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Abstract
In the pursuit of enhancing yield efficiency, mitigating environmental impact, and 
reducing costs of fertilizers and fuel, precision farming emerges as a pivotal strategy. 
The application of nutrients must be tailored according to spatial and temporal 
variations. This requires a comprehensive understanding of the nutrient composition 
of organic fertilizers, the nutrient supply of plants, and the soil’s capacity. To optimize 
fertilizer application in the field, it is recommendable to subdivide the field into 
management zones, thereby identifying distinct zones characterized by uniform 
growing conditions. To establish management zones, we combined satellite-based 
phenological-dependent timeseries of vegetation, with proximal soil sensor data from 
a multi-sensor platform. The zones were generated through a multi-step clustering 
algorithm, based on hierarchical clustering, which results were combined by a 
consensus clustering algorithm. Four different scenarios of input datasets were tested. 
The first scenario incorporates all scenes during the timeseries, followed by the one 
with selected scenes during specific phenology stages. Another scenario was based 
solely on soil information. The fourth scenario involves phenologically distributed 
vegetation and soil information. For the validation we calculated the variance for 
the input datasets per cluster, lying under one scenario. Our hypothesis that the 
clustering based on soil and phenology separated vegetation data would improve 
the management zones was refuted. The vegetation cluster, which was based on 
the entire Sentinel-2 timeseries, exhibited optimal performance, for one field in Groß 
Kreutz, Germany. The management zones are interpreted as recommendations for 
farmers to adapt the management practices within the framework of possibilities.

Keywords  Consensus clustering, Fertilizer precision, Geophilus, Hierarchical clustering, 
Management zones, Precision farming, Remote sensing, Sentinel-2
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  1  Introduction
Farmers conventionally manage their fields uniformly without taking within-field soil 
variability into account [1, 2]. Reasons are for example the additional effort for soil sam-
pling and the uncertainty interpretation of errors in soil information [3]. In addition to 
the challenges concerning the availability and utilization of suitable fertilizer application 
technology, as referenced in the work by [4], the soils, influenced by the glacial land-
scape, exhibit significant variations in their characteristics, including but not limited to: 
soil texture, available water capacity, organic matter content, plant-available nutrient 
content, and pH values [5–7]. The uniform application of fertilizer in agricultural fields 
has been demonstrated to result in the accumulation of nitrogen (N) in specific areas. 
This surplus nitrogen has been shown to lead to the emission of nitrogen, which has 
been identified as a contributing factor to a multitude of deleterious environmental and 
economic consequences [2, 8, 9]. Moreover the uniform practice leads to resource waste 
and environmental pollution due to the partially excessive application of fertilizer. More 
precise fertilizer concepts, which are adapted to zonal location properties on a smaller 
scale, would result in better economic and ecological applications [5, 7, 10]. One poten-
tial solution to the aforementioned issues is the division of the field into management 
zones. Within these zones, it is expected that homogeneity will be present, as indicated 
by the presence of similar plant and soil properties, as well as yield potential over time 
[11, 12]. Commercial offerings also propose dividing fields into zones. These products 
use Sentinel-2 timeseries data without considering crop rotation or phenology. Manag-
ing fields without yield maps from previous years makes it hard to get precise manage-
ment models. In [13] it says that no single clustering algorithm works well for different 
problems. Guidelines for choosing clustering approaches and feature parameters are 
lacking, so a trial-and-error approach is used. This paper aims to develop, combine, and 
adapt field management zoning approaches to local circumstances by including subsec-
tions of timeseries data during relevant phenology development stages and high-resolu-
tion soil information. Heretofore, such datasets have not been regarded within the scope 
of this particular context. The goal is a balanced nutrient status that aligns with the 
plant’s and soil’s nutritional needs and any supplemental supply. This requires data on 
soil and plant development in various areas of the field, which can be obtained through 
remote sensing and soil sensor technologies. The developed approach distinguishes itself 
from the commercial approaches and other research papers, based on the implemented 
phenological crop development and the soil datasets. The four developed scenarios pro-
vide a basis for comparison of different input datasets for the management zoning. The 
objective is to determine the most effective combination of input datasets in terms of 
expenditure in research and time, and which has the most benefit for the farmer.

2  Previous studies
Numerous studies were investigating management zone procedures based on different 
conditions. For instance, [14] developed an automatic delineation algorithm for site-
specific management zones based on satellite-based RapidEye and yield data in Görmin, 
in the north-eastern lowlands in Germany. The yield dataset was used as a proxy for 
the management zones, which exhibited temporal variability and necessitated a multi-
temporal approach. The researchers determined that the algorithm’s precision is opti-
mal in fields exhibiting stable spatial conditions, where patterns are readily discernible. 



Page 3 of 29Torney et al. Discover Agriculture           (2025) 3:113 

Conversely, the identification of differences in homogeneous crop vigor is more chal-
lenging. [15] study how Sentinel-2 data can estimate variability within a field. They used 
a year of time series data and prior yield data to create a model that predicted wheat 
yield in the UK. [6] used a combination of proximal soil and satellite sensors, along with 
combine harvest data of winter wheat over three years, to delineate management zones 
for site-specific land management in Freising, Southeast Germany. The yield data had 
strong (R² = 0.71–0.75) and moderate (R² = 0.53–0.68) correlations with estimates from 
tractor and satellite sensors, respectively. It varied with the combine harvester yield map 
(± 48 %). The algorithm was developed by [16] using a multispectral sensor to measure 
reflection during full flowering growth [16, 17]. Vegetation indices were then used to 
estimate yield. The significant deviation in the satellite data-based model can be attrib-
uted to the underestimation of absolute yield in 2018 and its subsequent overestima-
tion in 2021 [6]. [18] identified the sensitivity of all time series characteristics of winter 
wheat and barley, including NDVI, for the beginning of stem elongation (BBCH 31) on 
different sites in Northeast Germany. [19] sought to identify "optimal combinations of 
sensors, vegetation indices, and time periods to achieve best possible yield estimations" 
in the same area. They found a strong correlation between rye yield data and the indices 
NDRE, NDVI, EVI, SAVI, and SR in stages 33, 65, 61, and 83. The strongest correlations 
depended on sensor resolution, with NDVI and EVI performing best for Sentinel-2. 
Another study found that using MODIS-based vegetation indices to forecast U.S. maize 
and soybean yields reached optimal correlation coefficients ranging from 0.65 to 0.75, 
determined 65 to 75 days after green-up [20]. "Green up" means the initial increase in 
the Vegetation Index (EVI) values. In semi-arid regions, the best index for maize was 
EVI2 (R²=0.69), while EVI2 and NDVI had equivalent performance (R²=0.69 and 0.70) 
for soybean. In a recent study, [7] the estimation of yield in winter wheat was exam-
ined using Sentinel-2 based NDVI and NDRE indices in the South of Sweden. The 
NDRE exhibited superior statistical performance in comparison to the NDVI across all 
observed resolutions. Conversely, the findings of [19] revealed the superior performance 
of the NDRE in all phenological stages except BBCH 57, 61, and 87 of rye, which will 
also be examined in this investigation. This phenomen can be attributed to the satura-
tion effect of the NDVI, which emerges in conjunction with a substantial increase in bio-
mass and LAI [19]. Furthermore, [19, 21, 22] and [23] discovered a higher importance 
of the selected stages of phenology correlated to crop type, instead of the choice of the 
index. These studies highlight the potential for using satellite data and yield information 
to define management zones in different climatic areas, like Germany, Mexico, Uruguay 
and China.

3  Material and methods
3.1  Experimental site

The area of research is in Groß Kreutz (Havel), a municipality in northeast Germany. 
It has a temperate climate, with elevations ranging from 28 m to 40 m above sea level. 
From 1981 to 2010, Groß Kreutz received an average of 549.6 mm of precipitation annu-
ally, according to the Deutsche Wetterdienst [24]. Potsdam, the nearest station with 
consistent temperature monitoring, recorded an average temperature of 9.7 degrees Cel-
sius over the same period, as documented by the [25]. The research field belongs to an 
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agricultural farm (LVAT), which is currently further developed into the Leibniz Innova-
tion Farm for Sustainable Bioeconomy (Fig. 1).

3.2  Data

3.2.1  Introduction to remote sensing

Remote sensing is the process of acquiring information about an area from above, typi-
cally carried by satellites, drones, or aircraft. It uses a variety of sensors to capture data 
in different wavelengths, for example visible light, infrared, and radar, allowing various 
analysis of the surface. This technology is widely used in different fields like environ-
mental monitoring, risk assessment or agriculture to observe the environment [26]. 
The utilization of remote sensing techniques has emerged as a pivotal instrument in the 
delineation of management zones, owing to their capacity to provide comprehensive 
image data [27, 28]. In this study, a mobile multi-sensor platform, along with satellite- 
and drone-based sensor acquisitions, were used to map vegetation and soil parameters. 
Various vegetation indices from different times are considered, with the idea that plants 
reflect light in the red- and near-infrared wavelengths distinctively. This allows for the 
differentiation of surface structures through specific combinations of bands [29, 30]. 
Information about the stages of crop development were taken from regional phenologi-
cal datasets.

3.2.2  Satellite data

The generation of agricultural management zones necessitates the selection of sensor 
systems that offer a satisfactory temporal resolution, facilitate access to acquisitions 

Fig. 1  Location of the research area in Groß Kreutz (GK), Brandenburg, in the west of Berlin. DJI Phantom4 drone 
acquisition of the research field from July, 3rd 2024 with 0.05 m spatial resolution by a flight height of 100 m. (Digi-
tal administration borders: Brandenburg surveying and geoinformation office (LGB), European country borders: 
EuroGeographics for the administrative boundaries
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from previous years, and ensure an adequate spatial and spectral resolution. The Euro-
pean Space Agency’s Copernicus program, initiated in 2017, employs multi-spectral 
sensors installed on the Sentinel-2 satellites [31]. These sensors offer a spatial resolution 
ranging from 10 m to 60 m, contingent upon the wavelength range covered. The sensor 
offers an optimal spatial resolution of 10 m for certain wavelengths, as reported by [32]. 
The availability of red-edge bands and the high temporal resolution of five days facili-
tate regular vegetation observations, as evidenced by [33, 34]. The red-edge wavelength 
range is critical for analyzing green vegetation due to the rapid increase in reflectance 
within this range [35]. Numerous studies have investigated the potential of red edge 
bands to enhance the separability between different ground features, such as bare soil, 
different types of vegetation coverage, and water bodies [35–37]. The Sentinel-2 images 
were retrieved from the Copernicus Open Access Hub, with the processing Level-2A, 
which provides georeferenced and atmospherically corrected surface reflectance images 
available at no charge [31, 33].

3.2.3  Phenological data

The German meteorological service (DWD) obtained and disseminated the phenological 
data. Due to the paucity of information regarding the phenological periods in the vicinity 
of the area of interest, the mean of the available period entry days of the surrounding sta-
tions, with a maximum distance of 58 x 103 m, was calculated. The periods were defined 
by the BBCH-Code system, which is a standardized description of plant development 
stages in order of their phenological characteristics ( [38, 39]). The dates were identified 
after acquiring annual agricultural crops for maize and winter rye in Rathenow, Michen-
dorf, Fehrbellin, Kraenzlin, and Wansdorf. Not all stations have observations for every 
period, so the mean of different amounts of observations was calculated for each entry 
date of a stage. [30] developed a classification approach for seven crop types with multi-
spectral satellite data, which differs between regional conditions, including phenological 
information. The early spring growing seasons for most of the crops were identified as a 
good indicator for the ongoing development. Tasseling (BBCH: 53) is the most signifi-
cant phenology stage for predicting maize yield. It occurs when the top of the panicle is 
visible [39]. [40] observed different vegetative indices to quantify agricultural crop char-
acteristics at different phenology stages over seven years. They used multispectral sen-
sors on tractors to measure the reflectance at 2 m above the crop. Corn has the highest 
reflectance for green wavelengths during tasseling. Wheat and rye are similar, so they 
likely have a similar reflectance curve. Rye has multiple peaks in the green wavelength 
range, showing that different phenology phases should be considered for management 
zoning. [38] findings support this approach, showing multiple peaks in the green wave-
length range during stem elongation/tillering (BBCH 31) and beginning blossom (BBCH 
61). [18] used Sentinel-1 and Sentinel-2 time series data to monitor the phenological 
development of winter wheat and winter barley in the Demmin region, northeast Ger-
many. They identified a sensitivity for multiple time series features for the beginning of 
stem elongation (BBCH 31), which is a breakpoint in time series for wheat and barley. 
The selected phenology stages beginning and ending dates are shown in Table 1, along 
with the dates of available Sentinel-2 scenes during these periods.

In 2018 and 2021, maize was cultivated in the field in Groß Kreutz, while winter rye 
was cultivated in the other years between 2018 and 2023. In 2018, the tasseling time span 
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of maize was observed for a duration of six weeks, which is longer than in 2021. The sub-
sequent phenological stage documented was the harvest period in mid-August, thus any 
subsequent phenological developments were not observed. To address these observation 
gaps, the maximum time span for a given period was set to ten days. During the maize 
tasseling period in 2021, no Sentinel-2 acquisitions were captured. For both rye periods, 
stem elongation and the onset of blossoming, a minimum of one or two satellite images 
are available per year. To circumvent the overrepresentation of a single year in the man-
agement zoning for a specific period, only one scene per year was selected for the clus-
tering algorithm. Given the availability of acquisitions for the maize period exclusively in 
2018, all six scenes during tasseling could be incorporated. However, the 2020 pictures 
exhibited unusual patterns in the field that could not be reasonably explained, leading 
to the exclusion of the 2020 data from the analysis. How we suggest to deal with similar 
situations outside of the experimental approach is described in 5.4.

3.2.4  Field data

The LVAT provided information regarding the field, including its boundaries, dates of 
sowing, harvest, and other management practices. On November 13th, 2023, eight soil 
profiles were excavated during fieldwork, followed by laboratory analysis of the Munsell 
soil color, bulk density, soil moisture, soil texture, pH, P, K, and Mg. The soil profiles 
were excavated to a depth of 1  m, and two samples were taken per horizon for anal-
ysis. The soil texture was determined by wet sieving and sedimentation in accordance 
with DIN ISO 11277:2002–08. The pH value was determined using the VDLUFA I, A 
5.1.1:2016 method, while the phosphorus (P) and potassium (K) levels were assessed by 
the VDLUFA I, A 6.2.1.2 DL: 1991 method and the magnesium (Mg) levels using the 
VDLUFA I, A 6.2.4.1: 1991 method. It is important to note that the results of this study 
were not incorporated into the management zoning process; however, they did provide 
insights into the variation among different layers within the field. The findings indicate 
that a significant component of the vegetation development, which is imperative for 
the yield, originates from deeper soil layers. This phenomenon is particularly evident in 

Table 1  The start and end dates of the phenology stages for maize and rye were determined 
through careful calculation
Crop BBCH stage DWD stage Begin End Sentinel-2 scenes
Maize 53 65 2018-07-02 2018-08-16 2018-07-03

2018-07-13
2018-07-16
2018-07-23
2018-07-31
2018-08-07

Maize 53 65 2021-07-15 2021-07-19 –
Rye 31 15 2019-04-20 2019-05-29 2019-04-17

2019-04-24
Rye 31 15 2022-04-20 2022-05-15 2022-04-26
Rye 31 15 2023-04-20 2023-05-14 2023-04-21
Rye 61 5 2019-05-29 2019-06-10 2019-06-03
Rye 61 5 2022-05-27 2022-06-01 2022-05-28
Rye 61 5 2023-05-26 2022-05-31 2023-05-26

2023-05-28
This calculation was performed by determining the mean of the beginning dates of the observed surrounding stations of 
the DWD in the Groß Kreutz area. The dates of the available Sentinel-2 scenes during these periods were also considered
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regions where upper soil layers are predominantly composed of sand, while lower layers 
exhibit a greater prevalence of loamy soil types.

3.2.5  Proximal sensor data

A sensor-based soil mapping campaign was carried out, using the Geophilus measure-
ment system, in September 2022. The Geophilus system integrates multi-depth electrical 
resistivity sensors and a gamma ray sensor. A pair of rolling electrodes emits an electri-
cal current into the soil, while an additional six pairs measure the voltage drop at six 
depths. The resulting data comprise measurements of electrical resistivity (Rho) at six 
depths for each second and its reciprocal bulk electrical conductivity. These measure-
ments are widely utilized as indicators of soil water content, soil texture, bulk density, 
mineralogy, porosity, salinity, temperature, and organic matter [41]. Higher Rho values 
(> 150 Ohm m) indicate sandy and/or dry areas, while lower values (< 100 Ohm m) indi-
cate higher soil moisture. The gamma ray sensor measures the gamma activity in the 
top 0.3 m. This is an indicator for clay content and soil texture due to its dependency on 
isotopes. [4]. However, in contrast to Rho measurements, Gamma readings are not influ-
enced by the soil moisture content. Consequently, by combining the two sensor values 
(e.g., in a simple ratio), a soil moisture index can be calculated and utilized to enhance 
soil texture predictions [42]. The Geophilus system operates at a rate of 2.8 m/s, with a 
measurement interval of 3 m, as reported by [4, 43]. The soil texture fractions (sand, silt, 
and clay) of the Geophilus sensor were predicted in space using univariate linear regres-
sion models (R, caret package), as detailed by [4]. The Geophilus dataset of apparent 
electrical conductivity is measured at five depths down to 1.5 m (Rho1–5). For the zon-
ing procedure, the upper 0.3 m of the soil was also included while measuring down to a 
depth of 1.5 m. Due to the necessity of avoiding information duplication, the correlation 
between these datasets was conducted, followed by a univariate linear regression analy-
sis to separate residuals. The residuals were then utilized for one of the correlated inde-
pendent variables. By that procedure, only the information content that is unique for 
each independent variable is included in the analysis [44]. All Geophilus datasets were 
resampled to 2 m resolution, and a digital elevation model (DEM) with 2 m spatial reso-
lution was acquired. All datasets resulting from the Geophilus sensor are seen in Figs. 2 
and 3.

3.3  Methods

3.3.1  Vegetation parameter

The satellite pictures were selected during the period of crucial phenological develop-
ment, as described in 3.2.3. Different phenology stages show various sensitivity in dif-
ferent wavelength ranges. For this study, the vegetation indices of EVI2, NDRE, NDVI. 
S2REP and SAVI were calculated, as shown in Table 2. The selection of vegetation indi-
ces was influenced by the coverage of the red and infrared spectral bands. Based on the 
work of [19] and [40], indices were specifically chosen that are suitable for analyzing the 
relevant phenological phases of maize and rye, as well as for use with Sentinel-2 data.

Due to saturation effects, and phenology-dependent crop performances, the EVI2 was 
selected for this investigation. In [40] The EVI outperformed the NDVI and the SAVI, 
especially in later growing stages. They also investigated that a ratio between NIR and 
red wavelengths is crucial for detecting changes in biomass, which is particularly helpful 
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Table 2  Vegetation indices for vegetation property extraction out of Sentinel-2 images, with NIR = 
near infrared, R = red, RE = red edge, L = soil brightness correction factor
Index Equations References Range
EVI2 2.4*(((NIR-R)/(NIR+R+1))) [45] – 1; 1
NDRE ((NIR-RE1)/(NIR+RE1)) [46] – 1; 1
NDVI ((NIR-R)/(NIR+R)) [47] – -1; 1
S2REP 705 + 35*((R+ RE3)/2-RE1)/(RE2-RE1) [48] 700; 730
SAVI (NIR - R) / (NIR + R + L) * (1.0 + L) [49] – 1; 1

Fig. 3  Input datasets generated by the Geophilus sensor system at the 2021–09-12. From left to right: Rho1 residu-
als (resampled to 10 m), Rho5, Gamma counts and DEM

 

Fig. 2  Locations of the soil profiles, taken in November 2023. The background is an DJI Phantom4 RGB composite 
of July, 3rd 2024 with 0.05 m spatial resolution and flight height of 100 m
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for maize and soybeans. [19] compared numerous vegetation indices for wheat and other 
cereals with regard to their effectiveness across different sensors. For Sentinel-2 scenes, 
EVI and NDVI performed the best. The S2REP index is specifically designed for Sen-
tinel-2 bands. It incorporates all bands in the red and near-infrared range. As a result, 
the index serves as an indicator of both chlorophyll content and overall plant growth. 
This makes the interpretation of its values more difficult, especially during intermediate 
growth stages [50]. Based on a literature-based comparison of vegetation indices, the 
EVI2 was identified as the most suitable indicator for monitoring maize and winter rye 
during key phenological stages using Sentinel-2 data. Other indices were not subjected 
to further in-depth analysis. After, the EVI2 formula was adapted from MODIS (250 m 
spatial resolution) to ASTER (15 m resolution) images by [45]. The application of this 
adapted equation to Sentinel-2 images necessitates the division of reflectance values by 
10,000 prior to the calculation of the index. The EVI2 index below 0 has been found to 
correlate with water bodies, with values exceeding 0.4 indicating vegetation cover, and 
intermediate values indicating sparse vegetation or exposed soil coverage, as reported by 
[51].

3.3.2  Clustering approach

The generation of management zones was achieved through the implementation of an 
unsupervised learning procedure, namely clustering algorithms. Unsupervised methods 
were used to simulate the real-life situation of a farmer, where not enough reference data 
is available for supervised training to develop an algorithm. The clustering approach is 
intended to simplify the application by eliminating the need for time- and labor-con-
suming sample collection in advance. Consequently, the machine learning algorithm is 
tasked with identifying similarities between observations based on the complete dataset 
[52]. A notable benefit of employing a hierarchical clustering approach is the elimination 
of the need to predetermine the number of clusters (k). Hierarchical clustering methods 
exhibit a tree-like structure, enabling the division of the tree into any desired number of 
clusters [53–55]. A notable disadvantage of this approach is the assessment of the stabil-
ity of the chosen procedure, for which the distance between clusters is used as a metric 
assimilation [56]. The soil properties, generated from the Geophilus sensor, and vegeta-
tion properties, acquired from the Sentinel-2 scenes, function as input datasets. There-
fore, the EVI2 datasets were combined by generating one cluster per phenology stage. 
The same approach was adopted for the soil properties of the Geophilus sensor, whereby 
only the residuals of the depth of 0 m - 0.3 m and the whole depth of 0 m −1.5 m of the 
electrical resistivity data and the gamma activity were included, resulting in three single 
cluster distributions each from soil and vegetation properties. The cluster calculations 
were executed in R with the function stats::hclust() using the following settings: distance 
method: euclidian, method: ward.D2 [55, 57], nclasses: 5. The number of clusters was 
adjusted during multiple iterations and was set to nine for the single cluster procedure 
after evaluating the dendrograms of the single cluster. Prior to the clustering process, 
the datasets were resampled to the resolution of the Sentinel-2 datasets (10 m), normal-
ized, and a principal component analysis (PCA) was conducted. The normalization was 
done by the R function base::norm(), which uses the maximum absolute column sum to 
norm the matrix. The resulting clusters were ordered according to their cluster center, 
which was calculated based on the pixel values belonging to each cluster. Subsequently, 
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the six individual clusters were integrated into a unified consensus cluster. [58] sought to 
address the challenge of a lack of objective performance evaluation for clustering algo-
rithms by developing a consensus clustering approach. This approach involves the anal-
ysis and validation methods, in which various algorithms are systematically compared 
(Fig. 4).

The six resulting clusters are then used as input for the consensus clustering, which 
involves multiple iterations of different clustering methods on subsamples of the dataset 
[59]. The selected clustering methods were "hierarchical clustering" and "divisive analysis 
clustering (DIANA)," both of which utilize the euclidean distance as a distance measure. 
The selection of the final number of clusters is achieved through the execution of a range 
of possibilities with the algorithm, followed by analysis of the consensus among clusters 
for each possible number (k). The delta area curve of consensus clustering signifies the 
relative change in area under the cumulative distribution function (CDF) curve for each 
number k compared to that of k-1, as outlined in the work by [60]. This procedure gener-
ates cluster metrics on bootstrapped subsamples to assess the stability of the cluster and 
the chosen algorithm parameters [61]. The hierarchical clustering method is "ward.D2," 
and one cluster should have a minimum of 20 members. The observed cluster assign-
ments per iteration are examined using the pair-wise comparison method (i, j) for every 
pixel. Initially, a connectivity matrix (NxN) is generated with the information per pair, 
if they were assigned to the same cluster (1) or not (0). Due to the use of a subset of the 
dataset, it is necessary to compute an indicator matrix, which holds the information if 
both items are included in the dataset, for every iteration. The consensus matrix, a prod-
uct of the division of the connectivity matrix and the indicator matrix, quantifies the 
frequency with which items i and j are assigned to the same cluster, divided by the total 
number of times both items are selected. This results in a value for each pair ranging 
from 0 to 1. Based on this matrix, the statistics of cluster stability and the given members 
can be computed. For each cluster, the assigned cluster values per pair are averaged to a 
consensus cluster value (m(k)), where Ik is the set of indices of items, belonging to one 
cluster k, and which is described in [56, 61] as follows in equation 1:

m(k) = 1
Nk(Nk − 1)/2)

∑

i, j ∈ Ik
i < j

M(i, j),
� (1)

This shows for cluster k the averaged consensus index between all pairs assigned to one 
cluster. The next item is consensus mi(k), which takes a particular observation and cal-
culates the average of the consensus value of this item ϵi to all others within its cluster 
and is described with equation 2

Fig. 4  The workflow for the clustering approach involves the generation of clusters from the vegetation and soil 
datasets. These clusters are then combined with a consensus clustering approach
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mi(k) = 1
Nk − 1{ei ∈ Ik}

∑

j ∈ Ik
j ≠ i

M(i, j),
� (2)

For instance, for a specified k, the item consensus mi(k) would be 1 for all items belong-
ing to the class ϵi ∈ k and 0 for all others, as described by [61]. For each algorithm, a 
consensus matrix and internal cluster validation indices are calculated. The perfor-
mances of these algorithms can then be compared to each other, taking into account 
the compactness and separability of the cluster. By default, the consensus function takes 
both algorithms equally into account. [58].

3.4  Assessment of clustering approaches

During consensus clustering, the hierarchical and DIANA clustering algorithms were 
evaluated by multiple separation criteria. The Calinski-Harabasz index, for example, is 
based on the cohesion in one cluster and rises with a better separation of the clusters 
among themselves. It is recommended to interpret the compactness and separation 

Table 3  Results of the consensus evaluation of the DIANA and hierarchical clustering algorithms
Validation 
measure

Reference Formula Opti- 
mum

HC 
Euclidean

DIANA 
Euclidean

Calinski-Har-
abasz

Calinski & Harabasz 
(1974)

N−K
K−1 · BGSS

WGSS
Max 517.19 316.06

Dunn Dunn (1974) dmin
dmax

Max 0.05 0.05

Gamma Baker (1974) s+−s−

s++s−
Max – 1.02 – 0.99

C index Hubert (1976) SW −Smin
Smax−Smin

Min 0.07 0.08

Davies-Bouldin Davies & Bouldin 
(1979)

1
K

K∑
k=1

max
(

△(Xi)+△(Xj )
δ(Xi,Xj )

) Min 1.25 1.41

SD Desgraupes (2017) αS + D Min 4.60 5.10

Silhouette Kaufmann & Rous-
seeuw (2009)

1
K

K∑
k=1

sk

Max 0.24 0.08

Compactness Handl & Knowles 
(2005)

N∑
i=1

L∑
j=1

xi,nni(j)

Min 1.59 1.86

Connectivity Handl & Knowles 
(2005)

∑
Ck∈C

∑
i∈Ck

δ(i, µk) Min 182.66 323.77

Whereby: BCSS = Between cluster separation, WCSS = within cluster separation, N−K
K−1  = Normalization by their degrees 

of freedom (N), dmin  = smallest distance between points not in the same cluster, dmax  = largest intra-cluster distance, s+  
= number of times a distance between two points which belong to the same cluster is strictly smaller than the distance 
between two points not belonging to the same cluster, s−  = distance between two points lying in the same cluster is 
strictly greater than a distance between two points not belonging to the same cluster, SW  = sum of distances between 
all the pairs of distinct points belonging to the same cluster of each cluster in the dataset, Smin  = sum of the smallest 
distances between all the pairs of points in the entire dataset which belong to one cluster, Smax  = sum of the largest 
distances between all the pairs of points in the entire dataset which belong to one cluster, △Xk  = intracluster distance in 
one cluster, δ(Xi, Xj) = intercluster distance between cluster Xi  and Xj , S = average scattering for clusters, D = total 
separation between clusters, α = weight equal to D, obtained for the partition with the greatest number of clusters, sk  
= mean silhouette for one cluster k, nni(j)  = jth nearest neighbour of point i, L = parameter determining the number of 
neighbours, C = set of all clusters, µk  = centroid of cluster Ck , δ = chosen distance function (Euclidean)
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criteria [62]. Another index is called the Dunn index, which defines the ratio between 
the minimized and maximized distance between the closest and furthest two points in a 
cluster. The index can range between [0, ∞] and should be maximized [63]. Other indi-
ces show better cluster performance when the value is minimized, for example, c_index. 
The formulas for the performance estimation for nine calculated metrics are described 
in table 3 in the result section.

3.4.1  Assignment of the management zones to the cluster

The previously generated zones are classified into categories of management zones. 
Until now, the number of clusters was defined by the optimum of the consensus cluster-
ing algorithm. In practical use, the agricultural machines of the LVAT are not capable 
of adjusting the amount of fertilizer over such small distances in a short period of time. 
After consultation with farmers, it was determined that three different zones would be 
sufficient to meet their needs. These zones are referred to as low, medium, and high 
potential yield zones. The categorization is determined by the statistical analysis of the 
raw input data within a particular cluster zone (refer to Fig. 5).

Gamma Counts Rho 0−150cm Rho_res 30+150cm
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Fig. 5  Boxplots of the EVI2 and Geophilus datasets distributed per cluster 1–5. The clusters refer to the scenario 
where EVI2 phenology stage and Geophilus datasets are combined. The stars exhibit the mean values of the EVI2 
values in one cluster
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3.4.2  Comparing different cluster results

The clustering approach utilizes multiple input datasets, with different combinations 
of these datasets being tested to estimate the optimal input data scenario. The initial 
approach involves the implementation of vegetation information from 2018 to 2023, 
encompassing 138 Sentinel-2 acquisitions. This approach does not differentiate between 
crop types, growing periods, and/or weed and bare soil exclusion. The second scenario 
involves the utilization of Sentinel-2 scenes for specific crop-type-dependent phenol-
ogy stages, offering insights into the crop itself. The third approach is founded on the 
Geophilus dataset, which provides information on bare soil. The fourth scenario encom-
passes the integration of selective information about vegetation and soil characteris-
tics, representing a novel approach when compared to existing methods. The validation 
process entails the comparison of statistical measures of the amount of variation under 
the calculated cluster. To this end, the EVI2 index and Geophilus data are examined in 
terms of their variation, with the assumption that the variation of the whole field must 
be greater than that of a single cluster. Standard deviation (SD), relative standard devia-
tion (RSD) and variance are used as dispersion measure coefficients, calculated for every 
single cluster and compared to the value of all pixels covered by the whole field. The 
clustering version that was able to minimize soil and vegetation variability within the 
cluster is considered to have the best performance. After comparing the multiple coef-
ficients of variability, no differences of the ranking of cluster scenarios was observed, so 
that the RSD as coefficient of variability was selected. It is widely used in the scientific 
and industrial context to understand the consistency of datasets [64, 65].

4  Results
4.1  Soil pit analysis

A comparison of the clay and sand content reveals that the sand content is consistently 
higher than the clay content in every soil profile. For instance, soil pit number five has 
a sand content of more than 95% in the horizon between 0.8 m and 0.9 m, with a clay 
content of only 2.5%. Another profile, number three, exhibits a notably high sand con-
tent, with more than 70% sand and less than 10% clay in every horizon. Conversely, soil 
profile two exhibited the highest clay content, with more than 20% clay and less than 
45% sand at a depth of 0.8 m. Given the observed variations in parameter content across 
soil layers, it was determined that the input datasets should be stratified based on depth, 
ensuring the representation of diverse soil characteristics. The datasets were grouped 
into upper- and lower-soil information, and the Sentinel-2 and Gamma datasets were 
placed into the upper-soil category due to the surface scanning capability of the sensors. 
The Geophilus sensor measures also electrical resistivity, which provides soil informa-
tion from deeper layers, resulting in the categorization of lower-soil information.

4.2  Vegetation indices

The EVI2 was selected as the relevant vegetation index in this study for the following 
reasons. First, it includes the red- and red-edge wavelengths. Second, it eliminates satu-
ration effects compared to the NDVI. Third, it can be adjusted to the Sentinel-2 acqui-
sitions. Fig. 5 shows, among others, the distribution of the EVI2 values per phenology 
stage.
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The EVI2 ranges of all scenes are observed to be between 0.2 and 0.8, a consequence 
of the selection of scenes from phenology periods exhibiting high vegetation cover. A 
uniform pattern is exhibited in the distribution of EVI2 values across all scenes, with 
the exception of the scene from the 17th of April 2019. The cluster of scenes with lower 
EVI2 values does not manifest the distinctive characteristics typically observed. For 
instance, the boxplot of class one demonstrates lower EVI2 values compared to all the 
other classes, constituting an exceptional case. Furthermore, the remaining classes, par-
ticularly class three shows higher EVI2 values than the others. The remaining classes 
exhibit a similar range of EVI2 values. This unremarkable pattern stands in contrast to 
the other scenes.

4.3  Cluster results

4.3.1  Single clustering results

The single clustering approach involves the implementation of hierarchical clustering, a 
process that gives out dendrograms, which depict the relationships between objects for 
cluster allocation [66]. The dendrograms obtained from the single clustering approach 
are presented in the appendix. The resulting single cluster, encompassing all phenology 
stages, the Geophilus measurements, and their correlation, is illustrated in Fig. 6.

A preliminary visual analysis of the results reveals the presence of an island-like area 
in the field’s center, clearly distinguishable from the surrounding region. The Rho5 mea-
surement exhibits a slightly divergent pattern compared to the other input datasets. The 
ERa up to 1.5 m (Rho5) exhibits an increasing gradient from the western to the eastern 
side of the field, interrupted by higher electrical resistivity in the mid-eastern part of 
the island. On the left side of the field, a band reaching from the north to the south of 
lower electrical resistivity is observed. This pattern is also evident in the ERa residuals 
of the upper 0.3 m layer (Rho1), albeit with an interruption in the southern left cor-
ner of the field. The Rho1 residuals exhibit significantly lower ERa values in the center 
of the field. The northeast part of the field is characterized by fragmentation with mid 
to lower ERa measurements. The prominence of the lower values are in the center of 

Fig. 6  Left: Single clusters resulting for the three different phenology stages and the three Geophilus datasets. The 
clusters are visualized by their cluster center, calculated from the input datasets. The opposite color arrangement 
is assigned manually for a better comparison between the cluster patterns in the field. Sometimes lower values, 
sometimes higher values are characteristic for the pattern in the center of the field. Right: Correlation plot of the 
single input cluster after normalization of the centered datasets

 



Page 15 of 29Torney et al. Discover Agriculture           (2025) 3:113 

the field is particularly evident in the gamma reflection cluster, exhibiting gamma val-
ues (0.94 cps) that are weaker compared to other regions within the field. The highest 
gamma reflection, reaching up to 1.29 cps, was recorded in a location proximate to the 
northwest border of the field. This location is also evident in the clustering of EVI2 val-
ues of rye during stem elongation (BBCH: 31). The highest EVI2 values are observed in 
the northeast and south of the island, while the island itself stands out with mid-high to 
mid-lower values compared to its surroundings. The lowest values are found close to the 
north and east field border, which differs from the other phenology stage cluster. The 
following stage of rye, beginning with the blossoming period, is characterized by sig-
nificantly lower EVI2 values in the sandy island area and in the northern left part of the 
field. The highest levels of vegetation activity are observed in the south and east of the 
island, as well as in the vicinity of the western field border. These patterns are analogous 
to those observed during the maize tasseling phenology stage. The rye phenology cluster 
demonstrated a robust positive correlation with the maize stage of tasseling (0.89) and 
the gamma reflection from the Geophilus sensor (0.76). A modest correlation was iden-
tified between Rho5 and the residuals of Rho1 (0.53). This correlation was anticipated 
to be weaker due to the extraction of Rho5 dataset values within the Rho1 dataset. The 
correlation between maize and both of the rye phenology clusters is relatively weak (0.4). 
The gamma reflection and the residuals of the apparent electrical resistivity from the 
upper layer of the soil (Rho1_res) are characterized by a significant negative correlation 
(−0.73). Similarly, a negative correlation appears between Rho1 residuals and the tassel-
ing of maize (−0.61). Purely based on the appearance of the cluster, a stronger correla-
tion between gamma and the rye cluster, especially BBCH stage 61, would be expected; 
instead, the correlation between those clusters does not exceed 0.15.

4.3.2  Consensus clustering results

The evaluation of the consensus clustering method has been implemented for the com-
bination of vegetation and soil information as input datasets. This implementation gives 
multiple metrics, which are listed in the Table 3.

The hierarchical clustering algorithm was selected for the consensus clustering pro-
cess, as indicated by the evaluation metrics. With the exception of the gamma index, all 
indices exhibited a discernible propensity toward the hierarchical clustering algorithm. 

Fig. 7  Left: The cumulative distribution function (CDF) describes the consensus among clusters for each number 
of k, for the DIANA and the HC Algorithm. Right: the delta area curve represents the relative change under the CDF 
curve for each k, compared to the change of the area under the curve for k-1. A low relative change of the area 
under the CDF comes with a better distinction between clusters
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The number of clusters is adapted during the consensus clustering process, and the algo-
rithm generates a consensus among several numbers of clusters (k), as illustrated in the 
cumulative distribution function (CDF) plotted in Fig. 7. The relative change of area 
under the CDF curve for each k, compared to k-1, is demonstrated on the right side.

An evaluation of the performance of the hierarchical clustering approach (HC) and 
the DIANA clustering approach reveals a high degree of similarity in their performance 
metrics. The Calinski-Harabasz index, a measure of cluster separation, indicates that the 
HC approach outperforms the DIANA approach. This superiority is further substanti-
ated by the HC approach’s lower compactness value and its lower Davies-Bouldin index. 
Additionally, the HC approach’s silhouette is notably higher than that of the DIANA 
clustering approach, underscoring its enhanced intuitiveness [62]. Looking at the delta 
area curve of both algorithms, the DIANA clustering shows a better distinction for 8 
clusters while the HC algorithm reaches the best distinction for 5 clusters. The patterns 
differ slightly depending on the chosen cluster algorithm (Fig. 8).

It is clear that both algorithms classified some areas of the field using the same pattern, 
as illustrated by the dark orange class. The HC algorithm divided other areas into two 
classes, while the DIANA algorithm put them into one class, like the bright orange class. 
Conversely, the red area in the field of the hierarchical clustering result was distributed 
into two classes by the DIANA clustering. The DIANA algorithm also generated one 
class with just two pixels. Due to the clear tendency of the metrics, a clustering approach 
with the HC algorithm and the distribution in 5 clusters is selected. The combination of 
the six single clusters through consensus clustering also results in different cluster pat-
terns, depending on the input datasets. These patterns are illustrated in Fig. 9.

The cluster pattern of the first scenario is calculated with the entire time series of the 
EVI2 datasets between 2018 and 2023, with the information not distributed by crop 
types, phenology stages, weeds, or bare soil coverage. Some clear patterns are recogniz-
able, especially the sandy island. The cluster of the second scenario shows more scattered 
patterns. The EVI2 datasets were selected during BBCH growth stages, as outlined in 

Fig. 8  Consensus clustering results for the EVI2 phenology stages and Geophilus dataset combined scenario, 
calculated with different algorithms. Both, the hierarchical and the DIANA clustering algorithm were processed 
with five classes
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3.2.3. The third approach is generated by the soil information measured with the Geoph-
ilus sensor, which included the Rho1 residuals, Rho5, and gamma reflection datasets. 
This pattern differs, especially in terms of the sandy island. Some similarities to the EVI2 
phenology cluster are seen in the northwestern part of the field. The consensus cluster of 
scenario number four, which integrates vegetation and soil information, is distinguished 
by the presence of an island in the middle, extending to the right border of the field, 
analogous to the Geophilus cluster. A recurring pattern is observed in the belt near the 
northern border, which also emerges in the cluster of EVI2 phenology stages. Addition-
ally, the area northwest of the island is particularly noteworthy, as it is also evident in the 
single rye and gamma cluster.

4.4  Assignment of the managementzones to the cluster

The classification of the input datasets into potential low, medium, and high yield zones 
is based on the soil and vegetation properties associated with them, as illustrated in Fig. 
5. The expression of the input datasets is mapped in the form of boxplots, revealing a 
tendency of significantly low EVI2 values to coincide with higher apparent electrical 
resistivity. Notably, class five exhibits a pronounced divergence from the distribution of 
the other classes and is assigned to a potential low yield class. The EVI2 distribution 
reveals that class one more closely resembles class two, while in the Geophilus datasets, 
it exhibits characteristics similar to class three. Class three displays the highest values in 
every EVI2 scene, suggesting its potential association with a high yield area. Class four 
is characterized by relatively high EVI2 and Gamma values, and notably low Rho1 and 
Rho5 values, leading to its classification within the high yield zone. A comparison of the 
EVI2 values reveals that classes two and one exhibit nearly identical expressions, while 
slight variations are observed in the Geophilus datasets. These variations are indicative 
of medium yield potential. The delineation of potential yield zones is associated with the 
graph and is located on the right side of the Fig. 10.

4.5  Validation assessment

The validation process entails a comparison of the statistical measures of variation 
within the designated cluster. This procedure is outlined in greater detail in 3.4. To 

Fig. 9  Consensus clustering results for four scenarios. Depending on the input datasets, the pattern of the cluster 
distribution differs. Inputdatasets for 1.: Complete EVI2 timeseries 2018–2023, 2.: EVI2 scenes acquired during phe-
nology stages, 3.: Rho1 residuals, Rho5 and Gamma reflection dataset of the Geophilus sensor (soil information), 
4.: Combination of 2. and 3
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illustrate this process, the relative standard deviation (RSD) of the EVI2 and Geophilus 
datasets is plotted relatively to the RSD of the entire field in Fig. 11.

As anticipated, none of the cluster standard deviation (SD) values surpass the SD value 
of the entire field, with the exception of cluster five for the Rho1 residuals and Rho5 
dataset. For the EVI2 datasets, the SD values of the individual clusters are consistently 
lower than the SD value of the entire field. With regard to the calculated variance as a 
dispersion measurement, cluster five is the only one that exceeds the variance for the 

Fig. 11  The relative standard deviation (RSD) of the pixel values of the EVI2 and the Geophilus datasets lying under 
the single clusters of the consensus clustering result (x-axis), compared to the RSD of the whole field (red dotted 
line)

 

Fig. 10  Left: Resulting consensus clustering with five different classes. Right: Partitioning of the resulting cluster 
into potential low, middle and high yield zones, based on the statistics of the original input datasets
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entire field for the Rho1 residuals and Rho5 datasets. A comparative analysis of the vari-
ous cluster scenarios was conducted by calculating the relative mean standard deviation 
(RSD mean) of all input datasets for each cluster scenario. The standard deviation of the 
entire field was equivalent to one hundred percent. The resulting distribution is illus-
trated in Fig. 12.

The mean of the relative mean standard deviation (RSD mean) of all input datasets for 
each cluster was calculated for every cluster scenario. By comparing the mean values, it 
appears that the EVI2 timeseries cluster scenario has the lowest variation, followed by 
the Geophilus cluster. The third-ranked cluster is the combination of both the phenol-
ogy and Geophilus datasets. The clustering with the highest mean RSD is the Phenology 
Cluster approach.

5  Discussion
5.1  Choice of the vegetation index

In comparison to alternative vegetation indices, EVI2 demonstrated notable proficiency 
in identifying crops, as evidenced by both empirical findings and extant literature [35] 
cited by [67]. However, the absence of reference datasets to validate the covering bio-
mass during specific periods necessitates the utilization of the calculated index as an 
essential input dataset for subsequent algorithms. Notwithstanding, the EVI2 index can 
be regarded as a reliable indicator of vegetation development, particularly during spe-
cific phenological stages. The EVI2’s performance is an adequate instrument for map-
ping vegetation activity in the field [19].

5.2  Crop type specification

Rye and maize exhibit distinct nutritional and hydric requirements, as well as disparate 
root depths and stress resilience. The analysis is constrained to a single year of maize 
acquisitions, representing a single period of crop development under prevailing condi-
tions. The Geophilus sensor data, contributing half of the input dataset in the consensus 
clustering, is based on a one-day snapshot of the soil properties. Although the soil itself 

Fig. 12  The relative mean standard deviation (RSD mean) of all input datasets for each cluster per cluster scenario 
was calculated. Additionally the mean of all mean relative SD for one scenario was acquired: EVI2 timeseries Clus-
ter: 21.2, Geophilus Cluster: 22.3, Consensus Cluster: 23.4, Phenology Cluster: 23.5
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may remain static over shorter periods, changes in soil moisture, particularly the electri-
cal conductivity of the soil, can occur. The impact of soil moisture on absolute measure-
ments is significant, yet its effect on the distribution of patterns in the field is minimal. 
Consequently, the measurement pattern remains consistent, even when soil moisture 
levels vary during the measurement period [4].

5.3  Clustering approach

The selection of the hierarchical clustering approach for the single clustering was based 
on similar applications described in the literature and on experience-based recom-
mendations. As explained in section 3.3 by [13], hierarchical clustering techniques do 
not offer statistical validation procedures. This results in an assessment based on cal-
culated variances compared to the input datasets and the reliability of the error met-
rics of the consensus clustering. The outcomes of the subprocess, which are inherently 
unpredictable, serve as the input data for the subsequent consensus clustering. Despite 
the enhanced assessability of the consensus clustering itself, the uncertainty of the input 
data must be taken into account. Conversely, a precise validation for the consensus clus-
tering was conducted using multiple evaluation metrics. The selection of relevant valida-
tion measures necessitates background knowledge about the metrics themselves and the 
clustering approach. In this particular instance, the metrics resulted in a distinct selec-
tion of the HC approach; however, in the case of other input datasets from forthcoming 
years, the metrics might not be as distinct, potentially leading to a different weighting of 
the input algorithms.

5.4  Pattern recognition of soil- and vegetation datasets

The most outstanding pattern is the island in the center of the field, which is character-
ized by significantly low EVI2- and gamma values, as well as high electrical resistivity. 
This indicates soil textures with lower electrical conductivity, like sandy soil types, due 
to lower water storage capacities. This area is also the most conspicuous by observing 
the RGB Sentinel-2 images and is identified as a sandy island centered in the field, reach-
ing to the east field-border. The EVI2 values from April 17th, 2019, were found to be 
significantly lower than expected, and this phenomenon could be attributed to the pres-
ence of the sandy area being slightly less pronounced in the vegetation growth patterns. 
A comparison of the RGB composite from April 17th with an acquisition from a week 
later revealed the higher visibility of the sandy area. This could be indicative of improved 
growing conditions during that period. Class one exhibited notably lower values com-
pared to the other classes, which could explained by the proximity to the field bound-
aries. This implies more severely impacts by turning on headlands and the presence of 
dense vegetation beyond the field boundaries, potentially resulting in weaker growing 
conditions. These patterns are also evident in the subsequent clustering result of rye 
stage 31 and, to a lesser extent, in the final consensus clustering. Notably, a region of ele-
vated EVI2 values and pronounced gamma reflection is evident in the northwest. Con-
versely, the ERa datasets exhibited lower values in this region, though not significantly 
higher than their surroundings, in contrast to the vegetation patterns observed. Ulti-
mately, this area has been identified as a high potential vegetation zone, which can be 
attributed to the higher clay and silt contents. This assumption can be substantiated by 
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the soil profile samples collected in November 2023, which also indicated the necessity 
of separating the input datasets into lower and upper soil information. The root systems 
of rye extend to a depth of 1 m, while those of maize extend to 2.5 m, depending on the 
plant’s developmental stage [68]. This observation is consistent with the slightly stronger 
correlation observed between the datasets collected directly from the upper soil layer, 
such as the gamma reflection (0–0.3 m) and the residuals of the Rho1 (0–0.3 m) dataset. 
The BBCH stage 53 is indicative of the tassel emergence stage, which marks the conclu-
sion of the period of maximum nutrient uptake. The high correlation between the maize 
and the gamma dataset could be explained by the presence of most nutrients in the 
upper 0.3 m layer of the soil, as demonstrated by the development of the maize plants. 
A comparison of the single clustering results with the consensus clustering result reveals 
the influence of the vegetation dataset selected by phenology stages. However, the incor-
poration of Geophilus datasets with the same weight seems to have a lower impact. It 
is most evident in the area of the sandy island. This phenomenon could be attributed to 
the fact that the pattern of vegetation is influenced by the soil conditions, as well as vice 
versa. In light of this, a key question to address is whether the exclusion of the 2020 data-
set, in which anomalous patterns were identified, was a necessary procedure. For future 
investigation, it would be advisable to observe the influence of single outliers, such as 
the aforementioned patterns. It is important to note that including more years in the 
analysis will result in each dataset’s weight decreasing in the final results. The clustering 
algorithm is designed to identify and filter outliers while focusing on patterns that occur 
regularly. Consequently we suggest to keep scenes with irregular patterns in the analysis, 
while enough scenes without those patterns are integrated as well. In light of these con-
siderations, the utilization of the EVI2 timeseries cluster approach is endorsed.

5.5  Statistical validation

The findings indicate that the scenario involving the complete EVI2 timeseries as input 
datasets, followed by the Geophilus datasets, appear to be the optimal statistical selec-
tions. The EVI2 timeseries encompasses exclusively vegetated surfaces, with no selec-
tion occurring during particular phenology stages. Consequently, the full spectrum of 
patterns exhibited by vegetation characteristics during varying growth periods is cap-
tured. It is important to note that, in addition to the seeded crop, weeds also influence 
the interpreted signal. However, the majority of scenes are influenced by the signal of the 
crop, thereby causing the pattern of the EVI2 value of the cluster to be largely influenced 
by crop, instead of weed reflectances. Additionally, the mean RSD of the Geophilus clus-
ter does not differ significantly from the mean RSD of the EVI2 timeseries cluster.

5.6  Transferability and benefits

The approach has been established and tested for one field in Groß Kreutz. During the 
upcoming seasons, the experiment will be transferred to other fields of the farm, which 
will involve more diverse soil characteristics. This field transfer will establish greater 
stability and a more flexible approach, with the goal of extending the research areas to 
other states of Germany where different crops and growing conditions will be examined. 
This would also fulfill the desired approach of establishing a consistent product chain, 
which helps combine scientific results with established farmer workflows. The results 
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were intended to serve as an indicator for farmers to adapt their management practices 
from a uniform field approach to an area-specific approach. The difference from exist-
ing methods was the inclusion of vegetation datasets dependent on phenology stages, as 
well as soil information. The new method did not perform significantly better than exist-
ing approaches that solely include full timeseries data of vegetation information. The 
target group is not only farmers; researchers also benefit from these results to establish 
more efficient methods and build on the research of this article.

6  Conclusion
In terms of combining the consensus cluster into potential yield zones, the sandy island 
could be identified as a low potential yield zone. Finally, two classes of the clustering 
approach were assigned with higher potential yield, two with middle yield, and one with 
lower yield zones. This statistical approach represents a suitable and steady method for 
combining detailed classes into more general zones; however, its feasibility is contin-
gent upon knowledge about the local conditions and circumstances. In order to validate 
the utilized clustering scenarios, it was determined that the combination of phenology 
with the Geophilus datasets did not demonstrate superior performance in comparison 
to the individual datasets. With regard to the mean of the mean RSD, the EVI2 time-
series clustering exhibited superior performance in comparison to the other approaches. 
The study indicated no scientific evidence supporting the utilization of the Geophilus 
dataset in conjunction with the satellite-based EVI2 datasets, particularly during specific 
phenology stages. The utilization of satellite-based vegetation information is contin-
gent upon the consideration of several critical factors. These factors include the influ-
ence of management practices, crop rotations, weather conditions, and other evolving 
local circumstances. The incorporation of soil information, which possesses character-
istics that exhibit greater stability over extended periods, contributes to the enhance-
ment of resultant stability. The soil characteristics provide the fundamental basis for the 
growth patterns of the vegetation. Consequently, the vegetation cluster is already influ-
enced by the soil characteristics. This finding underscores the importance of consider-
ing practical applications for farmers in subsequent steps. However, it should be noted 
that the acquisition of the Geophilus dataset does not offer any practical benefits for 
farmers. The selection of phenological stages of the crop indicates a detailed observation 
of BBCH stages during the last years of the field management. In conclusion, the most 
cost- and energy-effective approach would be the one with the EVI2 timeseries observ-
ing the complete growing stages of the crops. The dataset is open source, and eliminating 
the need for additional knowledge regarding phenology stages from the past years. The 
incorporation of soil data from the topsoil and the lower soil with equal weighting in the 
clustering approach is a rational choice. However, it should be noted that the delineation 
of clear boundaries between clusters does not reflect realistic natural conditions. The 
properties of soil and plants exhibit greater variability over shorter distances, and this 
is a compromise that is deemed practical for the fertilizer spreader’s switch time. How-
ever, when managing diverse fertilizer applications, assumptions must be made and are 
limited to switching times of agricultural machinery, spatial sensor resolution, and the 
necessity to generalize conditions for modeling procedures. Consequently, management 
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zones can be regarded as recommendations for management practices, which can be 
integrated with farmers’ experience and standard practices.

In the context of forthcoming research inquiries and management methodologies, 
it would be intriguing to ascertain the efficacy of the established algorithm in dispa-
rate fields, particularly in domains characterized by more heterogeneous soil proper-
ties. These findings may exhibit variability, which underlines the incoorporation of soil 
information in the consensus clustering approach. An existing method involves man-
agement zones with fuzzy borders. This method includes a step-by-step transition from 
one zone to another, resulting in a smoother transition that is more feasible for agricul-
tural machinery. In the upcoming years, Sentinel next generation missions are going to 
be expected, which comes along with higher spatial- and different spectral-resolutions, 
which could enhance the quality of the vegetation datasets. It can be summarised the 
upcoming workflow could include the implementation of fuzzy borders and the incor-
poration of more fields with diverse soil properties and in the future, also the new datas-
ets of the Sentinel next generation missions.

7  Glossary

Term Description
Management zones Distinct areas characterized by uniform growing conditions.
Categories of manage-
ment zones

Summarized management zones for the practical use of farmers, such as potential 
low-, medium- and high yield zones.

Clustering The process of splitting the field into different zones.
Clustering algorithm Mathematical procedure for dividing the field into different zones, based on similar-

ities and / or differences in the pixel values of the input data sets.
Cluster One zone, resulting from the clustering.
Single clustering First part of the analysis, where input datasets are clustered solely in their group. For 

example: Only the EVI2 datasets falling into the timeframe of the BBCH stage 61.
Consensus clustering The second part of the analysis, where the single clustering results are combined 

with each other.
Clustering method Mathematical method for the clustering algorithm, such as the hierarchical cluster-

ing or the DIANA clustering.
Clustering scenarios Different combinations of input datasets in the Consensus clustering, resulting 

from the single clustering. For example: solely the soil information, based on the 
three single cluster of the Geophilus datasets.

Phenology stages Distinct timeframes for specific growing characteristics of the crops.
Vegetation indices Mathematical proxys for the vegetation development, based on reflectance values 

of the Sentinel-2 scenes, such as the EVI2 or the NDVI.

Appendix
See Figs. 13, 14, 15, 16, 17 and 18

In the appendix, the dendrograms of the hierarchical single cluster approaches of the 
phenology stages and the Geophilus datasets are attached.
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Fig. 14  Dendrogram of the hierarchical single clustering of the three input EVI2 scenes from the phenology stage 
BBCH: 53. The x-axis is representing the single pixels of the input scenes

 

Fig. 13  Dendrogram of the hierarchical single clustering of the three input EVI2 scenes from the phenology stage 
BBCH: 31. The x-axis is representing the single pixels of the input scenes
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Fig. 15  Dendrogram of the hierarchical single clustering of the three input EVI2 scenes from the phenology stage 
BBCH: 61. The x-axis is representing the single pixels of the input scenes

 

Fig. 16  Dendrogram of the hierarchical single clustering of the gamma reflection datasets of the Geophilus sen-
sor. The x-axis is representing the single pixels of the input scenes
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