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Abstract: Phenological metrics extracted from satellite data (phenometrics) have been increasingly
used to access timely, spatially explicit information on crop phenology, but have rarely been calibrated
and validated with field observations. In this study, we developed a calibration procedure to make
phenometrics more comparable to ground-based phenological stages by optimising the settings of
Best Index Slope Extraction (BISE) and smoothing algorithms together with thresholds. We used a
six-year daily Moderate Resolution Imaging Spectrometer (MODIS) Normalized Difference Vegetation
Index (NDVI) time series and 211 ground-observation records from four major crop species (winter
wheat/barley, oilseed rape, and sugar beet) in central Germany. Results showed the superiority
of the Savitzky–Golay algorithm in combination with BISE. The satellite-derived senescence dates
matched ripeness stages of winter crops and the dates with maximum NDVI were closely related
to the field-observed heading stage of winter cereals. We showed that the emergence of winter
crops corresponded to the dates extracted with a threshold of 0.1, which translated into 8.89 days of
root-mean-square error (RMSE) improvement compared to the standard threshold of 0.5. The method
with optimised settings and thresholds can be easily transferred and applied to areas with similar
growing conditions. Altogether, the results improve our understanding of how satellite-derived
phenometrics can explain in situ phenological observations.

Keywords: crop; phenology; moderate resolution imaging spectrometer (MODIS); normalized
difference vegetation index (NDVI); phenological metrics; field observations

1. Introduction

Crop phenology is characterised by a set of growth stages, such as emergence, flowering, and fruit
ripening. These phenological events contain essential information for the adjustment of agronomic
practices (fertilisation, irrigation, and crop protection). Such information on crop phenology is also one
of the key requirements for sustainable farming [1] and can improve crop productivity estimations,
e.g., as base layers for agricultural monitoring services (such as the crop calendar of the Crop Monitor
within the Group on Earth Observations Global Agricultural Monitoring Initiative). Thus, accurate,
spatially distributed information on crop phenology on large scales is crucial for meeting the globally
increasing demand for food and water resources [2].

Remote sensing, particularly the use of optical satellite imagery, has become an emerging tool
for monitoring phenological events of crops at regional to national scales [3–5]. Sensors, such as
the Advanced Very High Resolution Radiometer (AVHRR) and the Moderate Resolution Imaging
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Spectrometer (MODIS), provide daily vegetation index (VI) observations for evaluating phenological
characteristics, among others in agricultural areas [6,7]. VIs are indicators of the abundance of different
leaf components (pigments, water, nitrogen etc.) that are responsible for the absorption of radiation [8].
Therefore, changes in canopy biophysical properties are reflected in VI evolution over the growing
season of crops [7]. The increase and decrease of VI during crop growth and senescent periods are
mainly due to changes of leaf area index, the relationship between chlorophyll and other pigments
together with water content [9]. For cereals, VIs usually reach their maximum at the late booting to
the beginning of heading stage after the last leaf (e.g., flag leaf) is fully unfolded [10–12]. During this
period of time, the development of all shoots (main stem and tillers) on the same plant also gradually
synchronises [13].

As VI time series are usually affected by noise caused by clouds, atmospheric constituents and
varying viewing geometries of the sensor, several compositing algorithms have been developed for
noise reduction. The maximum value composite (MVC) method is widely used to minimize negatively
biased noise by selecting the highest VI value to represent a certain period (8–16 days) [14]. However,
the use of MVC methods can result in unnecessary loss of data when there are several noise-free VI
values within one compositing period. The Best Index Slope Extraction (BISE) algorithm [15] has
advantages over MVC as it potentially retains more observations which contain true vegetation signals.
BISE could also eliminate data transmission errors which cause abnormally high VI values. The
performance of this method can be optimised by varying a so-called sliding period. The sliding period
defines a time window within which changes in VI time series, i.e., phenological variability, should be
accepted. This time window also determines how many true VI measurements (i.e., not hampered by
clouds) can be expected. Despite of its importance, we did not find a systematic assessment on the
sensitivity of sliding periods for crop phenology monitoring in the literature.

Many different smoothing and model fitting methods have been applied on composited products
to construct high-quality VI time series [16–18]. Each method has its own advantages as well as
limitations. In contrast to model fitting, filtering algorithms tend to require fewer parameters and
can better preserve irregular intra-seasonal VI curves, which are typically observed in agricultural
fields with more than one growing season in a year [19]. More recently, Zhao et al. [20] compared
double logistic functions [21] and the Savitzky–Golay filter (SG) [17] to detect phenological stages
(phenostages) of summer crops in the United States. Nevertheless, to our knowledge, comprehensive
comparisons of smoothing methods for crop phenology mapping over agricultural areas and multiple
years, i.e., including crop rotations, have not been published yet.

Calibration and validation of satellite-derived crop phenology, i.e., investigations of deviations
between phenometrics and field-observed phenostages, are not straightforward and are rarely
addressed. This situation is in large part due to a lack of dense and evenly distributed in situ data,
and the difficulties of matching ground observations to the satellite-derived phenological metrics
(phenometrics). Typically, thresholds, such as the half maximum or maximum slope, have been used
to retrieve general vegetation seasonal metrics [7,21]. However, some of these metrics, for example for
the onset of greening and senescence, are unable to represent specific agronomic stages. Some limited
their studies to only one stage of one crop due to lack of available data [22–24]. Only a few studies have
detected specific agronomic stages from satellite-derived time-series data [10,25,26]. Although high
estimation accuracies were achieved, their two-step filtering model was more suitable for areas where
deviations of phenostages were relatively small between different years and different test sites. Besides,
the settings of the models needed to be re-adjusted for other study areas and for different crops (maize
and soybean). Therefore, it is necessary to have a more general and transferrable approach to define
crop phenometrics associated with the specific agronomic stages.

In Germany, crop rotation is dominated by winter cereals, oilseed rape, sugar beet, maize and
potato, which results in unevenly distributed growing seasons. Phenological data of these species
recorded by the German Meteorological Service (DWD) have been applied to investigate crop–weather
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relationships and model-based crop phenology [27], but have not yet been used for validation of
satellite-derived phenometrics. Thus, the goal of this study is:

(1). to systematically optimise the derivation of phenometrics from MODIS Normalized Difference
Vegetation Index (NDVI) time series in terms of the BISE sliding period, smoothing algorithms
and thresholds for four major crops (winter wheat, winter barley, oilseed rape, and sugar beet) in
central Germany;

(2). to calibrate and validate satellite-derived phenometrics with field-observed phenostages of
different crop types (e.g., emergence, heading, and yellow ripeness for winter cereals; emergence
and full ripeness for oilseed rape; emergence for sugar beet).

2. Materials and Methods

2.1. Study Area

The study site is located in Saxony-Anhalt, central Germany (Figure 1). Mean air temperature is
9.44 ◦C and annual precipitation is 600.38 mm (data from DWD for the years 2010–2013). Crop fields
with average size of around 9 ha cover almost 56% of the total 1225 km2. Mean ground elevation
of most agricultural areas is around 200 m, except for around 15% of the fields which are located in
the Harz Mountains. Major crops were winter wheat (49.2%), winter oilseed rape (12.4%), winter
barley (10.1%), sugar beet (3.9%), and silage maize (3.8%) (average percentages of total crop area for
2010–2014). In general, the sowing dates of the summer crops ranged from early April to mid-May,
depending on weather and soil moisture conditions. The winter crops were normally planted between
late August and late October and emerged before winter.
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Figure 1. Overview of the study area in central Germany. The green box in the auxiliary map indicates
Moderate Resolution Imaging Spectrometer (MODIS) data coverage in our study. The large green
area in the satellite image is part of the Harz Mountains. Yellow labels represent the names of towns
including those where German Meteorological Service (DWD) stations are located. Satellite imagery
was available as basemap in Esri’s World Imagery map.

2.2. MODIS Data

We used the MODIS Aqua daily data (MYD09GQ L2G, Collection 5) at a 250-m spatial resolution
from 2009 to 2015. It offers the atmospherically corrected surface reflectance data for the red band (RED;
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620–670 nm) and the near infrared band (NIR; 841–876 nm), which were used to derive NDVI [28] as
given in the following equation:

NDVI = (NIR − RED)/(NIR + RED). (1)

MODIS Terra data was not selected for this study, because Aqua NDVI values were shown to
have relatively high correlations with in situ NDVI and smaller bidirectional reflectance distribution
function effects [29].

The MODIS Aqua daily 500-m snow product (MYD10A1, Collection 5) was used to build masks for
filtering snow and cloud contamination from Aqua NDVI data. This product contains a binary-coded
snow cover map, cloud state and quality assessment information. The dataset was first resampled to
250 m and then the corresponding snow and cloud state were used only for pixels assessed to be of
“good quality” [30].

2.3. Field Phenology Data and Ancillary Data

Ground truth data was obtained from five DWD stations shown in Figure 1. The phenostages
of major crops which were used to evaluate phenometrics are listed in Table 1. DWD records were
collected by a network of voluntary observers within a radius of 1.5–2 km (maximum 5 km) of the
stations [31]. According to the guidelines for observers, crops are observed from sowing to harvest in
one and the same plot/field which must not differ more than 50 m in altitude from the mean altitude
of the observation station. A phase is considered to have begun when approximately 50% of the plants
in the field under observation have reached the corresponding stage of development. After removal
of obviously questionable records (e.g., observations assigned to the wrong season or those where
different phenostages co-occurred on the same date for the same site and year), the number of records
for each crop species and phenostage varied every year.

Table 1. Targeted phenostages of different major crops in this study based on DWD and Biologische
Bundesanstalt für Land- und Forstwirtschaft, Bundessortenamt und CHemische Industrie (BBCH)
scale [32].

Crop DWD Stage ID DWD Stage BBCH Stage Description

Winter
wheat/barley

12 emergence 10
The first leaf emerges from the
coleoptile and the rows of plants are
already visible

18 heading 51 Tip of inflorescence emerged from
sheath, first spikelet just visible

21 yellow
ripeness −87 1

The first grains have finished
changing their colour from green to
yellow and can be removed easily
from the ear. The individual grains
can be broken over the thumbnail,
and the contents of the grains are
plastic to hard.

Oilseed rape
12 emergence 10

The plants have broken through the
surface of the soil and have reached
a height of approximately 1 cm

22 full ripeness −87 1 Most of the rape grains are black on
one side

Sugar beet 12 emergence 10 First leaf visible: cotyledons
horizontally unfolded

1 Agreement to a large extent; phase can occur slightly earlier than corresponding BBCH micro stage.

In 2014 and 2015, we additionally recorded Biologische Bundesanstalt für Land- und
Forstwirtschaft, Bundessortenamt und CHemische Industrie (BBCH) stages for four species (winter
wheat, winter barley, oilseed rape, and sugar beet) from Aschersleben to Harzgerode every week
(Figures 1 and 2). In total, we monitored 41 fields, of which 35 fields were in the relatively flat
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region (elevation around 200 m) and 6 fields were in the mountain region (elevation around 400 m).
One BBCH code was assigned according to the growth stage for the majority of plant species within
each field. Afterwards, these phenological records from our own field measurements (hereafter referred
to as UFZ data) were transformed to DWD phenology standard (Ekko Bruns, personal communication,
July 2014).

Crop maps covering the entire study area were available from 2010 to 2014 (Detlef John, personal
communication, 2015). These maps contained information on field boundaries and crop types.
We identified approximately 500 fields within which there was at least one homogeneous MODIS pixel
and one of four targeted crops was grown. The average size of these identified fields was 48.6 ha,
with a minimum of 13.3 ha. In total, we extracted about 1500 homogeneous MODIS pixels for each
year. These crop maps were also used to locate fields with certain crops around DWD phenological
stations. We selected fields with homogeneous MODIS pixels within a 3-km radius of corresponding
stations for each crop for further analysis (calibration and validation).
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Figure 2. BBCH stages for four crop species from our own field measurements (hereafter referred to as
UFZ data) in 2015.

2.4. Phenometrics Extraction

2.4.1. NDVI Time-Series Construction

We used the adapted BISE algorithm to remove remaining undesired data noise from MODIS
NDVI time series on a pixel-by-pixel basis, using the ‘phenex’ R package [33]. This algorithm searches
from the first date of the NDVI time-series forward and accepts a NDVI increase if the rate-of-change
is smaller than a threshold called growth factor. A NDVI decrease will only be accepted if there is
no NDVI observation in a pre-defined period of time, called sliding period, which has a value larger
than 20% of the difference between the first low value and the previous high value. In this study, we
set the growth factor to 0.1 so that the maximal NDVI increase per day was limited to 10%. NDVI
time-series will retain too much noise if an excessively short sliding period is chosen and be too smooth
to record important changes when an excessively long sliding period is used. Therefore, to reconstruct
high-quality NDVI time series, the sliding period needs to be correctly estimated. Another parameter
of BISE called cycle value determines whether the end of the NDVI time series is combined with
its beginning or not, in order to correctly select NDVI values on the edge of the original NDVI time
series. In an agricultural context, however, crop rotation is mostly the decision of individual farmers.
Therefore, more original NDVI values were stacked before and after one full phenological cycle for each
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pixel. Taking into account the complexity of winter and summer crops growing in this region, 3-year
NDVI profiles were built (Figure 3). NDVI values of less than 0.1 were identified as soil background
and removed before applying BISE. Afterwards, four different smoothly interpolating methods were
applied to MODIS NDVI values selected by BISE: fast Fourier transform (FFT), SG [17,34], linear and
spline interpolation.Remote Sens. 2017, 9, 254  6 of 16 
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Figure 3. Example of a MODIS Normalized Difference Vegetation Index (NDVI) time-series for winter
wheat. MODIS NDVI values of less than 0.1 were removed after applying snow and cloud mask.
Only selected NDVI values by Best Index Slope Extraction (BISE; red dots with crosses) were used to
construct 3-year NDVI profile for phenometrics extraction. The blue curve is an example of using the
Savitzky–Golay filter (SG) algorithm for smooth interpolation.

2.4.2. Calibration and Validation of the Phenometrics

In order to extract accurate phenostages comparable to field observations, three questions needed
to be answered. Firstly, as BISE is very sensitive to the length of the sliding period, what would be a
suitable sliding period for MODIS? Secondly, which is the best smoothing method combined with BISE
for phenometrics extraction in our study area? Thirdly, which magnitude of local thresholds for crops
should be used to identify certain phenostages? The local threshold is defined such that a phenostage
is reached when smoothed NDVI reaches a certain proportion between minimum and maximum
of a part of the smoothed NDVI curve. Before calculating phenometrics for the entire study area,
we optimised the sliding period and thresholds, and determined the best smoothing method among
all four using DWD and UFZ data in the years 2010–2012 and 2014 (Figure 4). In this way, we could
rather evenly distribute DWD and UFZ data into calibration and validation. For each smoothing
algorithm, the sliding period was iterated from 15 to 35 days, together with the local thresholds from
0 to1 with a step size of 0.01. Specifically, for SG, the iteration process was conducted by iterating
possible combinations of two parameters: (1) degree of polynomial fitting (d) in the range of 2–4;
and (2) middle width of moving window (m) between 4 and 7. As for FFT, we limited the smoothing
intensity of FFT from 1 to 3.
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Figure 4. Processing chain (RMSE: root mean square error).

In addition, we set constraints for a smoothed NDVI time series according to the crop calendar
as follows:

1. smoothed maximal NDVI cannot occur within 60 days of start and end of one calendar year;
2. the green-up of sugar beet cannot occur after Julian date 195 of one calendar year (around

mid-July);
3. senescence cannot occur before Julian date 135 of one calendar year (around mid-May);
4. for the green-up of winter crops, smoothed minimum NDVI should be searched only from

Julian date 220 to 280 (mid-July to early October), and smoothed maximum NDVI cannot occur
in December.

Due to noisy satellite data during the winter season, we used DWD sowing dates (2010–2015) of
winter crops to define the fourth constraint. Throughout the NDVI time-series, we defined the green-up
as the beginning of emergence for all targeted crops, the Julian date with smoothed maximal NDVI as
the beginning of heading and the senescence as the beginning of yellow ripeness for cereals and as
the beginning of full ripeness for oilseed rape. Fields with homogeneous MODIS pixels closest to the
DWD stations were chosen to compare with field data in the calibration procedure. If there were two
or more pixels within a selected field, then the median value was used. In total, 150 phenostage data
from 74 fields (29 fields for winter wheat, 13 for winter barley, 23 for oilseed rape, and 9 for sugar beet)
were included in this calibration. The validation dataset comprised 61 phenostage data from 30 fields
(17 fields for winter wheat, 4 for winter barley, 5 for oilseed rape, and 4 for sugar beet) in 2013 and 2015.
The root-mean-square error (RMSE) for all targeted phenostages was calculated between field data
and MODIS-derived phenostages. For each smoothing method, settings including local thresholds
and the sliding period were optimised on the calibration dataset. At the end, the method with lowest
RMSE of the validation was chosen for calculating phenometrics across the whole study area.
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3. Results

3.1. Method Comparison and Parameter Calibration

Based on RMSE of the calibration using 4-year field data, the SG filter performed best followed by
the FFT and linear interpolation (Table 2). The optimised sliding periods of these methods were all
within 3–4 weeks, and local thresholds for each phenometrics were also within very narrow ranges.
The threshold values for green-up of winter crops were between 0.1 and 0.17, and those of sugar beet
were between 0.26 and 0.3. With the (d,m) combination of (2,5), respectively, for SG, we also found
that the sliding periods in the range of 20–35 scored the highest RMSE values (12.76–14.35 days) for
calibration. Since the RMSE of the validation using SG was the smallest compared to the other three
methods, SG with the optimised settings and thresholds in Table 2 were then used for phenometrics
calculation of the entire study area.

Table 2. Calibrated sliding period and thresholds for four methods with field data in 2010, 2011, 2012
and 2014. RMSE in days was calculated with all phenostages of all four crops. d and m represent
the degree of polynomial fitting and the middle width of the moving window, respectively. s is the
smoothing intensity of fast Fourier transform (FFT).

Method
Method
Settings

Sliding
Period (Days) Phenometrics

Local Threshold RMSE

Winter Crops Sugar Beet (Days)

SG d = 2; m = 5 21
green-up 0.10 0.29 12.76

senescence 0.41

Linear 23
green-up 0.17 0.30 13.76

senescence 0.5

FFT s = 1 28
green-up 0.12 0.26 13.96

senescence 0.48

Spline 31 15.91

3.2. Calibration Results Using the Savitzky-Golay Filter

In general, the senescence and heading of winter cereals achieved higher calibration accuracy
than the green-up stage (Table 3). Compared to 4-year field data, the smallest RMSE (3.8 days) was
found in the senescence dates of winter barley. RMSE values of winter wheat reached around 9 days
for the senescence and heading. In contrast to winter cereals, the green-up and senescence of oilseed
rape had a lower accuracy (RMSE of around 14 days). RMSE values of the green-up of winter and
summer crops ranged from two to three weeks.

Table 3. RMSE in days between the green-up, heading, and senescence dates calculated using
homogeneous MODIS pixels and field data (DWD and UFZ) for different crops. The corresponding
number of field observations for calibration is given in brackets.

RMSE (Days) Year Green-Up Heading Senescence

Winter wheat 2010–2012, 2014 17.61 (14) 8.52 (25) 9.43 (29)
Winter barley 2010–2012, 2014 15.67 (10) 10.38 (13) 3.80 (13)
Oilseed rape 2010–2012, 2014 13.20 (17) 15.24 (20)
Sugar beet 2010–2012, 2014 21.19 (9)

Differences of phenometrics between fields with at least one homogeneous MODIS pixel within
3 km around a DWD station varied by crop species and phenostages (Figure 5a–d). As sugar beet
and winter barley were not as widely grown in this area as the other two crops, most of the boxes
in Figure 5b,c represent only two field samples including the closest fields. However, the variances
between fields of winter barley were smaller than those of sugar beet, except for one case of heading
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(Figure 5b). This estimated heading date from the closest field was one-month under-estimated, which
was mainly caused by a large disagreement between BISE-selected high NDVI and SG smoothed
values. As for the ripeness stage of winter wheat and oilseed rape, there were outliers and the standard
deviations of some cases reached almost four weeks. We also noticed that two ground-observed
heading records of winter wheat from the same DWD station (Meisdorf) in 2011 and 2012 had
differences of 23 and 28 days from the satellite-derived dates. Additionally, other satellite-derived
heading dates of fields near Meisdorf station also significantly deviated from these two field records.
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More than half of the satellite-derived estimates were within ±7-day deviation compared to the
UFZ data. A tendency towards underestimation of phenological dates was clear (Figure 5e,f).

3.3. Validation Results Using the Savitzky–Golay Filter

The comparisons between MODIS phenometrics and field data in 2013 and 2015 yielded more
diverse RMSE than the four-year calibration results (Table 4). There was a very good agreement
between satellite-derived green-up dates and field observations for winter barley (RMSE = 6.17 days)
and for oilseed rape (RMSE = 5.1 days), but these results were based on only two validation samples.
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Almost all MODIS senescence dates of winter-crop fields were evidently earlier than UFZ observations
(Figure 6a,b). For these fields, the local minimum NDVI values close to harvest were not selected by
BISE, because NDVI values continued increasing in a short period of time. Satellite-derived heading
dates of winter barley were also earlier than in our UFZ data, but those of winter wheat showed no
clear pattern of under- or over-estimation. The green-up of sugar beet showed a RMSE of two weeks
with a limited sample size.

Table 4. RMSE in days between senescence, heading and green-up dates calculated using homogeneous
MODIS pixels and field data (DWD and UFZ) for different crops in 2013 and 2015. The corresponding
number of field observations for validation is given in brackets.

RMSE (Days) Year Green-Up Heading Senescence

Winter wheat 2013, 2015 20.37 (6) 10.48 (17) 13.59 (17)
Winter barley 2013, 2015 6.17 (2) 6.84 (4) 9.53 (4)
Oilseed rape 2013, 2015 5.10 (2) 9.06 (5)
Sugar beet 2013, 2015 14.17 (4)
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stations. Each box represents phenostages of all fields which were within 3 km around one DWD station.

Similar to the calibration results, extracted phenological dates of closest fields did not always have
the best agreement with DWD data (Figure 6c,d). Generally, near each DWD station with available
phenological data in 2013, the variance of phenometrics was relatively small and there were also no
extremely large outliers.

3.4. Phenometrics at Regional Scale

Phenological dates of major crops were calculated using median values of homogeneous MODIS
pixels within all fields in our study area and are presented in Figure 7a. The double-peak features
on the top of each density curve were mainly the results of inter-annual variation. In 2010 and 2013,



Remote Sens. 2017, 9, 254 11 of 16

satellite-derived heading and senescence dates were significantly later than those in other years.
The density plots in Figure 7b,c enable the comparison between one earlier year (2010) and one later
year (2012). Although outliers were noticeable especially from senescence stages, only 5.2% of the
extracted senescence dates were later than 230 Julian day.

Heading and ripeness stages of winter barley were found to occur earlier than the other two
winter crops (Figure 7a). The averages of all field observations (DWD and UFZ) for heading and
ripeness of winter barley were 133.3 and 175.9 Julian day, respectively. For winter wheat and oilseed
rape those averages amounted to 145.8 and 195.2 Julian day. Moreover, the average emergence dates
based on all field data were 247.5, 271.3 and 283.8 Julian day for oilseed rape, winter barley and winter
wheat, respectively. Overall, phenometrics at the regional scale matched the crop calendar and the
regional in situ observations.
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The green-up dates of all four major crops within fields with homogeneous MODIS pixels in
this region showed the largest mean standard deviation of 12.5 days, followed by the senescence
dates (mean standard deviation 7.1 days). The smallest variance occurred in heading of winter cereals
(average standard deviation: 5 days). The within-field variability was to some extent affected by the
uncertainty of phenometrics calculation, especially for the green-up, which showed relatively high
RMSE values on the whole.

4. Discussion

4.1. Noise Reduction of NDVI Time Series

The BISE algorithm was used to construct MODIS NDVI curves from daily remote sensing data
for agricultural applications [35,36]. The algorithm with adjusted sliding period minimised the risk of
selecting noisy NDVI data, and retained more valuable observations at the same time. We found that
the calibration results were not very sensitive to the sliding period (∆RMSE = 1.56 days for sliding
periods in the range of 20–35 days), which reduces the complexity of BISE for similar applications.
Nevertheless, we suggest that the algorithm needs to be re-adjusted/calibrated for areas with relatively
extreme climate conditions, such as tropical regions. Although snow/cloud masks were applied and
bare soil background (NDVI < 0.1) was removed, many noisy NDVI values remained in the winter
season. In some cases, these values were selected by BISE because of limited noiseless data within one
sliding period. This resulted in deep depressions in the NDVI curve which in turn affected the derived
phenometrics (decreased regional minimum NDVI values).

Among the four algorithms tested, SG performed best when evaluated on the basis of RMSE
between MODIS-estimated and ground-based phenostages. SG has the ability to smooth unevenly
spaced BISE-corrected time-series [12] and the second-order polynomials preserved the subtle
information related to crop phenology. Besides, SG indicated its ability to compensate situations
when inter-annual vegetation variations are complicated, e.g., when a winter crop is followed by a
summer crop. However, the method still introduces some bias for the part of the data that has large
gaps, particularly in winter. Model fitting should be tested in the future when only one species or one
phenostage is studied.

4.2. Validation with Ground Observations

The comparison of satellite-based phenometrics with more than 200 ground observations was
conducted for four different crops over 6 years. Each observation was made when about 50% of the
plants in the observed field had reached the corresponding stage. Such representative data obtained
according to this criterion can be used for comparison with homogeneous 250-m MODIS pixels. Mixed
pixel situations which may blur the accuracy of the analysis could be avoided by the inclusion of crop
maps. However, some uncertainty in the field data could not be eliminated. For instance, the exact
locations of the observed fields near each DWD station were undocumented. With the support of the
crop map, however, we could at least assure that the field actually recorded by the DWD observer was
included. Moreover, intra-field heterogeneity of crop growth likely introduced additional uncertainty.
The phenometrics standard deviation of fields which contained at least one homogeneous MODIS
pixel within a 3-km radius of each DWD station varied 1–4 weeks, mainly influenced by the differences
of agricultural management. It is also very difficult to assess and determine one DWD/BBCH stage for
large fields > 10 ha as it occurred in the study region, especially during the senescence, when observed
data could be very subjective and representative for a small part of the observation site only. More
detailed within-field sampling of phenology would require many experienced observers.

Although UFZ records were adjusted according to the DWD standard (around 2 days), there
might still be remaining uncertainty, assuming that the correct BBCH codes were recorded by our team
on a weekly basis. From Figure 2, it is clear that the rate of phenological development within different
phases of different crops varied distinctly. In future studies, we suggest that the observers should be
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aware of the general crop calendar of the region and then adjust the sampling-time interval according
to targeted phenostages of the species.

4.3. Phenometrics Extraction

The performance of the four optimised local thresholds varied between species and growth
stages. Several constraints were applied on the smoothed NDVI time series to reduce outliers of
phenometrics. A similar strategy was used in other studies on phenology monitoring for different
crops [20,24]. The senescence dates calculated with a local threshold of 0.41 had a very close link to
the DWD ripeness stage (RMSE within 1–2 weeks). During crop ripening, the weather is usually in
favourable conditions. The decline of NDVI values was also very pronounced, which explained why
the ripeness stage of winter crops was not very sensitive to slight adjustments of the local threshold
(increase or decrease of the local threshold by 0.01–0.02). Furthermore, the thresholds of senescence
stage optimised using different algorithms (SG, FFT, linear interpolation) were found in a very narrow
range (Table 2). This was also observed from other stages, which was probably related to leaf area
index and leaf angle.

Although the estimation of emergence stage of winter and summer crops was challenging,
our phenometrics differed significantly from the general onset of greening using low thresholds of
less than 0.3. For winter crops, such large differences in the threshold (compared to standard local
threshold of 0.5) led to improvement of the emergence stage by 8.89 days. Even though other studies
have also used similar thresholds for estimating the emergence stage of crops in VI curves [25,26,37],
our analysis was based on the knowledge of field boundaries and the corresponding crop types.
The relatively high RMSE had two main causes. Firstly, it was strongly affected by poor quality of
satellite data (low viewing angle, heavy cloud, snow effect, etc.) at the beginning and the end of the
year. Secondly, with suitable temperature and rainfall in August and September, new leaves grew
from some of the grains which remained in the soil after harvest. This resulted in a strong green
signal, which can shift the predicted green-up dates of winter crops of the following year towards
earlier values and also, to some extent, influence the satellite-derived senescence dates (Figure 7a).
Zhao et al. [20] speculated that the low accuracy of green-up estimation was probably also due to the
soil background. An accurate estimation for winter wheat emergence (RMSE = 3.2 days) was obtained
using geostationary satellite data (1-km spatial resolution) in northern India [22]. However, this result
was extracted with semi-homogeneous validation pixels of which only less than 15% had more than
90% wheat fraction.

The date with maximum NDVI compared to field heading stage of winter cereals had a RMSE of
around one week, without any consistent pattern of temporal offsets, except for winter wheat in 2015.
Because (late) booting stage is slightly earlier (around 5 days) than the beginning of heading (BBCH
51/DWD 18), the relationship between dates corresponding to the maximum NDVI and heading stage
should be further investigated. Wang et al. [38] found that earlier onset of heading was estimated
using NDVI rather than EVI2 (Two-band Enhanced Vegetation Index) [39] for rice, thus our results
could be improved by using alternative VIs, e.g., the Wide Dynamic Range Vegetation Index [40] and
EVI2, to reduce NDVI saturation effects and improve heading stage estimation. Two DWD wheat
heading records in 2011 and 2012 deviated considerably from MODIS-derived dates of fields near
the Meisdorf station, which is very unusual in contrast to the phenological records in other years.
Despite prior checking, a filtering procedure such as proposed by Siebert and Ewert [27] is suggested
for future work.

5. Conclusions

In this study, we extracted MODIS phenometrics of major crops in central Germany from 2010
to 2015. For the first time, extensive field-observed data over six cropping seasons was used to
calibrate and validate phenometrics of winter wheat, winter barley, oilseed rape, and sugar beet.
Such a considerable amount of ground-truth data enabled us to investigate the relationship between
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satellite-derived and field-observed phenostages reliably. As phenometrics were more sensitive to
different settings of the smoothing algorithms and thresholds than the sliding period, our results
proved that BISE can be easily applied for phenology monitoring over large areas with similar
climate conditions.

Comparatively low RMSE values for four crops suggest that BISE in combination with SG
can be beneficial for monitoring different phenostages, especially winter crops. Our satellite-derived
phenometrics, which represent specific agronomic stages, can assist yield estimation, crop management
and crop identification over large areas. The optimised thresholds of winter crops were independent of
our targeted species. The date calculated using a local threshold of 0.41 during the senescence period
was closely related to the ripeness stage, with RMSE from 3.8 to 15.24 days. The estimated heading
stage using maximum NDVI had an RMSE of 6.84–10.48 days compared to field data. With the local
threshold of 0.1, the green-up stage of winter crops was improved by more than one week. Future
research should focus on an improved assessment by prior checking of the field data. In addition,
maize can also be investigated in the future to increase the applicability of this method.

MODIS-derived phenometrics showed various intra- and inter-field differences of each
phenostage which were also observed in our field trips. This highlights the need of recording the exact
locations of observed fields in the DWD database. Such geospatial information not only can advance
remote sensing-related phenology research, but also benefit a wide range of applications, such as yield
estimation and crop modelling. With the arrival of Sentinel-2 data from 2016, there is a great potential
to use additional indices of even higher spatial resolution for monitoring crop phenology.
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