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Abstract: Operational crop monitoring applications, including crop type mapping, condition monitor-
ing, and yield estimation, would benefit from the ability to robustly detect and map crop phenology
measures related to the crop calendar and management activities like emergence, stem elongation,
and harvest timing. However, this has proven to be challenging due to two main issues: first, the lack
of optimised approaches for accurate crop phenology retrievals, and second, the cloud cover during
the crop growth period, which hampers the use of optical data. Hence, in the current study, we
outline a novel calibration procedure that optimises the settings to produce high-quality NDVI time
series as well as the thresholds for retrieving the start of the season (SOS) and end of the season (EOS)
of different crops, making them more comparable and related to ground crop phenological measures.
As a first step, we introduce a new method, termed UE-WS, to reconstruct high-quality NDVI time
series data by integrating a robust upper envelope detection technique with the Whittaker smoothing
filter. The experimental results demonstrate that the new method can achieve satisfactory perfor-
mance in reducing noise in the original NDVI time series and producing high-quality NDVI profiles.
As a second step, a threshold optimisation approach was carried out for each phenophase of three
crops (winter wheat, corn, and sugarbeet) using an optimisation framework, primarily leveraging the
state-of-the-art hyperparameter optimization method (Optuna) by first narrowing down the search
space for the threshold parameter and then applying a grid search to pinpoint the optimal value
within this refined range. This process focused on minimising the error between the satellite-derived
and observed days of the year (DOY) based on data from the German Meteorological Service (DWD)
covering two years (2019–2020) and three federal states in Germany. The results of the calculation
of the median of the temporal difference between the DOY observations of DWD phenology held
out from a separate year (2021) and those derived from satellite data reveal that it typically ranged
within ±10 days for almost all phenological phases. The validation results of the detection of dates of
phenological phases against separate field-based phenological observations resulted in an RMSE of
less than 10 days and an R-squared value of approximately 0.9 or greater. The findings demonstrate
how optimising the thresholds required for deriving crop-specific phenophases using high-quality
NDVI time series data could produce timely and spatially explicit phenological information at the
field and crop levels.

Keywords: crop phenology; Sentinel-2; NDVI; phenological metrics; time-series analysis

1. Introduction

Phenology is a word derived from the Greek word “phaino”, which means “to appear”
or “to show yourself”, while its scientific definition is to study all biological events that
characterize the life cycle of a plant or a crop (e.g., leaf emergence, flowering, dormancy) [1].
Due to its high importance, vegetation phenology has been the focus of interest in various
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research domains. This concerns crop-related applications in particular, where accurate
estimates of crop physiological growth phases or phenophases are crucial for many agro-
nomic practices, such as irrigation and fertilization scheduling, agricultural weather or
biodiversity index derivation, soil erosion, crop condition monitoring, and yield estimation
or integrated pest management [2–9]. Crop phenophases were traditionally recorded by
manual field observations and surveys, e.g., [10]. Although these types of data sets can
accurately describe crop phenology, they are limited in their ability to provide contin-
uous temporal and spatial phenological information on a large scale due to their time
and resource-consuming nature [11]. Moreover, the large spatial variability of crop phe-
nology, combined with the uneven spatial distribution of these limited manual ground
observations, makes it challenging to fully characterise long-term crop phenology across
a continuous spatial landscape [12]. On the other hand, the advent of satellite remote
sensing has revolutionised the ability to obtain information about agricultural practices.
Unlike traditional field surveys, remote sensing can considerably mitigate many of their
limitations by providing wide spatial coverage, frequent temporal sampling, and improved
operational configuration of modern satellites, thereby expanding the scope of crop pheno-
logical analysis well beyond what field surveys can achieve. Land surface phenology, or
LSP, is the name given to phenology measurements obtained while using satellite-based
observational data [13]. The detection of LSP itself basically relies on the observed vari-
ations of time series of remotely sensed vegetation indices (VIs), such as the normalized
difference vegetation index (NDVI) [14], which has proven to be very effective in inferring
the crop growth cycle and identifying the so-called LSP metrics, such as the start and
end of growing season (SOS and EOS, respectively) [15]. Several studies have found that
over croplands, LSP metrics can provide detailed information about crop calendar events
(e.g., planting and harvesting dates) [11,16]. Due to the requirement of dense and repeated
observations for LSP investigations, most satellite-based crop phenology studies have been
based on moderate to coarse resolution sensors (e.g., Medium Resolution Imaging Spec-
trometer (MERIS), Moderate Resolution Imaging Spectroradiometer (MODIS), Advanced
Very High Resolution Radiometer (AVHRR), Satellite Pour l’Observation de la Terre Vege-
tation (SPOT VGT)) as they provide frequent (almost daily) observations that are required
during rapidly changing phenological stages [17–20]. However, at a spatial resolution of
about 1 km, the pixels frequently include two or more types of crops and subsequently
provide mixed VIs profiles, which might not be the best to fully characterise the spatial
patterns of phenological variation relevant to a crop’s important growth stages. Due to this,
LSP has entered a new era with the availability of data from new missions such as Landsat
8 (L8) and Sentinel-2 (S2). Various studies have generated LSP metrics from the L8 satellite
at 30 m resolution [21,22] but typically lack the temporal and sufficient spatial resolution
to capture continuous crop development and reflect the local spatial heterogeneity of crop
information. In this way, the Sentinel-2 mission can partially overcome this constraint by
offering high spatial resolution of 10 m and a temporal resolution of either 10 days with
one satellite or 5 days while using two-satellite constellation [23].

Although S2 boasts various enhanced design features compared to other low- to
medium-spatial resolution satellites, in regions with persistent rain and clouds, these
optical sensors are naturally impacted by cloud cover, aerosols, and other atmospheric
contaminants [24]. This results in undesirable gaps and noise in current VIs products,
which pose obstacles for subsequent high-level applications such as LSP analysis and
extraction [25]. As a result, one of the essential processes that often precedes any LSP
analysis is the construction of high-quality VIs time series using various filtering algorithms
such as a Maximum-Value Composite (MVC) [26], the Savitzky–Golay (SG) filter [27,28],
Asymmetric Gaussian (AG) function fitting [25], the best index slope extraction technique
(BISE) [29], Double Logistic (DL) function fitting [30], HANTS [31,32], and the Whittaker
smoother [33].

By smoothing the raw times series of VIs and producing high-quality VIs data, LSP
detection can be effectively managed. However, accurate extraction of phenology, partic-
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ularly for crops, is based on identifying valid crop phenological cycles [34]. Despite its
theoretical simplicity, this task proves challenging in practice for several reasons. First,
while natural vegetation shows a significant potential for periodicity in the variation of
their NDVI seasonal pattern over the years, this is not true when aiming for a crop-specific
analysis because multiple crop types with different phenological patterns are frequently
planted in rotation on the same plot, resulting in the ability of a selected NDVI time series
to demonstrate the feature of multiple peaks and cycles in a single year [35]. Second, the
cultivation time period of a crop type is not always static but dynamically changeable
from time to time in response to several variables such as climatic and environmental
factors, crop varieties, and interannual variation of planting time, in addition to regional
differences. Due to all of these factors, prior knowledge about crop cycle intervals may not
be representative of the current crop being grown in a particular pixel; thus, the need arises
to develop a robust pixel-based approach that can automatically and accurately determine
the crop’s growth cycle for each calendar year from the processed time series of VIs data.

Afterwards, the LSP parameters can be estimated. Currently, a variety of methods
have been developed for the retrieval of phenological parameters from VIs time series. The
main idea for most of these methods is to identify the turning points in the time series of
satellite-derived VIs. However, they can be categorized into four broad categories: fixed and
dynamic threshold, curvature and inflection, trend, and priori curve-based approaches [15].
Among these methods, the threshold-based approach has gained researchers’ attention
and has become the most widely used approach to estimate both SOS and EOS metrics
due to its simplicity and efficiency in generating results within a reasonable time frame
compared with other methods [15,36]. Threshold methods presume that a phenological
stage starts when either the VIs reaches a fixed VIs value (fixed threshold method) or a
given amplitude of the seasonal change in VIs values (dynamic threshold method) [37]. The
latter has been widely used and confirmed to be superior to the fixed threshold method in
comparative research because it is more flexible and depends on the magnitude of NDVI
variations over the growing season [15]. However, it requires attempts to determine the
appropriate and optimal percentage threshold, which limits its wide range of applications.
Until now, only a few studies have attempted to determine the optimal threshold for
estimating a crop’s phenological events. For instance, ref. [36] has investigated the optimal
thresholds for retrieving the SOS and EOS metrics of different crops using MODIS time
series data. In another study illustrating a calibration procedure to systematically optimise
the derivation of the phenometrics of four crops (green-up, heading, and senescence),
ref. [38] also used MODIS data and a BISE filter combined with SG. A similar study in [39]
analyzed different threshold levels (10%, 15%, 20%, and 25%) of SOS and EOS to map key
stages of corn growth at a field scale with 30 m resolution, using fused surface reflectance
data. With higher resolution, reference [40] similarly extracted S2 SOS/EOS from various
amplitude thresholds of NDVI, EVI2, and a new index called the PPI (plant phenology
index) value. They linked them to specific plant phenophases, finding that PPI SOS at 25%
and PPI EOS at 15% provided the best matches with the phenological stages observed on
the ground.

However, at this point, most crop phenology studies attempting to optimise phenolog-
ical extraction are either limited to coarse satellite sensors, constrained to a few specific crop
types, focused on small areas, or targeted to limited crop growth stages. These knowledge
gaps have impeded our ability to connect high-resolution phenological metrics derived
from NDVI to the stages of crop growth at the parcel level. Against this background, the
primary aim of this study is to develop an innovative calibration procedure to accurately
retrieve crop-specific phenophases at the field level of three major crops (winter wheat,
corn, sugar beet) using high-quality reconstructed NDVI time series. Specifically, we seek
to (1) introduce a robust method to filter the noise of the original NDVI time series for
cloudy situations in Germany; (2) to determine the optimal dynamic thresholds for deriving
the phenological metrics SOS and EOS based on the produced high-quality NDVI time
series, making them more comparable and related to actual crop phenophases observations;
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(3) to demonstrate the effectiveness of the selected dynamic thresholds by aligning the
detected phenology measures with independently recorded phenophases observed on the
ground; (4) to generate field-level crop-specific phenophase date maps for three federal
states in Germany using the selected dynamic thresholds.

2. Study Area and Data
2.1. Study Area

This study was carried out over the federal territory of the north centre of Germany,
which comprises the three German federal states of Lower Saxony (LS), Brandenburg
(BB) and North Rhine-Westphalia (NW) (Figure 1). From a geological point of view, these
federal states are part of the Northern Lowlands and Central Uplands of Germany [41].
With approximately 111,189 km2, they comprise 31% of the territory of Germany and 32%
of the agricultural area in Germany [42]. According to the most recent Köppen–Geiger
classification [43], the climatic conditions range from warm and humid to continental with
high average temperatures (more than 9 ◦C, on average) and a latitudinal precipitation
gradient from an average of 823 mm/year in the west (NW and LS) to 564 mm/year in the
extreme east (BB) [44]. These federal states were selected on the basis of the suitability and
availability of the data.

Figure 1. Overview of the study area spanning across three federal states in Germany. White stars
indicate DWD phenological stations, and pink plus signs represent the phenological field sites used
in this study. The black grid lines show the Sentinel-2 Analysis Ready Data (S2-ARD) acquisitions
used in this study, with the background representing the number of observations in 2019 (as shown
in the colour bar). Circles illustrate examples of the sampling design of agricultural field samples of
three crops (winter wheat, corn, sugar beet) within a 5 km radius around three randomly selected
DWD phenological stations for three years (2019, 2020, 2021).

2.2. Phenological In-Situ Data

Phenological data from 2019 to 2021 of three major crops (winter wheat, sugar beet
and corn) were obtained from Germany’s national meteorological service (DWD; in Ger-
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man: Deutscher Wetterdienst), which operates a phenological observation network across
Germany with hundreds of stations, as shown in (Figure 1) [10]. Volunteer observers report
160 phenological phases of wild and cultivated plants immediately or annually, which
are directly related to the main growth stages according to the Biologische Bundesanstalt,
Bundessortenamt and CHemical Industry (BBCH) system [45]. Each crop was observed in
a different number of stations, depending on the abundance and agrometeorological rele-
vance of the respective crop type. And each phase of observation associated with a certain
DWD station was considered representative of the crops that fall within a maximum radius
of 5 km of its location, as shown in Figure 1). It should be noted that the distribution of
phenological stations is uneven, both across regions with varying environmental conditions
and within regions with similar crop suitability. Moreover, the number and placement of
observations fluctuate from year to year due to crop rotation practices [46].

DWD records from two years (2019–2020) were used to parameterize the phenological
estimation, while the records for the year 2021 were used for the validation issue. Further-
more, we used additional in-situ BBCH information (2018–2022), with one portion collected
from the “PatchCrop” experimental site managed by the Leibniz Centre for Agricultural
Landscape Research [47] and another portion obtained through the PIAF database of the
Plant Protection services of the German federal states where PIAF stands for the planning,
information and evaluation system for trials in agriculture, viticulture, horticulture and
agricultural research. PIAF is supervised by the Institute for Strategies and Technology
Assessment at JKI.

These data will be used to further investigate the accuracy of phenological estimates,
as they provide field-based information on the timing of all phases of BBCH estimations for
several crops. Restricted by the availability of data, we utilise these data that are exclusively
accessible for this study within the federal LS and BB states.

Table 1 lists all the phenological phases that were taken into consideration for the three
main crops examined in this study based on DWD and BBCH, as well as a polar graph
illustrating the distribution of each phase for each crop in our study areas from 2019 to 2021
as well as the number of in-situ observations.

Table 1. Phenological in-situ data collection summary, including crop types, DWD phases, BBCH
Codes, and the number of observations for both BBCH and DWD. DWD Phase IDs are color-coded,
and the DWD Phase Distribution column shows the distribution with polar graphs colored according
to these IDs over three years.

Crop Type BBCH Code DWD Phase
Description DWD Phase ID DWD Phase

Distribution
N◦ of DWD

Obs
N◦ of In-Situ

BBCH Obs

Winter
wheat

10 emergence 12 259 9
31 shooting 15 206 15
51 heading 18 264 2
75 milk ripening 19 216 17
87 yellow ripening 21 237 2
99 harvest 24 286 27

Corn

10 emergence 12 416 11
31 stem elongation 67 319 9
75 milk ripening 19 274 4
87 yellow ripening 21 227 2
99 harvest 24 332 6
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Table 1. Cont.

Crop Type BBCH Code DWD Phase
Description DWD Phase ID DWD Phase

Distribution
N◦ of DWD

Obs
N◦ of In-Situ

BBCH Obs

Sugar beet

10 emergence 125 712

35 closed stand 120 613

99 harvest 93 -24

2.3. Agricultural Parcel Data

This study involves the use of a vector dataset that contains high spatio-temporal
resolution information on agricultural parcels of the three studied crops from different
years (2019–2021) in the study area indicated in Figure 1. The data set is collected and
updated yearly through the Integrated Administration Control Systems (IACS) among
the German Federal States. Access is limited due to privacy concerns in certain states. It
consists mainly of the geometry of the agricultural fields and the types of crops planted
in each cropping season. The parcel data for the three crops explored in this research and
their respective years are outlined on the study area map (Figure 1).

2.4. Cloud Processing Platform and Satellite Data

In this paper, we take advantage of a cloud platform for accessing Earth observation
data, on-demand processing, and the generation of a value-added product called CODE-DE
(Copernicus Data and Exploitation Platform—Deutschland) [48]. This platform is a hybrid
service that enables the provision of web access to a large number of satellite datasets and a
geospatial database over Germany for viewing and downloading, while also offering cloud
computing with virtual machines and network services in a highly scalable way. The entire
workflows in this platform, including data preprocessing, modelling, and post-processing,
were consistently implemented using Python programming language on a virtual machine
provided on CODE-DE. The computing resources of this machine included 16 processor
cores and 128 gigabytes of RAM.

The satellite data used in this study consisted of Copernicus Sentinel-2 analysis-ready
datasets (ARD) that were built from S2 Level 2A [49], have already undergone a full pre-
processing chain (atmospheric correction, cloud masking, etc.), and are consistently tiled
into 4212 10 × 10 km2 non-overlapping square tiles (Figure 1), whereas each tile is made
up of a raster dataset that contains 10 atmospherically corrected cloud-masked spectral
bands (Blue, Green, Red, RedEdge1, RedEdge2, RedEdge3, NIR 10 m, NIR 20 m, SWIR1,
SWIR2) of the S2 sensor. Furthermore, each tile contains specific information that was
gleaned from the scene classification layer provided in the Level 2 product regarding
the percentage of pixels inside the tile that were impacted by clouds, snow, or other
factors [50]. For the present study, a valid pixel filter was considered in the collection of
S2-ARD data, in which scenes with less than 10% valid pixels were removed from the
analysis. The S2-ARD image collection was used to create NDVI layers according to (1),
where NIR and RED represent the near-infrared band and the red band reflectance values
(B8 and B4 in S2, respectively). These layers were then used to create an annual time series
of NDVI for each tile in the study region and further to extract crop-specific NDVI profiles
for each field parcel from agricultural parcel data while using a 10 m internal buffer to
reduce the influence of heterogeneous pixels at field boundaries. These calculated NDVI
time series will serve as the basis for further processing and analysis.

NDVI =
NIR − RED
NIR + RED

. (1)
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3. Methods

Our study focuses on integrating DWD and BBCH phenological observations, crop
type data, and geometries with Sentinel-2 ARD time series. We begin by generating high-
quality NDVI time series using a robust filtering approach, termed UE-WS, which combines
upper envelope detection (UE) and Whittaker smoothing (WS) to filter out and replace
erroneous data points before any phenological analysis. Next, we calibrate and determine
optimal thresholds for the detection of different phenological stages. We then assessed the
accuracy of the detection results using these chosen thresholds against independent ground
observation data. Finally, we mapped the phenological detection outcomes at a regional
scale. This flow chart shown in Figure 2 gives a general picture of the methodological
approach used in this study.

Figure 2. Flowchart illustrating the overall methodological workflow of this study.
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3.1. High-Quality Crop-Specific NDVI Time-Series Reconstruction

To effectively reconstruct high-quality crop-specific NDVI time series profiles, two
facts are noteworthy in this regard. First, NDVI is often underestimated for noises such
as atmospheric effects. Second, vegetation growth typically remains stable, exhibiting
gradual changes in the absence of disturbance. Even abrupt events such as crop harvesting
can cause sudden decreases in the NDVI values, introducing fluctuations in the NDVI
time series. However, occurrences where an observation shows a sharp drop shortly
followed by a rapid increase, forming a deep V-shape, are quite rare. Therefore, instances of
consecutive sudden decreases and increases in a time series are primarily considered noise.
Considering these assumptions, the objectives of the proposed UE-WS method are to more
effectively handle noisy observations, improve the accuracy of NDVI data reconstruction,
and maintain the integrity of multi-temporal NDVI profiles so that they accurately reflect
the natural growth stages and seasonal variations of the studied crops. There are two main
steps to achieve these goals using the UE-WS method (Figure 2). We first extract the upper
envelope nodes of the NDVI time series in the backward and forward directions, then
smooth the retrieved upper envelope to minimise the influence of residual noise.

3.1.1. Extracting NDVI Upper Envelope

Regarding the fact that most noise in NDVI time series is negatively biased, in the
initial step, we attempt to reconstruct the upper envelope of the NDVI time series while
preserving as much of the original data as possible using a number of strategies inspired
by [51]. The first step involved the identification of all local maximum values across and
starting from the first day of the NDVI time series. In this process, a local maximum is
defined as a point position Mt with a value Mi that is the largest in the interval (Mt − h,
Mt + h). The search interval for the local maximum was set to be small in such a way
that the Mi value is larger than its two direct neighbouring points. The second step is the
identification of the other points that are highly likely to form the upper envelope of the
NDVI time series but have not been recognised as local maxima in the first step. According
to the assumptions mentioned above, a good quality NDVI point usually follows the
gradual process of vegetation dynamics, implying that a sudden change in temporal values
cannot be caused by natural conditions changes; thus points with rapid change were
considered outliers, while those with a low rate of change were preserved to join the sets
of local maxima to form the full upper envelope. The approach consists of using a very
simple discriminant function that chronologically passes through the times series points
and classifies the low-value noises based on the sets of local maxima found in the first step.
The discriminant function of time (t) can be expressed according to Equation (2).

f (t) =
(

σ

σ + 1

)int(t−i)
Mi (2)

σ is the attenuation coefficient used to control the rate of decline in the discriminant
function, and t − i is the temporal distance between NDVIt and Mi. NDVIt is the original
NDVI value of the point at time t, and Mi denotes the value of the last local maxima to
time t. Selecting a proper attenuation coefficient σ is very important because choosing
one too small can result in the identification of low NDVI points as envelope nodes and
vice versa. Initially, the σ value is expressed as a percentage ranging from 1 to 100. To
determine the optimal σ value, we tested various options for each crop due to their unique
characteristics of the NDVI time series, which require different levels of filtering. We start
with a reasonable range around 60, using a margin of ±20 and an increment of 2, because
60 was identified as a strong hypothesis for the appropriate degree in [51]. Based on these
tests and visual interpretations, a set of σ = 40, σ = 50, and σ = 66, respectively, for corn,
winter wheat, and sugar beet appears to be appropriate. To obtain the rest of the upper
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envelope nodes, each NDVIt point from all the NDVI values was inserted as a new Mi in
every iteration if it satisfied the following rule in Equation (3).

NDVIt − f (t) ≥ 0 (3)

The points that did not meet this condition were excluded from the time series vector
and substituted with non-data values. Subsequently, we filled the resulting gaps in the
time series by linear interpolation between adjacent reliable values over time, resulting
in a continuous time series vector. Finally, two analysis ensembles of the model state are
derived in time t from the forward and backward analysis, respectively. In doing so, the
function compares the values of the two curves in pairs and returns a final vector that
contains the maximum values from each pair.

3.1.2. Smoothing the NDVI Upper Envelope

Although ordinary noises can be efficiently removed by extracting the upper envelope
of the NDVI time series, under some circumstances, some sudden peaks, spikes, and
fluctuations may continue, which could result in an erroneous performance in phenological
analysis. To eliminate such noise, the upper envelope NDVI time series generated in the
first step was smoothed to a daily time step using the Whittaker filter [33], which is a
computationally efficient reconstruction method for smoothing and filling gaps. This filter
depends on a single adjustable parameter, lambda, that penalises the time series roughness;
a larger lambda corresponds to an over-smoothing of the maximum curvature points. After
trying several combinations, in this study a lambda value equal to 100 was used, as it is
adequate to obtain more convenient results.

3.2. Phenological Analysis
3.2.1. Identifying Crop Phenological Cycles

To automatically identify the valid phenological cycle corresponding to the NDVI
profile for a given parcel, we proceed as follows.

1. We defined the time periods during which we expect that a specific crop should gener-
ally grow by analyzing the crop calendars in Germany for the previous years (Table 1).

2. All the local maxima were identified from the reconstructed NDVI time series corre-
sponding to the crop window selected in step 1.

3. An ensemble of hyperparameters was used to filter out the erroneous maxima. The
first one uses a specific threshold of 0.4 to remove the lower values because several
studies suggested that the maximum NDVI values for crops generally exceed 0.4,
as suggested in other studies [52]. We also used a search window of 30 days in this
study. If multiple peaks can still be identified, we rely on the peak’s prominence,
which is a popular cue that indirectly quantifies how much a peak stands out from its
surroundings.

4. Once the local maxima of our crop had been extracted, a similar approach was adopted
to find out if the left and right minima could then be found for this corresponding
phenological cycle.

5. Lastly, we employed the selected NDVI local maxima along with the left and right
minima, and the area they span, to define the crop’s phenological cycle.

3.2.2. Calculation of Phenological Metrics

To derive the timing of SOS and EOS phenological metrics in this study, we chose to
follow the widely adopted dynamic threshold approach [37]. The basic principle of this
method involves first normalising the data of the time series NDVI (which ranges from −1
to 1) into an NDVIratio of the phenological cycle amplitude of NDVI (with values between
0 and 1). Subsequently, this NDVIratio is used to establish dynamic thresholds for SOS and
EOS retrieval. Specifically, when NDVIratio exceeds or is below a certain threshold, the
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corresponding day of the year is determined as the SOS/EOS (see an example of different
thresholds in Figure 3a). The NDVIratio was calculated using Equation (4).

NDVIratio =
NDVIt − NDVImin

NDVImax − NDVImin
(4)

where NDVIt refers to the NDVI value on day t, NDVImin and NDVImax are the maxi-
mum and minimum NDVI values in the phenological cycle, respectively.

3.2.3. Optimal Parameterisation of Phenological Thresholds

Optimising the threshold in Equation (4) depends on the specific phenophase and the
type of crop that is targeted. For example, a lower threshold that effectively identifies the
emergence stage in winter wheat might overlook the heading stage of the same crop or
could inaccurately detect the emergence phase of another crop. Therefore, it is crucial to
calibrate and optimise these thresholds to accurately represent a particular phenological
stage. This optimisation process ensures that the thresholds are well-suited to explain the
targeted phenophase, such as emergence or heading, for a given crop type.

To achieve this, we have developed a two-step framework that optimises these thresh-
olds using ground-phenological observations. This framework incorporates a novel op-
timisation method called Optuna [53] to obtain the optimal threshold for capturing a
crop-specific phenological stage. The use of Optuna during the present study was due to
its status as a next-generation optimisation framework that leverages advanced techniques
such as Bayesian optimisation, gradient-based optimisation, and evolutionary algorithms
for hyperparameter optimisation, making it suitable to tackle a variety of optimisation
problems quickly and efficiently. The initial step in the proposed optimisation framework
reduced the search space by identifying a promising range for the optimal thresholds for
both SOS and EOS, examining values in intervals of 0.1 from 0 to 1. Subsequently, the
second step fine-tunes and optimises the thresholds within the narrowed range determined
in the first step, using steps of 0.01 from the initial threshold point −0.1 to the initial
threshold point +0.1. This process is summarised in Figure 3b.

As mentioned in Section 2.2, the phenological stages linked to each DWD station
are regarded as representative of the crops situated within a 5 km radius of the station’s
location. In light of this and to guarantee the calibration of each threshold using ground
phenology observations from DWD, we computed the temporal differences ∆t between
the observed DOY of DWD and each estimated DOY of the phenophases for the parcels
encompassed within the 5 km radius, according to the methodology introduced by [54] and
as in Equation (5).

∆t = ∆obs − ∆est (5)

Subsequently, the median values of the temporal difference ∆t were calculated from
the differences for each field within the station buffers for all investigated years. The
median ∆t values were used as measures of the accuracy of estimated phenophases. To
demonstrate the principle of this optimisation process, we show a graphical representation
of it for one DWD station in Figure 3. This procedure is repeated for all DWD stations, and
the optimal threshold is returned when the lowest median ∆t value is obtained between
the DOY derived from the satellite and the observed DOY at all available DWD stations.
Furthermore, the optimal threshold is compared between the SOS and the EOS to determine
which yields the lower error in terms of ∆t. This helps in judging which metric to use for
each crop-specific phenophase.
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Figure 3. A graphical representation of the optimisation process. (a) The mean temporal profiles and
standard deviation range of the NDVI time series of all sugar beet fields in the DWD station 662
shown in Figure 1 with the different estimated DOYs of the closed stand phenophase according to
three thresholds indicated by black, purple, and red dashed lines, corresponding to thresholds of 0.1,
0.9, and the optimal selected threshold, respectively. (b) Iterative optimisation of the median temporal
difference error (∆t) of the closed stand phenophase of sugar beet estimation over thresholds from 0
to 1 using Optuna over all the fields in the DWD station 662 shown in (a). (c) Spatial representation
of the temporal differences in days between the reported date from DWD station 662 (marked by
the blue star) and the DOY estimates for all fields for the thresholds of 0.1, 0.9, and the optimal
selected threshold.

3.2.4. Assessment of Pheno-Phases Detection Using Optimal Thresholds

To independently quantify the detection capability of the optimal thresholds obtained
for each crop-specific phenophase, we adopted two schemes. The first scheme involved
comparing crop phenology results at the DWD station level, while the second assessed the
spatial consistency and details at the field level.

The first scheme involves assessing the performance of our optimal thresholds sta-
tistically using phenological observations from the hold-out year as a validation dataset
(2021). This includes measuring the median of ∆t following the same procedure previously
described for the DWD data spanning 2019–2020. Additionally, to illustrate the significance
of this optimisation process, a comprehensive analysis can be constructed, comparing the
results of optimised and random thresholds with ground truth data. This visualisation
highlights the importance of choosing the most suitable threshold, demonstrating how
optimised thresholds lead to more accurate and reliable phenology retrievals.

For a more quantitative comparison with visual comparison, we aggregated in situ
observations using the minimum bias approach proposed by [55,56], which involves
selecting the in situ observation that has the minimum absolute difference from the reported
DWD station. This method aims to minimise bias and ensure that the selected observations
closely represent the conditions reported by the DWD station, enhancing the reliability
of our analysis and visualisations. Moreover, the Empirical Cumulative Distribution
Function (ECDF) and Kolmogorov–Smirnov (K-S) test were used to evaluate the accuracy
of DOY phenophase estimations by comparing reference DOYs with DOYs predicted
with minimum bias. This approach provides a visual and quantitative assessment of the
alignment between the two distributions [57]. The ECDFs allow for visual comparison,
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while the K-S test quantitatively measures the absolute maximum difference, yielding
a p-value to indicate if the distributions differ significantly. This combined method not
only allows for a detailed comparison but also helps to identify any systematic biases or
inconsistencies in the prediction model, ensuring that the estimated DOYs are reliable and
comparable to the actual reference DOYs [58].

The second scheme aimed to enhance confidence in the results by incorporating
separate field observation BBCH data. Performance evaluation of these optimal thresholds
was carried out by calculating the Root Mean Squared Error (RMSE), determination
coefficient (R2) and Mean Absolute Error (MAE) between the detection of phenology from
the best threshold and the actual BBCH date value at each phenological stage and for
each crop.

4. Results
4.1. Sample Results of Reconstructed NDVI Temporal Profiles and Identified Phenological Cycles

To assess how well our proposed approach performs in generating accurate NDVI
time series and reliably identifying crop phenological cycles, Figure 4a illustrates both the
original and reconstructed NDVI time series derived from our suggested methodology for
three randomly sampled fields. The three samples were selected to be representative of the
crop class studied within the 662 DWD station (cf. Figure 1), namely sugar beet, corn and
winter wheat.

Figure 4. (a) Example temporal profiles of NDVI demonstrating the main stages of NDVI time series
reconstruction using UE-WS for three crop samples at station 662. (b) Additionally, an example of
identifying the phenological cycle for all crop parcels in DWD station 662 is illustrated in Figure 1.

Visual inspection of the three crops studied showed that the proposed UE-WS ap-
proach, which initially focuses on approximating the upper envelope of the NDVI time
series and smoothing remaining noise, performed well in faithfully capturing distinct
phenological seasonality from growth to dormancy for each crop and reconstructing high-
quality NDVI time series that matched uncontaminated observations and adjusted con-
taminated ones.
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Once the resulting high-quality NDVI time series from the compound approach
UE-WS was obtained, we used the experimental setup described above in Section 3.2.1
to identify the phenological cycles of all parcels within DWD station 662 (Figure 4b). In
general, the implemented approach for identifying phenological cycles proved effective in
selecting appropriate start and end dates for candidate cycles for all crops and for almost
all samples. The phenological cycles of the three crops, although different in time and date,
have some similarities. For example, they are generally characterised by the beginning of
the growing season, in which the NDVI generally rises sharply as the chlorophyll content
increases in the tillering stage. In the following, period it no longer increases and in the
ripening period, NDVI decreases as the plants dry out.

4.2. Optimisation of Phenological Phases

To determine the optimal crop-specific thresholds for each phenophase, we evaluated
the performance of various thresholds by aligning the SOS and EOS dates with ground
DWD phenological observations. This was carried out using the optimisation strategy
detailed in Section 3.2.3, aiming to identify thresholds with the lowest error in a two-step
process. Initially, it involved identifying the most suitable threshold interval, followed
by a further refinement to detect the optimal threshold. The results of the optimisation
procedure are shown in Figure 5.

Figure 5. Bar plots representing the median of absolute ∆t values across the obtained optimal NDVI
amplitude thresholds, ranging from 0 to 1 and indicated by a purple point. The pink bar represents
the start of the season (SOS) and the grey bar represents the end of the season (EOS).

In general, optimal thresholds differed significantly across crops and
phenophases, as well as depending on whether the metric for SOS or EOS was selected
(Figure 5). Our findings show that early-stage phenophases were determined using SOS
thresholds, while EOS thresholds proved to be more effective in identifying ripening and
harvest stages. Regarding the detection of the heading stage for winter wheat, it is noted
that typically, this stage is identified when the NDVI reaches its maximum value which
can be achieved using either SOS or EOS metrics, as both approaches capture high NDVI
values corresponding to the growth profile’s peak. However, our findings indicate that the
EOS metrics were particularly effective in identifying the heading stage. This distinction
highlights the complementary roles of SOS and EOS metrics in the detection of phenophases
throughout the growing season.

4.3. Validation of Phenological Estimates

The accuracy of the retrievals of phenophases using the optimal thresholds detected
was further assessed against ground observation data from a separate year to assess the
plausibility of the thresholds and the proposed approach. Figure 6 shows boxplots of the
median of ∆t between the phenophases derived from S2 using random thresholds (upper
part) and the optimal ones (bottom part) compared to in situ measurements from DWD
data in 2021 for the three crops under study. It can be observed that the phenological
phases obtained using our proposed method and optimal thresholds correlate well with the
phenophases reported by the DWD observations. This is in contrast to the results obtained
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using random or unoptimized thresholds. The interquartile range of the boxplots for
optimum thresholds generally falls within the 10-day error range. Only three phenophases
(emergence and milk ripeness of corn and harvest of sugar beet) have boxplots that extend
slightly beyond the 10-day lines, yet their medians remain within this error range.

Figure 6. Boxplots of statistical agreement metrics median of ∆t between satellite-derived
phenophases dates and in-situ DWD dates across the three major crops for a separate year (2021). The
top row of results was obtained using a fixed threshold approach, while the bottom set was derived
after optimising thresholds.

To better understand and evaluate the performance of thresholds obtained, we con-
ducted an ECDF analysis. Figure 7 presents the comparisons of the ECDF graphs in different
types of crops and phenophases, accompanied by the results of the K-S test. From the
ECDF results, it is evident that the estimated DOYs align well with the reference minimum
bias predicted DOYs, highlighting a strong agreement in the estimation approach. This
is reflected in the K-S test values, which are considerably lower for almost all types of
crops and phenophases investigated, except for the stem elongation phase of corn, which
has a slightly higher KS value of 0.54. It should be noted that the lack of spatially explicit
field locations, with only station locations available, may be the reason for influencing the
error values.

To address this, we validated the phenological estimates derived using optimal thresh-
olds against ground-truth field phenological observations. Figure 8 shows the scatterplots
of the dates of phenophases obtained from field observations with those derived from
satellite data. Each point represents a BBCH record of an agricultural field. For all crop
phenophases considered here, the scatterplots show that the data points are closely aligned
with the 1:1 line, with most falling within the ±10 days range. This distribution indicates
that the optimal thresholds perform well in estimating field-level phenophase dates. The
RMSE values are just under 10 days, specifically 9.39 days for winter wheat, 9.53 days for
corn, and 9.69 days for sugar beet. Additionally, the R-squared values are relatively high,
0.97 for winter wheat, 0.96 for corn, and 0.89 for sugar beet, reflecting a strong correlation
between predicted and actual phenophase dates.

The retained optimal thresholds were subsequently used to identify and map all
crop-phenophase fields for the three years under study. Due to space constraints, Figure 9
illustrates the spatial distribution of the estimated DOY of only three phenological stages
at the parcel level in the LS federal state.
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Figure 7. ECDF plot comparison of the reference DOYs with the aggregated minimum bias predicted
DOYs for (a) winter wheat (b) corn, and (c) sugar beet.
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Figure 8. Comparison between field-referenced phenology and satellite-predicted phenological
phases for (a) winter wheat (b) corn, and (c) sugar beet. The grey dashed lines represent the 1:1 lines,
and the two black dashed lines are the deviation of ±10 days from a perfect prediction.

Figure 9. Predicted parcel-scale crop phenophases for three crop-specific stages (Harvest for winter
wheat, Closed Stand for sugar beet, and Emergence for corn) aggregated into hex cells in the left panel.
The middle and right panels display the locations of three example parcels (Each parcel is limited by
a red outline) along with their NDVI temporal profiles. The vertical line marks the reference DOY,
while the dashed line shows the satellite DOY estimates. Red indicates harvest, green represents
closed stand, and magenta denotes emergence.
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In the various produced phenology maps either at the field level or state level, we can
observe the differences in colour, indicating that the DOY to reach each phenological stage
varies. There was less spatial variability observed for winter wheat and sugar beet with a
certain continuity on the map, suggesting that most areas and their surrounding regions ex-
perience similar phenological stages. However, more spatial variability has been observed
for corn, where this variation in space may be attributed to the difference in transplantation
dates and management practices and also to soil and drainage properties. Exemplary
temporal profiles for selected sample fields that have a BBCH observation, along with
estimated phenophases, are also presented in Figure 9. This further illustrates the temporal
effectiveness of our optimisation process in accurately identifying the correct phenophases.

5. Discussion
5.1. NDVI Time Series Reconstruction

To ensure the reliability of optical remote sensing-based studies, particularly in cloudy
and rainy regions, a basic step is to improve the data quality of NDVI time series by
introducing a further pre-processing step that reduces noise caused by poor atmospheric
conditions in the time series, and thus, key points within the growth cycle can be effectively
captured [26]. In that light, the UE-WS method used in this study involves a robust
approach to extract the upper envelope of the NDVI time series in order to remove outliers
and then uses the WS filter to smooth random noise in essence. In our experiments,
the sample results we present above clearly demonstrate the advantages of UE-WS when
evaluated on the basis of general noise reduction under a variety of conditions, as illustrated
in Figure 4a. This is not surprising, as the combination of another robust reconstruction
method based on envelope detection and the SG filter has shown to be more stable for
high temporal resolution NDVI time series reconstruction compared to conventional
methods [51], and similar findings have also been reported in another study that proposed
a two-level filtering approach for noise removal NDVI that employed the BISE and SG
filter [59]. The question can be asked as to why a new type of approach might be needed
since already existing ones have shown good performances. The answer is that it is not a
matter of the nature of the method, but the type of problem for which it was designed, for
instance, BISE and its improved method have proven effective at eliminating the influence
of low-value noise caused by clouds and shadows; however, they were originally designed
for daily and hypertemporal NDVI time series [60] and may perform poorly when there is
a long-term, gradual decrease in NDVI as the one investigated in our study while using
the S2 approach in a cloudy area such as Germany. Additionally, based on the reality that
the phenology of vegetation is consecutive and gradual, upper envelope detection in other
approaches [51] moves chronologically only forward along the time series NDVI while
eliminating low-value noise and retaining high-value NDVI as envelope nodes. While,
our approach provides the option to process the time series in both forward and backward
directions, enhancing the flexibility and accuracy of extracting the upper envelope. Finally,
the WS filter chosen to smooth the remaining speckles demonstrates high performance, as
verified for time series reconstruction and vegetation phenology extraction [33,61].

5.2. Phenological Estimates and Optimisation

In this study, we proposed a full workflow for optimising the estimations of various
crop phenophases using generated high-quality NDVI data. The process started with
robust identification of the right phenological cycle of the corresponding crop field us-
ing the approach described in Section 3.2 and illustrated samples in Figure 4b. Once the
phenological cycles have been correctly identified, the phenological metrics (EOS/SOS)
estimation becomes possible by setting a certain threshold on the time series. However,
as has been discussed above, there is no single threshold that could be applied to all crop
types, but in practice, the SOS/EOS threshold will depend on the crop type and targeted
phenophases. Although the importance of such parameterization is high, most studies
use thresholds that are mostly determined empirically, and there are surprisingly only
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a few studies that have tried to optimise the thresholds for phenology extraction [62].
Specifically, ref. [36] investigate the optimal thresholds for detecting crop phenophases by
evaluating the retrieval accuracy of the SOS and EOS using different dynamic thresholds
of VIs time series from MODIS data by steps of 5% from 0% to 35% for each of the crops.
The same range of threshold values was tested in another study by [40] but on a finer scale
using S2 phenology data. However, this approach is generally based on the estimation
of vegetation phenology without focusing on specific crops. This contrasts with a study
conducted in Germany [38] that obtained good accuracy in calibrating local NDVI thresh-
olds from 0 to 1 with a step size of 0.01, but this was performed for only three crops and
two phenostages per crop type with limited ground-truth data. Regarding all this, we
propose a new optimisation framework that combines extensive ground-truth data from
DWD phenology observation and the high-quality produced NDVI data to calibrate the
optimal thresholds using the Optuna framework in two steps from 0 to 1 for 14 phenostages
and from three crops, as discussed in Section 3.2.3 and seen in Figure 3. Once the opti-
mised thresholds have been derived, the assessment of satellite-based phenometrics using
these optimized thresholds will be applied using two sources of ground-truth-observed
phenology records: (1) a separate year of phenological DWD observations and (2) BBCH
records from several ground-truth field measurements samples. In general, we found good
agreement between satellite-based phenometrics and ground-truth observations for almost
all the crop phenophases investigated (Figures 6 and 7). Given the differences in the study
area, period, and methods used to compute crop phenophases and due to the scarcity of
studies published to optimise NDVI thresholds, a direct comparison with other studies
is not straightforward. However, some comparisons may be of value. In this context, our
optimised thresholds seem to be consistent with some previous studies. The authors of [35]
compare the phenology from the radar cross-polarization ratio VH/VV and from S2 NDVI
with ground-truth phenological observations from DWD using three LSP metrics: peak
season occurring when the function reaches 90% of the green-up amplitude (PS90), SOS
extracted using the 50% thresholds (SOS50), and EOS extracted using the 50% thresholds
(EOS50). Although the main objective of the study was not to compare several thresholds,
it was found that in most cases, SOS50 was correctly associated with the early stages of
BBCH (shooting, leaf development, and stem elongation). Except for wheat, where PS90
yields good results in predicting the BBCH stage (35, shooting), this would be close to the
threshold we found with the optimisation in Figure 5 (90%). The study also found that
the late secondary stages of the ripening stage for winter wheat and the harvest stage for
corn were the closest stages to the EOS50 timing. This is in agreement with our findings,
where our optimised thresholds vary around 50%. Ref. [38] also reported similar findings
regarding, for instance, the green-up of (emergence) and the senescence phase (yellow
ripeness) for winter wheat where the optimal thresholds found in this study that scored the
lowest RMSE value are 0.1 and 0.41, respectively, which are close to the ones found in our
study. However, this consistency was not the case for the emergence phase for sugar beet,
in which [38] reported different findings. We believe that this slight difference could mainly
depend on the nature of the sensor used, since we used a different sensor, and could also
be based on the application of the step of identification of the cycle, which limits the cycle
to a certain temporal domain; thus, the dynamic threshold approach that starts from the
first day to the peak of the time series is different.

Also, another point to be noted is that the field-level crop-specific phenophase date
maps generated, as shown in Figure 9, have the potential to significantly improve fine-scale
agricultural research that was previously not applicable. These maps can enable a more
precise timing of agricultural management measures, such as irrigation, fertilisation, and
pest control, which are closely linked to specific phenophases, thus guiding agricultural
production and strengthening food security [39]. Furthermore, by providing accurate field-
level phenophase date maps and high-quality NDVI time series, this approach facilitates
the classification of crop types, crop yield monitoring, and analysis of cropping system
evolution to better support agricultural information management and food security [63,64].
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5.3. Limitations and Way Forward

This study detected the phenophases of the crops using an optimised, robust, and
unified approach. However, it still has some inherent limitations related to the data
and methods, which are discussed in the following sections and could be attributed to
several factors. First, the study covers only selected phenophases because the DWD only
observed individual phenophases of the respective crops, rather than the entire growth
cycle. In addition, biased or incorrectly reported information from DWD could lead to
inaccuracies in representing the correct phenophases. This issue is common in volunteered
geoinformation data, which, despite being a good source of free and abundant data, can be
influenced by biases caused by volunteer observers, such as a lack of field identification
skills and geographic bias [65]. Specifically, ref. [66] found that 21% of the reported
DWD phenological observations in Germany between 1959 and 2009 were questionable,
with issues such as observations assigned to the wrong season or different phenological
stages recorded on the same date for the same site and year. Therefore, adopting a new
data filtering procedure could lead to filtering out these questionable observations and
to increasing the accuracy of phenological observations [46,67]. Another consideration
is that, according to the DWD instructions, each observation associated with a DWD
station is considered representative of the crops within a maximum distance of 5 km
from that location. However, some studies, such as [68], argue that the observations are
based on at most four fields in the best cases. This means that the entry dates of the
selected phenological stations could differ significantly when considering multiple fields
for comparison, potentially worsening the results. Second, another limitation of the present
study worth highlighting is the accuracy of parcel geometries of the crop types derived
from IACS data, which is generally considered an excellent reference source. However, it
can still contain errors due to inaccuracies in digitisation or false claims, and some farmers
might not apply for subsidies [69]. Consequently, some outlier profiles might be attributed
to a different type of crop, leading to incorrect detection of phenological estimations [54].

Building on the identified limitations, several key areas for future work and the way
forward are crucial to advancing our approach and improving its performance: First, the
UE-WS NDVI approach proposed in this study has already shown high performance in
reducing noise and reconstructing high-quality NDVI profiles for phenological analysis.
However, this NDVI time series might still be challenging for phenology detection if clouds
persist over a field for an extended period or the frequency density of satellites is very low.
This situation provides an excellent opportunity for spatiotemporal fusion to provide more
informative data and support the current phenological analysis when temporally sparse
Sentinel-2 observations occur[70] as well as the possibility to reconstruct and predict NDVI
of cloud-contaminated images by establishing a relationship between SAR and optical
images [71]. Second, although NDVI has been effective in estimating various crop-specific
phenophases, there is a need to explore alternative vegetation indices that could address
NDVI’s limitations, such as saturation. These alternative indices might offer more precise
phenological information [40]. Third, while the study demonstrated strong regional and
annual transferability of the thresholds obtained for most crops and phenophases within the
available ground truth field measurements, limitations in reference data availability across
different years and areas remain a bottleneck to performing a comprehensive assessment
of this transferability, aiming to achieve high-precision estimates at the crop parcel level
across Germany. Future research should focus on evaluating the performance of these
thresholds in additional regions and years within the country. Additionally, more efforts
are needed to collect more crop phenology data for robust validation and evaluation. This
will support our approach of producing more integrated and comprehensive validation
results and enhance our study’s performance, applicability, and transferability.

6. Conclusions

Although many approaches have been proposed to retrospectively capture and map
phenological phases, the calibration and optimisation of these phenophases that are spe-
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cific to certain crop types and re-establishing their definition to be linked with specific
agronomic stages of interest have rarely been addressed. This is mostly because it remains
challenging to implement an optimised, robust, and unified approach to detect crop-specific
phenophases on a regional scale from an optical remote sensing perspective in cloudy and
rainy areas. In this context. reducing noise and reconstructing high-quality NDVI profiles
for further time series analysis is a promising and effective approach to more reliably pre-
dict accurate crop phenophases. Using ARD Sentinel-2 time series as the core of this study,
we proposed a compound approach based on envelope detection and a smoothing filter to
robustly produce high-quality NDVI data and identify individual valid vegetation cycles
before the phenological retrieval. The results revealed that the new method is effective for
reconstructing high-quality NDVI data to represent consistent phenological profiles of the
different crops studied. Moreover, these high-quality NDVI time series data, along with
extensive field information from collected in situ data and DWD phenology observations,
were used together to calibrate and optimise the thresholds for extracting crop-specific land
surface phenology. Our optimised thresholds provided enhanced capability in accurately
estimating phenophases and achieved satisfactory accuracy that links more directly to in
situ phenological observations. Moreover, the thresholds were used to predict field pheno-
logical information and thus illustrate more detailed spatial and temporal information. This
study provides an advanced cloud platform-based phenology study case under different
scenarios at landscape levels and provides technical support and application demonstration
for field-level research, such as simulations of crop growth models and the analysis of the
underlying reason for yield gaps at the field level.
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