is the spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated
crop evapotranspiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated
irrigation [mm] (middle right), and cumulated water balance [mm] (lower right), each together with
their temporal progression of four sample points on their right-hand side according to the colors
shown in the map.

Figure A6. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2022 using UAV data. Shown is the spatial distri-
bution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspiration [mm]
(lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm] (middle right),
and cumulated water balance [mm] (lower right), each together with their temporal progression of
four sample points on their right-hand side according to the colors shown in the map.
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Figure A7. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2022 using PlanetScope data. Shown is the
spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotran-
spiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.

Figure A8. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2022 using Sentinel-2 data. Shown is the spatial
distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspira-
tion [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.
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Figure A9. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2023 using both UAV and PlanetScope data.
Shown is the spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated
crop evapotranspiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated
irrigation [mm] (middle right), and cumulated water balance [mm] (lower right), each together with
their temporal progression of four sample points on their right-hand side according to the colors
shown in the map.

Figure A10. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2023 using UAV data. Shown is the spatial distri-
bution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspiration [mm]
(lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm] (middle right),
and cumulated water balance [mm] (lower right), each together with their temporal progression of
four sample points on their right-hand side according to the colors shown in the map.
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Figure A11. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2023 using PlanetScope data. Shown is the
spatial distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotran-
spiration [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.

Figure A12. Results showing NDVI, crop coefficient, cumulated ETc, precipitation, irrigation, and
cumulated water balance for doy = 187 (dap = 78) in 2023 using Sentinel-2 data. Shown is the spatial
distribution of NDVI (upper left), crop coefficient (middle left), cumulated crop evapotranspira-
tion [mm] (lower left), cumulated precipitation [mm] (upper right), cumulated irrigation [mm]
(middle right), and cumulated water balance [mm] (lower right), each together with their temporal
progression of four sample points on their right-hand side according to the colors shown in the map.
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