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Abstract: Catch crops are intermediate crops sown between two main crop cycles. Their adoption
into the cropping system has increased considerably in the last years due to its numerous benefits,
in particular its potential in carbon fixation and preventing nitrogen leaching during winter. The
growth period of catch crops in Germany is often marked by dense cloud cover, which limits land
surface monitoring through optical remote sensing. In such conditions, synthetic aperture radar (SAR)
emerges as a viable option. Despite the known advantages of SAR, the understanding of temporal
behavior of radar parameters in relation to catch crops remains largely unexplored. Hence, in this
study, we exploited the dense time series of Sentinel-1 data within the Copernicus Space Component
to study the temporal characteristics of catch crops over a test site in the center of Germany. Radar
parameters such as VV, VH, VH/VV backscatter, dpRVI (dual-pol Radar Vegetation Index) and VV
coherence were extracted, and temporal profiles were interpreted for catch crops and preceding main
crops along with in situ, temperature, and precipitation data. Additionally, we examined the temporal
profiles of winter main crops (winter oilseed rape and winter cereals), that are grown parallel to
the catch crop growing cycle. Based on the analyzed temporal patterns, we defined 22 descriptive
features from VV, VH, VH/VV and dpRVI, which are specific to catch crop identification. Then,
we conducted a Kruskal–Wallis test on the extracted parameters, both crop-wise and group-wise,
to assess the significance of statistical differences among different catch crop groups. Our results
reveal that there exists a unique temporal pattern for catch crops compared to main crops, and each
of these extracted parameters possess a different sensitivity to catch crops. Parameters VV and VH
are sensitive to phenological stages and crop structure. On the other hand, VH/VV and dpRVI
were found to be highly sensitive to crop biomass. Coherence can be used to detect the sowing and
harvest events. The preceding main crop analysis reveals that winter wheat and winter barley are the
two dominant main crops grown before catch crops. Moreover, winter main crops (winter oilseed
rape, winter cereals) cultivated during the catch crop cycle can be distinguished by exploiting the
observed sowing window differences. The extracted descriptive features provide information about
sowing, harvest, vigor, biomass, and early/late die-off nature specific to catch crop types. In the
Kruskal–Wallis test, the observed high H-statistic and low p-value in several predictors indicates
significant variability at 0.001 level. Furthermore, Dunn’s post hoc test among catch crop group pairs
highlights the substantial differences between cold-sensitive and legume groups (p < 0.001).

Keywords: agriculture; catch crop; radar; temporal patterns; descriptive features

1. Introduction

The European Union (EU) set an ambitious goal to reduce greenhouse gas (GHG)
emissions by 40% in 2030 in compliance with the Paris Agreement [1]. Later, this target was
increased to 50–55% under the EU Green Deal, with the ultimate goal of achieving carbon
neutrality by 2050 [2]. Under this, in 2020, the European Commission recognized climate
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change mitigation in agricultural sector as one of the main priorities of the Common
Agricultural Policy (CAP) [3]. To successfully align the CAP with climate action, it is
essential to understand the mitigation potential of current agricultural practices, as well
as the policy measures that could encourage the adoption of promising practices [4].
Within the agricultural sector, catch crops are seen as effective tools for reducing greenhouse
gas emissions.

Catch crops (also known as cover crops) are fast-growing crops that are cultivated
between the two main crop growing seasons and act as a green soil cover during the winter
season. As a part of innovative crop production systems, they offer a wide variety of
ecosystem benefits such as preventing nitrogen (N) leaching, soil erosion, and promoting
sustainable land use by enriching biodiversity and soil organic matter [5,6]. Unlike other
main crops, catch crops are not cultivated for economic benefits; hence, these crops are
plowed directly into the soil to act as fertilizer for upcoming main crops. In European
conditions, catch crops are generally grown as winter cover crops during fall (after the
harvest of main crop) between the months of August and February. Catch crops are either
cultivated as pure stands or seed mixtures. The most commonly grown varieties are white
mustard, oilseed radish, phacelia, niger, sunflower, clover, vetch and lupine [7].

Growing catch crops has attained greater importance in the last decade due to their
potential role in climate change mitigation and soil protection. Under favorable conditions,
they are key for soil carbon sequestration and reducing emissions from agricultural soils,
thereby contributing to diversification in crop rotations [8,9]. In view of this potential for
climate change mitigation, spatially explicit, regular and timely monitoring of catch crops
is required as a basis for site-specific assessment and decision support for crop rotation
practices. Conventionally, crop information and areas were recorded using field-based
inspection and farmer’s surveys. These approaches are often expensive, labor-intensive,
time-consuming, spatially generalized, and are not feasible for larger areas [10]. Recently,
the unprecedented availability of Sentinel-1 and -2 data that are freely accessible with
high spatial and temporal resolution has facilitated consistent time series for temporal
monitoring of crops [11,12]

Several previous studies have focused on mapping main crop types [13–15], crop
sequences [16], and crop rotation practices [17,18] using optical and radar data to a large
extent. However, only a few of these studies dealing with catch crop mapping using
satellite data can be found in the literature. For instance, Schulz et al. [19] investigated the
dense time series of NDVI from Sentinel-2 data and proposed a classification scheme to
identify catch crops at parcel level in Germany. The results showed that distinguishing
between different catch crop types was not possible because of similar NDVI response to all
catch crop types . In another study, spectral bands and indices from Landsat-8 time series
were used to broadly identify the winter cover crop growing areas [20]. Many other studies
were also restricted to optical remote sensing for mapping cover crops [21], estimating its
biomass and percent ground cover [22–24]. All these previous studies have highlighted
significant challenges in using optical data to monitor cover crops, particularly due to the
difficulty in obtaining clear satellite images during autumn and winter months, a critical
issue since the entire growth period of catch crops coincides with these cloud-prone months.
Additionally, differentiating among different cover crop types and between winter main
crops, random vegetation, and weeds is challenging due to their spectral similarities. All
these constraints could affect the applicability of the findings in varying geographical and
climatic conditions. Another major challenge with optical sensors is the problem of low
irradiance and large sun angle variation observed during winters, especially in higher
altitudes [25]. On the other hand, SAR (synthetic aperture radar) observations such as those
provided by Sentinel-1 can acquire cloud-free images regardless of the weather, at any
time of day or night. Moreover, radar echoes possess unique sensitivity towards geometric
structure and dielectric constant of crops [26].

Many previous studies have proved the existence of direct sensitivity between various
SAR parameters and main crops [27,28]. A number of studies found that the backscatter
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coefficients extracted from multitemporal SAR data have the potential to identify different
crop types [29,30]. Radar response to crops is largely polarization-dependent, and studies
have successfully demonstrated that the exploitation of multipolarization modes performs
better for crop mapping [31,32]. Crop structure and vegetation water content vary through-
out the growing cycle (from plant emergence to senescence), and also differ with crop types.
Hence, crops exhibit different scattering responses with respect to crop type (erectophile or
planophile), phenological stage, and polarization mode [33,34], which in turn are reflected
in the backscatter behavior. Understanding and capturing these temporal variations is
crucial for crop discrimination. In this context, a number of studies have explored SAR
data to study the temporal pattern of main crops (paddy, wheat, barley, rapeseed, corn, and
so on) to a large extent [30,35–37].

To our knowledge, the understanding of temporal behavior of catch crops in the
radar domain is not well established and, so far, no studies pertaining to this can be
found in the literature. Our research aims to fill this research gap by investigating the
distinct characteristics and patterns of catch crops in the radar domain. In order to derive
methods using dense time series SAR data for catch crop classification, there is a need
to study the temporal behavior of different catch crop types. SAR data are particularly
useful due to their unique backscatter behavior, which varies significantly among crop
types based on leaf type, crop structure, and moisture content, providing an opportunity
to distinguish between different catch crop types. Hence, our study aims to assess the
potential of Sentinel-1 time series by exploiting the most significant SAR parameters such as
VV, VH backscatter, ratio, dpRVI (dual-pol Radar Vegetation Index), and VV coherence to
investigate the temporal patterns of winter catch crops. In addition, we also incorporate the
main crop temporal signatures in the profile study to analyze and compare their behavior
with catch crops. We then develop a set of descriptive features from these parameters,
specific to catch crop identification, and statistically evaluate its significance using the
Kruskal–Wallis H-test and Dunn’s post hoc test.

2. Materials and Methods
2.1. Study Area and Ground-Truth Campaigns

The test site covers the greater Brunswick region, which is located in the federal state
of Lower Saxony (LS), Northern Germany. The area receives approximately an average
yearly precipitation of about 703.5 mm. The soil type in the region is characterized by
fine sandy loam soils [38]. The total arable agricultural land constitutes approximately
1,864,964 hectares, with permanent cropland accounting for about 18,094 hectares and
permanent grassland accounting for about 734,634 hectares [39]. The average field size
in the Greater Brunswick region is around 3.36 ha, and was computed by taking account
of the Integrated Administration Control Systems (IACS) field parcels. In situ reference
data on catch crops was collected in five field campaigns in 2021 and five in 2022 during
the peak growing season of catch crops in Germany, that is, from mid-September to mid-
October. The dates on which the field campaigns were conducted can be seen in Figure 1.
In total, 306 and 289 agricultural fields with catch crops were inspected in the year 2021
and 2022. For each field, catch crop type or seed mix was determined, field photographs
were recorded (Figure 2), and parcel boundaries were extracted.

Based on the N content and winter behavior, we broadly classified the catch crops into
three categories, such as cold-tolerant, cold-sensitive, and legumes, for further analysis.
For instance, cold-tolerant ones can withstand freezing temperatures and hold nitrogen
throughout the winter and release it slowly, making it available for the upcoming main
crop in the spring. Cold-sensitive catch crops typically die off early in the winter (around
December) and release nitrogen early into the soil. With increased precipitation during
winter, this can lead to nitrogen leaching and potential environmental pollution. However,
this will be useful when sowing winter main crops (wheat, barley) during October or
November. Legume catch crops have the unique ability to fix atmospheric nitrogen and
thereby contribute more nitrogen fixation than other groups. This classification scheme
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aids in selecting appropriate catch crops for different agricultural scenarios to maximize
environmental and economic benefits. The detailed overview of groupings and number
of samples collected for each catch crop are given in Table 1. The main crop information
for the respective catch crop parcels for the years 2021 and 2022 were extracted from
IACS data, with which payments are made to farmers under the common agricultural
policy (CAP). Using Land Parcel Identification System, IACS data provide field-level
information on most of the agricultural parcels with detailed information on the field
area and main crop type on a yearly basis [40]. IACS is widely recognized data that are
utilized across Europe for agricultural monitoring and subsidy management. The accuracy
of IACS data is ensured through rigorous administrative checks and field inspections
conducted by national authorities. These checks involve cross-referencing with other
datasets and on-site inspections to validate the accuracy of the reported crop types and
land use. Moreover, the data are updated annually, reflecting the most current land use
and cropping patterns. This makes IACS data an ideal reference dataset for winter non-
catch-crop parcels. However, it only contains farmer fields that qualify for European
Union subsidy payments [14,41]. In our study area, analysis of IACS parcels reveals that
winter wheat and winter barley are the two dominant main crops grown in this area before
catch crops.

Figure 1. Location of study area and sample points collected on five different dates during the year
2021 and 2022. The extents of Sentinel-1 relative orbits tiles 177 and 44 are shown in the location map.
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Figure 2. Some of the catch crop fields encountered during field survey: (a) mustard, (b) oilseed
radish, (c) phacelia, (d) clover, (e) niger, and (f) green mixture.

Table 1. Catch crop categories and number of samples collected per year for each crop type.

No. Categories Catch Crops
No. of Samples

2021 2022

1 Cold tolerant

Mustard 110 117
Oilseed radish 36 28
Green mixture 66 65

Sunflower 13 11
Grass 9 -

Turnip rape - 13

2 Cold sensitive
Phacelia 20 13

Niger 13 9
Buckwheat 6 -

3 Legumes

Field bean 7 8
Lupine 6 -
Clover 9 14
Vetch 11 11

2.2. Satellite Data

Here, we exploited both ground range detected (GRD) and single-look complex (SLC)
formats of the Sentinel-1 (S-1) SAR dataset from the German cloud computing platform
CODE-DE [42]. The S-1 images were available in interferometric wide (IW) swath mode
with two polarizations (VV and VH). Both GRD and SLC images were resampled and
are available in 10 m resolution with the central incidence angle of about 41◦, which is
ideal for crops as it increases the path length through vegetation and results in more
vegetation backscattering [43]. More details about the dataset can be seen in Table 2. Since
earlier studies indicated that morning dew on crop canopy has a severe impact on SAR
backscatter [44–48], we utilized Sentinel-1 images (orbit 117 and 44) only from the ascending
pass (ASC) acquired at approximately 5:00 p.m. local time. The Sentinel-1 satellite passed
over the study area during 2021 and 2022 covering the growth cycle of main and catch
crops that are depicted in Figure 3. A total of 65 and 38 S-1 images were used in 2021
and 2022, respectively. SAR is highly sensitive to moisture changes [49]; therefore, we
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also considered daily precipitation and temperature data from the German Meteorological
Office or Deutscher Wetterdienst (DWD) in our study [50]. These datasets are available at
1 × 1 km spatial resolution as regional averages that can be accessed from the Julius Kuehn
Institute (JKI) datacube through web services such as Web Coverage Services (WCS) [51].

Figure 3. Phenological stages of different crops in the study area and corresponding Sentinel-1 data
acquisitions in the years 2021 (blue) and 2022 (red).

Table 2. Sentinel-1 data specifications used in the study. Note that the temporal resolution is reduced
to 12 days for the year 2022 due to the malfunctioning of the Sentinel-1B sensor.The incidence angle
range given here is definite to the study area (Brunswick).

Sensor Parameters Specifications

Wavelength C-band
Frequency 5.405 GHz

Product type GRD, SLC
Incidence angle 37.4◦–45.1◦

Acquisition mode IW
Satellite pass Ascending (ASC)

Polarization mode VV, VH
Spatial resolution 10 × 10 m

Temporal resolution 6 days for 2021,
12 days for 2022

2.3. SAR Data Preprocessing

Both GRD and SLC data-products were preprocessed using the Sentinel-1 SAR prepro-
cessing chain established by Julius Kuehn Institute (JKI) [52]. Sentinel-1 preprocessing uses
the PyroSAR [53] Python library for multiprocessing by accessing the graph processing
tool from the SNAP Sentinel-1 toolbox. Firstly, the GRD amplitude images were sub-
jected to thermal and border noise removal to remove the border artifacts and non-values.
Then, orbital file correction was performed to update the orbital files with precise orbital
vectors from meta data. This was followed by radiometric calibration, speckle filtering
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(5 × 5 Refined Lee), and terrain correction using a Copernicus 30 m digital elevation model
(DEM) to generate gamma nought backscatter coefficients (γ0

VV, γ0
VH) (in dB). Subsequently,

we subtracted γ0
VH from γ0

VV to generate the cross-polarization ratio (γ0 VV/VH) images
in dB. Hereafter, the parameters are referred as as VV, VH, and VH/VV.

As the SLC data were acquired in TOPSAR (Terrain Observation with Progressive
Scans SAR) mode, the processing chain of the SLC was slightly different from GRD images.
After applying orbit file correction, the processing chain starts by applying the TOPSAR
split function that splits the entire image into three sub-swaths (IW1, IW2, and IW3) to
ensure a uniform signal-to-noise ratio (SNR). This was followed by calibration and deburst
operation, which merges the bursts in the azimuth direction to obtain a continuous image
for further analysis. We then generated polarimetric C2 matrix and applied multilooking to
generate square pixels. To suppress the inherent speckles, an adaptive polarimetric speckle
filter such as Refined Lee with window size 5 × 5 was applied to the images. Refined Lee
is highly suitable over agricultural areas as it suppresses the noise without comprising
the image details and has a higher Equivalent Number of Looks (ENL) [54]. Finally, we
generated the terrain-corrected dual-pol Radar Vegetation Index (dpRVI).

Unlike RVI, which utilizes only backscatter intensity from polarization channels,
dpRVI is generated by taking account of dominant scattering component (in terms of Eigen
values from C2 covariance matrix) and polarization channels and then normalized with
total power (Span) [55], as denoted in Equation (1). dpRVI ranges from 0 (no vegetation) to
1 (healthy vegetation) and can monitor growth dynamics, health, and condition of crops.
Comparing with other intensity only based-RVIs, dpRVI showed better results for diverse
crops and can overcome the problem of saturation [56]. dpRVI is mathematically defined
as follows:

dpRVI = 1 − m · β (1)

where m is the the degree of polarization, which is generated from the C2 covariance matrix
and represented as

m =

√
1 − 4|C2|

(Tr(C2))
2 (2)

Tr is the sum of diagonal elements, |.| matrix determinant and β (Dominancy of scattering)
is given as

β =
λ1

Span
(3)

The combined use of m and β enables us to capture scattering mechanism variations with
respect to phenological stages, as both parameters have different sensitivity to crop growth.
For coherence generation, soon after applying orbital file correction, co-registration was per-
formed using the back-geocoding method followed by Enhanced Spectral Diversity (ESD) to
improve the quality of co-registration. The images were again subjected to deburst/merge
operations and, finally, coherence for each image pair was computed. The images were
finally multilooked and terrain-corrected for further analysis. Interferometric coherence
is mathematically defined as the magnitude of the complex cross-correlation of two SAR
images (either mono-static or bi-static SAR images) [57] and is represented mathematically
as follows:

µ0 =
|⟨S1S∗

2⟩|√
⟨S1S∗

2⟩⟨S1S∗
2⟩

(4)

where S∗ refers to the complex conjugate of S1 and S2 (SAR image pairs) and <> refers to
the collective average. In general, µ0 estimates the phase stability between two SAR images
and ranges between 0 and 1, where 0 refers to complete decorrelation and 1 refers to perfect
correlation. The coherence decreases when the Earth’s surface undergoes some changes
between two SAR acquisitions (soil moisture changes, ongoing urban constructions, and so
on) and, also, coherence considerably decreases when the return signal has more volume
scattering, which is true in areas of dense forests and croplands [58].
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2.4. Temporal Profile Analysis

For each catch crop parcel, the temporal mean values of VV, VH backscatter, ratio,
DpRVI, and coherence were extracted and grouped according to the catch crop categories
with corresponding pre-crop.The mean value provides a straightforward and representative
measure of central tendency, which is particularly useful for understanding the general
behavior of the crop responses over time [30,36,59]. Time series were plotted for main
and catch crop cycle and temporal signatures were visually interpreted to understand the
pattern variations and trend (Sections 3.1–3.4).

Since winter crops such as winter oilseed rape and winter cereals are sown during
late autumn and they overlap with the catch crop growing phase, we also extracted and
compared their temporal behavior with the catch crop to examine the sowing window
differences. Random vegetation (weeds or seedlings emerge from previous crops) on
fallow fields, as well as frequent tillage or plowing activities, can often be a source of
misclassification. Thus, we extracted signatures from fallow fields and compared them
with catch crop temporal patterns. As the same winter crops were grown during the years
2021 and 2022, we took the mean profiles from the year 2021 for comparison. Since the
coherence measurements are more sensitive to management practices rather than crop
phenology and development [60], we opted to exclude coherence data for this analysis.
Instead, we focused on VV, VH backscatter, ratio, and dpRVI to better understand the
differences in radar response between these classes. The winter main crop parcels and
fallow fields were extracted from IACS data.

2.5. Descriptive Features Extraction

Based on our time series analysis, we developed and extracted a number of descrip-
tive features from VV, VH, VH/VV, and DpRVI, which seem to be highly effective for
distinguishing and monitoring the various studied catch crops. To achieve this, the entire
profile of a given catch crop was separated into three temporal phases by automatically
identifying three temporal breakpoints, which are represented by local extrema (composed
of a peak and and its two neighboring left–right local minima) over each curve, as shown in
Figure 4. This approach, based on the technique used to define the crop’s temporal domain
as described in [61,62], automatically and effectively characterizes the periodicity of catch
crops by identifying temporal breakpoints that likely separate phenological phases in the
time series for each catch crop field. More specifically, the peaks (maximum values) in the
backscatter time series were identified using a peak detection method with a threshold
value. When multiple peaks were detected within a single-temporal profile, we used the
prominence (height of the peak) of each peak to identify the most significant one. Similarly,
the two neighboring minima (lowest points) surrounding the detected peak were identified
using a similar minima detection method, which helps in accurately segmenting the time
series into the three mentioned temporal phases.

The first phase denotes the ripening and harvest phase of main crops and subsequent
sowing of catch crops. It spans from the beginning of the time series until the first detected
local minima. The second phase extends from the first detected local minima to the peak
position. It encompasses the primary growth period, including maturation, where the crops
reach their peak vegetative growth. The characteristics observed in this phase provide
insights into the crop’s health and growth dynamics. The third phase covers the period
from the detected peak to the subsequent minimum value. It corresponds to the dormant
winter period and the eventual harvest of catch crops. This phase is indicative of the
crop’s senescence and post-maturity behavior of different catch crop groups. These phases
were defined in reference to the work by Schulz et al. [19]. To ensure the robustness and
predictiveness of our analysis, we aggregated all profiles from the years 2021 and 2022 for
extraction of descriptive features. This consolidation allows for a more representative and
predictive assessment of the derived predictors. Since we are developing the descriptors
specific to catch crops, we only included the time series from July to March, which is the
cultivation period of catch crops.



Remote Sens. 2024, 16, 3737 9 of 31

Figure 4. Example of a real mustard catch crop field where the entire profile of (a) VV backscatter,
(b) VH backscatter, (c) VH/VV backscatter, and (d) dpRVI is divided into three phases based on
detected peak and minimum values.

Similar to NDVI, the dpRVI index indicates the phenology and health of the plant [63].
Thus, different phenological features have been extracted based on the generated DpRVI
time series using the dynamic threshold method for each temporal phase, such as the
Start_of_ Season (SOS), End_of_ Season (EOS), and Start of senescence, which we found to
have high importance for catch crops. For more information about the mathematical base
of the abovementioned phenology metrics computation and their settings, readers can refer
to [64].

In addition to the previous phenological features, 19 other multitemporal statistical
features specific to catch crops were defined. In total, 22 descriptive features encompassing
phenological and statistical features were proposed in this study. The ultimate goal of using
them was achieving a high information rate for distinguishing catch crops from main crops
and differentiating between various catch crop classes.The detailed descriptions about all
the used features can be found in Table 3.

Table 3. Extracted descriptive features and their descriptions.

Descriptive Feature Description Example of Mustard Catch Crop Parcel

dpRVI_DOY_Peak

The day when the peak DpRVI value
is reached and is computed by

considering both Phase 2 and Phase 3.
For cold-sensitive varieties and

early-sown varieties, the DOY peak is
expected to be early.
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Table 3. Cont.

Descriptive Feature Description Example of Mustard Catch Crop Parcel

dpRVI_Peak

The dpRVI value on the day of peak.
The peak value is expected to change

with type of catch crop and
high/low biomass.

Start_of_Season
(SOS)

The day when dpRVI first reaches the
10% increase in seasonal amplitude of

dpRVI from the minimum level in
Phase 2, denoting the start of the

growing phase of catch crops.
For cold-sensitive varieties, SOS is

expected to be early than other
varieties due to their early sowing.

End_of_Season (EOS)

The day when dpRVI first reaches 10%
decrease in seasonal amplitude of
dpRVI from the minimum level in
Phase 3, indicating the end of the

growing season of catch crops.
For cold-sensitive varieties, EOS is

expected to be early than other
varieties due to their early

die-off nature.

Start_of_senescence

The day when dpRVI first reaches 90%
of the seasonal amplitude from the

minimum level in Phase 3, indicating
the onset of senescence of catch crops.

The DOY of senescence varies
according to the early harvest or

die-off nature and frozen events of the
catch crop classes.

DOY_min_Phs1

The day when the first local minima of
dpRVI is reached in Phase 1. This

indicates the harvest of main crops
(winter wheat or winter barley).

Harvest dates are expected to be early
for cold-sensitive ones and late for

cold-tolerant varieties.
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Table 3. Cont.

Descriptive Feature Description Example of Mustard Catch Crop Parcel

Number_of_levelshift

The number of level-shift points,
indicating the abrupt changes in the

time series of dpRVI and calculated by
taking into account of entire time

period of Phase 1 and Phase 2.
With harvest, plowing, mowing, frost,
and precipitation events, the number

of level shifts tends to increase.

DpRVI_var_Phs2

This denotes the steadiness of
vegetation activity temporally and is
calculated by taking mean variance in

Phase 2. The observed variance
increases with management activities
such as plowing, harvest and so on.

VV_Mean_Phs2,
VH_Mean_Phs2,

VH/VV_Mean_Phs2,
dpRVI_Mean_Phs2

This denotes the active vegetation
cover of catch crop parcel and is

computed by taking the mean of given
parameter (VV, VH, VH/VV

backscatter and dpRVI) in Phase 2 and
high value indicates the successful

catch crop cultivation.

VV_Sum_Phs2,
VH_Sum_Phs2,

VH/VV_Sum_Phs2,
dpRVI_Sum_Phs2

This denotes the cumulative sum of
given parameter (VV, VH, VH/VV

backscatter and dpRVI) in Phase 2 and
the values vary according to strength

of vegetative cover of the catch
crop field.

VV_Mean_Phs3,
VH_Mean_Phs3,

VH/VV_Mean_Phs3

Computed by taking the mean of
given parameter such as VV, VH, and

VH/VV backscatter in Phase 3.
The relatively observed low values

(compared to Phase 1) correspond to
loss of chlorophyll and vegetation

water content (decrease in strength of
vegetation activity) as the catch crop

progresses towards ripening and
harvest (note that dpRVI is excluded

due to no significant difference).
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Table 3. Cont.

Descriptive Feature Description Example of Mustard Catch Crop Parcel

VV_Sum_Phs3,
VH_Sum_Phs3,

VH/VV_Sum_Phs3

Cumulative sum of VV, VH, VH/VV
backscatter, respectively, of the given

parcel in Phase 3. The relatively
observed low sum values compared to

Phase 1 indicate a decrease in the
strength of vegetation as the crop

enters the ripening and harvest phase
(note dpRVI is excluded due to no

significant difference).

2.6. Kruskal–Wallis H-Test

Here, we performed the Kruskal–Wallis H-test, a nonparametric statistical test to
compare the variance of extracted descriptors among multiple catch crops to determine
whether they are significantly different to each other. The Kruskal–Wallis test does not
require the assumptions of normality and homogeneity of variances, making it ideal for
our dataset with varying distributions and potential outliers [65]. This ensures a more
reliable comparison of the groups. This test generates two important metrics, the H-
statistic, and a corresponding p-value. The H-statistic measures the variance of the ranks
among groups. A higher H-statistic indicates greater differences in the distributions of the
groups. The p-value indicates the probability of obtaining the observed H-statistic if the
null hypothesis (i.e., all group distributions are equal) is true. If the p-value is less than the
significance level (generally < 0.05), the null hypothesis is rejected, indicating significant
differences in the distributions of the groups [66].

After extracting the 22 descriptors for each catch crop parcel, we conducted the
Kruskal–Wallis test in two ways: first, as individual crop-wise (comparing each crop
distribution with others), and second, by grouping the catch crops into cold-tolerant,
cold-sensitive, and legume categories. For each crop and descriptor, the H-statistic and
p value were given as *, **, *** indicating 0.05, 0.01, and 0.001 level of significance in
Appendix A, Figure A1; and for the group-wise test, the results were indicated in Table 4.

2.7. Dunn’s Post Hoc Test

For the group-wise comparisons, where significant differences were found in the
Kruskal–Wallis test, Dunn’s post hoc test with Bonferroni correction was applied to identify
which specific groups differed [67]. This step is crucial because the Kruskal–Wallis test
can only indicate that at least one group is different, but it does not specify which pairs
of groups are different. The Bonferroni correction is applied to adjust the p-values for
multiple comparisons to control the overall type I error rate. Without this correction,
conducting multiple comparisons could inflate the probability of incorrectly rejecting the
null hypothesis (false positives). The p-values of Dunn’s test were marked with *, **, and
*** to indicate significance levels of 0.05, 0.01, and 0.001, respectively, as shown in Table 5.

Table 4. Kruskal –Wallis H and p-value statistics for each predictor conducted between three catch
crop groups. **, *** given in the table indicate 0.01 and 0.001 level of significance.

No. Predictors Kruskal Wallis Test
H-Statistic p-Value

1 dpRVI_Peak 64.791 0.000 ***
2 dpRVI_DOY_Peak 21.494 0.000 ***
3 dpRVI_mean_Phs2 11.039 0.003 **
4 dpRVI_var_Phs2 20.776 0.000 ***
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Table 4. Cont.

No. Predictors Kruskal Wallis Test
H-Statistic p-Value

5 No_of_levelshift 20.127 0.000 ***
6 dpRVI_sum_Phs2 41.788 0.000 ***
7 SOS 74.362 0.000 ***
8 EOS 1.216 0.544
9 Start_of_senescence 42.772 0.000 ***
10 DOY_min_Phs1 61.822 0.000 ***
11 VV_mean_Phs2 67.83 0.000 ***
12 VV_mean_Phs3 31.456 0.000 ***
13 VV_sum_Phs2 73.105 0.000 ***
14 VV_sum_Phs3 71.202 0.000 ***
15 VH_mean_Phs2 64.212 0.000 ***
16 VH_mean_Phs3 61.967 0.000 ***
17 VH_sum_Phs2 86.495 0.000 ***
18 VH_sum_Phs3 79.392 0.000 ***
19 VH/VV_mean_Phs2 28.404 0.000 ***
20 VH/VV_mean_Phs3 50.086 0.000 ***
21 VH/VV_sum_Phs2 44.879 0.000 ***
22 VH/VV_sum_Phs3 56.718 0.000 ***

Table 5. Dunn’s post hoc test results with Bonferroni correction for pairwise comparison among catch
crop groups (CT refers to cold-tolerant, CS to cold-sensitive, and L refers legume catch crop groups)
Note that the *, **, *** given indicate 0.05, 0.01 and 0.001 level of significance.

Predictors CT/CS CS/L L/CT

dpRVI_Peak 1.35 × 10−10 *** 3.90 × 10−14 *** 1.71 × 10−1

dpRVI_DOY_Peak 2.57 × 10−1 2.60 × 10−6 *** 2.17 × 10−3 **
dpRVI_mean_Phs2 1.27 × 10−2 * 5.59 × 10−3 ** 1.000
dpRVI_var_Phs2 6.04 × 10−2 1.96 × 10−1 1.43 × 10−2 *
No_of_levelshift 8.00 × 10−4 *** 5.29 × 10−1 9.84 × 10−4 ***

dpRVI_sum_Phs2 5.11 × 10−6 *** 1.08 × 10−3 ** 6.58 × 10−1

SOS 3.29 × 10−9 *** 3.34 × 10−17 *** 1.66 × 10−3 **
Start_of_senescence 2.02 × 10−2 * 7.84 × 10−3 ** 1.96 × 10−10 ***

DOY_min_Phs1 9.06 × 10−9 *** 1.34 × 10−3 ** 1.48 × 10−2 *
VV_mean_Phs2 3.00 × 10−10 *** 3.54 × 10−15 *** 1.60 × 10−5 ***
VV_mean_Phs3 2.84 × 10−2 * 3.54 × 10−12 *** 6.96 × 10−4 ***
VV_sum_Phs2 1.80 × 10−9 *** 9.77 × 10−17 *** 1.67 × 10−6 ***
VV_sum_Phs3 3.97 × 10−2 * 1.91 × 10−14 *** 1.49 × 10−4 ***

VH_mean_Phs2 1.51 × 10−9 *** 1.00 9.08 × 10−1

VH_mean_Phs3 8.53 × 10−14 *** 1.34 × 10−5 *** 1.18 × 10−1

VH_sum_Phs2 4.12 × 10−13 *** 1.36 × 10−11 *** 2.34 × 10−4 ***
VH_sum_Phs3 2.98 × 10−12 *** 1.18 × 10−10 *** 1.67 × 10−5 ***

VH/VV_mean_Phs2 7.07 × 10−1 4.74 × 10−6 *** 4.17 × 10−3 **
VH/VV_mean_Phs3 4.53 × 10−12 *** 2.09 × 10−7 *** 2.17 × 10−3 **
VH/VV_sum_Phs2 4.00 × 10−14 *** 4.70 × 10−15 *** 1.000
VH/VV_sum_Phs3 1.47 × 10−12 *** 2.70 × 10−9 *** 1.000

3. Results
3.1. S-1 VV, VH-Backscatter

From our analysis of IACS data for catch crop parcels, we found that winter wheat
(hereafter named as WW) and winter barley (hereafter named as WB) were the two dom-
inant pre-crops cultivated in this region. When looking at the temporal profiles of main
and catch crops in Figures 5 and 6, one can notice a distinct and unique pattern for catch
crops, and this differs entirely from main crops. For cold-tolerant varieties, WW is the
most common main crop. For cold-sensitive varieties, mostly WB is the pre-crop as WB
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is harvested little early than WW and this favors early sowing of cold-sensitive varieties.
Since the cold-sensitive crops cannot withstand low temperatures and they die off just
below freezing temperature, early sowing is preferred for large biomass development.
Among legume catch crops, for field bean and clover, WB is the pre-crop, and for vetch and
lupine, WW is the pre-crop.

Figure 5. Temporal VV backscatter profile of main crops followed by different catch crop categories:
(a) cold-tolerant, (b) cold-sensitive, (c) legumes for the years 2021 (left) and 2022 (right). The vertical
dashed lines (black color) indicate the harvest of the main crop.

When looking at the main crop profile for both years, one could notice a stable
backscatter from January to February in VV and VH, as the crop was in a dormant winter
phase and there was no active vegetation growth or changes. Most of the changes observed
during these months are purely due to changes in soil moisture and roughness. The strong
and abrupt dip in VV and VH backscatter during February in 2021, regardless of crop type,
was due to frost conditions, which was confirmed by the temperature analysis obtained
form DWD, shown in Figures 5 and 6. During March, both WW and WB enter into the
tillering stage, where the crop just starts to produce tillers; hence, no prominent changes
were observed in backscatter. During April and the beginning of May (when the crop was
in stem elongation and booting stage), one can generally notice a decrease in VV and VH
backscatter for both WW and WB. During this phase, the cereals start to develop stems,
stalks, and flag leaves, which in turn results in a Leaf Area Index (LAI) crop percent cover,
and height to reach maximum. Due to these complex phenomena, the VV backscatter
reaches a minimum due to maximum signal attenuation observed in the canopy and
underlying soil during this stage.

Following this, in mid-May, VV and VH backscatter increase considerably, and this
was related to heading stage. This is when the plant develops ear heads and awns and,
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therefore, fresh biomass increases further. Now, due to a dense canopy architecture with
100 percent crop coverage, returned radar echoes are highly dominated by vegetation and
not by the underlying soil. Note that a characteristic difference between the WW and
WB profiles can be observed during the heading stage. One can see a very steep increase
in backscatter values of around 8 dB in VV and 14 dB in VH for WB fields, which was
absent in WW. This can be attributed to the bending of ear heads in WB from vertical to
horizontal orientation [68]. In WW, this phenomena is noticed only during the late ripening
phase, and by this time, WW have already dried and have low vegetation water content
(VWC); therefore, no remarkable changes were noticed in backscatter. During the dough
and maturity stages, VV and VH backscatter slowly start to decrease due to the decrease in
chlorophyll and VWC, and then they reach the minimum during the harvest (end of July).

Figure 6. Temporal VH backscatter profile of main crops followed by different catch crop categories:
(a) cold-tolerant, (b) cold-sensitive, (c) legumes for the years 2021 (left) and 2022 (right). The vertical
dashed lines (black color) indicate the harvest of main crop.

Among the cold-tolerant catch crops (Figure 5a), grass has lower VV backscatter
than other catch crops and this is due to the vertical structure of grass. In the VV profile,
after December, the VV backscatter contribution from grass fields considerably increased
compared to other crops, and this was absent in the VH profile (Figure 6a). This can be
attributed to soil effects (roughness and moisture), which are more dominantly visible in
VV than VH. In both years, sunflower has higher VV and VH backscatter than other crops,
as sunflower is a broad-leaved, tall, and high-biomass crop; hence, it contributes to high
backscatter. Similarly, in 2022, turnip rape also had high backscatter, and this is because of
its planophile nature having broad leaves spread along the horizontal direction. Also, there
are some differences observed in the sunflower, radish, mustard and green mixtures in the
VV and VH backscatter during the early stages. After these, all the crops follow the same
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pattern and profiles are found to be mixing with each other. After December, interestingly,
the VV backscatter for green mixtures started to increase in both years (Figure 5a).

Considering the cold-sensitive category (Figure 5b), niger was planted a little earlier
than phacelia and buckwheat in 2021, which in turn resulted in more biomass development
in niger and, therefore, high backscatter. This is due to the earlier harvest of WB than WW.
In cold-sensitive catch crops (Figures 5b and 6b), VV and VH backscatter decreases steadily
and steeply after December compared to others; this may be due to the early die-off of
cold-sensitive catch crops. Among legumes (Figures 5c and 6c), clover has low VV and
VH backscatter contribution for both the years due to its less competitive growth nature,
resulting in low biomass. Similarly, field bean has higher backscatter than others because of
its high vigor and biomass development. The slight increase in VV backscatter observed in
vetch and lupine after December could be associated with soil surface changes.

3.2. S-1 VH/VV Backscatter

Considering the main crops in Figure 7 for both the years, the VH/VV backscatter
ratio starts to increase from the tillering stage in March, remains high, and decreases during
the harvest in July. This can be clearly seen in both the years 2021 and 2022. Interestingly,
a slight dip in VH/VV backscatter was observed during the end of booting stage for both
WW and WB.

This pattern was specific to winter cereals and differs significantly from the profiles
observed in catch crops. It underscores the high correlation and sensitivity of VH/VV
backscatter to the biomass of crops. In contrast to VV and VH backscatter, which exhibit
high sensitivity to phenological and canopy structural changes, VH/VV backscatter was
found to be highly sensitive to the growth cycle of winter cereals.

For catch crops, VH/VV backscatter increases with crop emergence in August, remains
high, and subsequently decreases during the harvest of crops in February. In the cold-
tolerant category (Figure 7a), all crops follows a similar pattern, with backscatter decreasing
towards the end of February. For cold-sensitive crops, VH/VV backscatter decreases a little
earlier than other categories, which is particularly evident in the year 2021 (Figure 7b). This
may be due to early die-off of crops or due to some management activities carried out in
the fields. In the case of legumes (refer to Figure 7c), a marked decline in backscatter was
noted for lupine and clover at the onset of December. Towards the end of February, VH/VV
exhibits a noticeable rise, independent of specific crop varieties. This may be attributed to
spontaneous vegetation growth following the removal of catch crops or the resurgence of
previously sown seeds.

3.3. Dual-Pol Radar Vegetation Index

Since both WW and WB exhibit similar canopy architecture (vertical distribution of
canopy elements) and phenological cycles, both cereals have similar dpRVI response. When
examining the dpRVI values for the main crops in Figure 8, it was observed that the dpRVI
values stay low and stable at around 0.4 until the end of February (no active vegetation
growth). By mid-March, when the WW and WB start to tiller and progress further, dpRVI
also starts to increase and reaches around 0.6. During the booting stage, the dpRVI spikes
to 0.7, indicating an increase in biomass accumulation due to further development of leaves,
stems, and stalks.

Notably, dpRVI decreases to 0.5 during the heading stage, despite a further increase in
biomass and high plant density. After this, dpRVI slightly increases to 0.6 during the early
dough stage, and after this, a gradual decrease was observed during the ripening phase.
Finally, dpRVI declines to 0.3 at the harvest stage. This comprehensive analysis delineates
the dynamics of dpRVI as a reliable indicator of biomass accumulation and phenological
phases in winter cereals.
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Figure 7. Temporal VH/VV backscatter profile of main crops followed by different catch crop
categories: (a) cold-tolerant, (b) cold-sensitive, (c) legumes for the years 2021 (left) and 2022 (right).
The vertical dashed lines (black color) indicate the harvest of main crop.

Unlike main crops, catch crops exhibit no abrupt changes in dpRVI values corre-
sponding to phenological stages, and this is primarily owing to their planophile canopy
architecture. Among cold-tolerant varieties (Figure 8a), grass has considerably low dpRVI
values of about 0.4 until December, after which the values decline to 0.3 throughout the
winter. Conversely, other varieties such as mustard, radish, green mixtures, sunflower,
and turnip rape have a stable dpRVI values ranging from 0.5 to 0.6 throughout their entire
growth cycle.

For cold-sensitive varieties (Figure 8b), the dpRVI values peak to 0.6 and above during
the peak vegetative phase. This is due to the early sowing of cold-sensitive varieties,
resulting in high biomass development. As cold-sensitive varieties approach their peak
winter phase by the end of December, dpRVI values steadily decrease below 0.4. This
is due to early die-off of crops unable to withstand freezing temperatures. This trend of
steady decline in dpRVI values was not observed in cold-tolerant and legume species. This
pattern validates the early die-off of cold-sensitive crops compared to others, serving as an
indicator for distinguishing cold-sensitive varieties. Among legumes (Figure 8c), field bean
stands out with high dpRVI values of around 0.6, attributed to its substantial biomass and
vigor compared to vetch, clover, and lupine.
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Figure 8. Temporal dpRVI profile of main crops followed by different catch crop categories: (a) cold-
tolerant, (b) cold-sensitive, (c) legumes for the years 2021 (left) and 2022 (right). The vertical dashed
lines (black color) indicate the harvest of main crop.

3.4. S-1 VV-Coherence Analysis

In this study, we utilized Sentinel-1 VV coherence data acquired during the ascending
pass (orbit track-117) to analyze the main crops and the different catch crop types for the
years 2021 and 2022, as illustrated in Figure 9. In the context of multitemporal analysis,
interferometric coherence follows a opposite pattern compared to SAR backscatter concern-
ing the crop growth cycle. Our findings reveal that coherence values are lower (ranging
between 0.2 to 0.3) during the peak crop growing period for both main and catch crops.

For main crops (WW and WB), one can observe high coherence of about 0.5 to 0.9
during the winter dormant phase and tillering phase, characterized by minimal changes in
the Earth’s surface due to inactive crop growth. Also, the sudden dip in coherence values
(0.2) during February 2021 is associated with moisture changes. After that, coherence values
drop to around 0.2 during the booting stage when the crop starts to actively grow and
develop. Subsequently, a sharp increase in coherence values above 0.5 was observed when
the main crop is nearing the ripening and harvest stage and also during tillage, plowing,
and sowing of catch crops.
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Figure 9. Temporal VV coherence profile of main crops followed by different catch crop categories:
(a) cold-tolerant, (b) cold-sensitive, (c) legumes for the years 2021 (left) and 2022 (right). The vertical
dashed lines (black color) indicate the harvest of main crop.

Unlike main crops, the coherence pattern for winter catch crops is different and
provides lot of insights. A slight increase in coherence can be observed during the early
emergence and leaf development stages of catch crops, as expected, given the limited
volume contribution from the crop canopy during these initial phases. When the catch
crop enters the active vegetative phase and once the ground is completely covered with
vegetation, coherence values remains low (0.2 to 0.3) due to pronounced volume scattering
effects. The coherence values then exhibit a type-dependent increase, commencing around
November for cold-sensitive crops (Figure 9b) such as phacelia and niger, and from late
December for cold-resistant crops (Figure 9a) like mustard, radish, and sunflower, and
legumes (Figure 9c) such as field bean, lupine, vetch, and clover. This increase in coherence
values indicates a cessation of further growth or development in catch crops due to low
temperatures, effectively marking the onset of the dormant phase that persists throughout
the winter.

3.5. Comparison of Temporal Patterns of Winter Main Crops and Fallow with Catch Crop

In Figures 10 and 11, mean VV and VH backscatter responses of winter main crops,
fallow, and catch crops are depicted. The profiles indicate that there is a considerable differ-
ence in the calendar dates of the catch crop and main crop. Considering Figures 10a and 11a,
the sowing period for rapeseed is predominantly observed in October, which is indicated by
a prominent dip in VV and VH backscatter. Among winter cereals, (Figures 10b and 11b),
it is observed that winter barley is sown a little earlier (September) than winter wheat
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(October). This is due to the early harvest of pre-crop maize compared to sugar-beet.
Lastly, in Figures 10c and 11c, the catch crops are sown very early, around July, compared
to the main crops. Fallow fields follow the random pattern and have low backscatter
intensity compared to other crops. Also, when the catch crop profile drops during harvest,
the backscatter intensity of fallow fields begins to increase in both VV and VH backscatter.

Figure 10. Comparison of mean VV backscatter profiles: (a) winter oilseed rape, (b) winter cereals,
(c) fallow/catch crop. The dashed lines (black) indicate the sowing time.

Figure 11. Comparison of VH backscatter profiles: (a) winter oilseed rape, (b) winter cereals,
(c) fallow/catch crop. The dashed lines (black) indicate the sowing time.

When observing the VH/VV backscatter ratio for oilseed and winter cereals
(Figure 12a,b), a notable increase in backscatter is evident for both crop categories starting
from February, and this trend continues to rise thereafter. Interestingly, this contrasts with
catch crops, where the backscatter begins to decrease from February due to plowing of
catch crop fields. In comparison, fallow fields exhibit relatively stable backscatter patterns
during late winter. Interestingly, DpRVI exhibits a similar pattern to VH/VV backscatter
and can be observed in Figure 13a–c.

3.6. Descriptive Features Extraction

Here, the temporal segmentation using extrema detection was adopted, which involves
setting a threshold to identify the maximum radar backscatter and dpRVI values, which
represent the peak biomass and vigor stages of different catch crop types. This method
employs an automated approach to detect peaks and their neighboring minima, enabling
precise temporal segmentation of the SAR data time series [62]. The extracted 22 descriptive
features and their importance to catch crops are elucidated in Table 3. To offer deeper
insights into the distribution and variability of these features across distinct catch crop
classes, box plots were utilized, as depicted in Figures 14 and 15. Among the extracted
predictors, some parameters exhibit high variance and possess discriminatory potential
among catch crop types.
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Figure 12. Comparison of VH/VV backscatter profiles: (a) winter oilseed rape, (b) winter cereals,
(c) fallow/catch crop. The dashed lines (black) indicate the sowing time.

Figure 13. Comparison of dpRVI profiles: (a) oilseed rape, (b) winter cereals, (c) fallow/catch crop.
The doted lines (black) indicate the sowing time.

Considering the dpRVI_Peak in Figure 14 across all catch crop types, cold-sensitive
varieties such as phacelia, niger, and buckwheat have higher values compared to others.
This trend is due to the early sowing of cold-sensitive varieties, which in turn results
in increased biomass and vigor of crops, thereby resulting in high dpRVI peak values.
Conversely, crops like clover, vetch, lupine, and grass demonstrate low peak values due to
their less competitive nature and vigor compared to other varieties. Intermediate values
are observed for crops like mustard, radish, mixture, and field bean with high variance.

When the day of the year (DOY) of the dpRVI peak is considered, a distinct separa-
tion was observed for cold-sensitive varieties, which tend to exhibit earlier peak values
compared to other varieties. This separation is notable and allows for the clear differ-
entiation of cold-sensitive varieties from others. As previously mentioned, the primary
factor contributing to this phenomenon is the practice of early sowing characteristic of
cold-sensitive varieties.

When considering dpRVI_mean_Phase2, grass and clover have low mean dpRVI
values as they are relatively low biomass crops. Due to early sowing and higher biomass
development of cold-sensitive varieties, higher mean values are observed than others.
Legume crops such as field bean also have high mean value. This can be attributed to
the pod formation, which, again, increases the fresh biomass, leading to higher mean
values. Other cold-tolerant varieties have considerably high mean values between 0.42
and 0.52. When looking at dpRVI_mean_variance_Phase2, phacelia, niger, mustard, and
radish have relatively low variance compared to others. When looking into the VV, VH,
VH/VV_mean_Phase2 in Figure 15, similar pattern can be seen for all crops similar to
dpRVI_mean_Phase2. When looking into the VV, VH, VH/VV_mean_Phase3 predictor,
cold-sensitive varieties have low mean values in phase 3 for all backscatter.
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Figure 14. Box plot depicting the different predictors extracted from dpRVI time series for different
catch crop types.

When examining dpRVI_sum_Phase2 in Figure 14 and VV, VH, VH/VV_sum_Phase2
in Figure 14, cold-sensitive varieties have very high sum values and are clearly distinct
from other varieties. In contrast, looking at the VV, VH, VH/VV_sum_Phase3 predictors,
cold-sensitive varieties have lower sum values than others. This may be attributed to the
early die-off nature just below the freezing point than other varieties.

Among all crops, grass has the highest Number_of_level shift and this may be due
to consistent mowing, tillage, and plowing activities which might have resulted in abrupt
changes in the time series. This is followed by cold-sensitive crops, as the phenology of
these crops are more affected by frost conditions, which, in turn, reflects in changes in
time series. All other crops have comparatively fewer level shifts, indicating more stable
time series.

When the start of senescence is considered, phacelia, niger, buckwheat, and lupine
exhibit an early onset, typically in December. Other crops like mustard, radish, sunflower,
turnip rape, and field bean have a late start of senescence, often beginning in January.
However, mixture, grass, clover, and vetch exhibit a diverse range, with some parcels
initiating senescence in December and others in January. The predictor DOY_min_Phs1
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holds significant importance as it delineates the date of harvest of main crops, thereby
serving as an indicator for determining the type of catch crop to be sown. For instance,
phacelia, niger, field bean, and clover have early DOY_min. Since all these crops have
winter barley in common as their pre-crop, this indicates the early harvest compared to
winter wheat and this reconfirms our time series findings. Additionally, buckwheat and
grass also found relatively early DOY_min compared to others.

Figure 15. Box plot depicting the different predictors extracted from VV, VH and VH/VV backscatter
time series for different catch crop types.

When looking at the SOS, it is noted that cold-sensitive crops have an earlier Start_of_
Season than others catch crops; hence, they can be taken as an important factor for distin-
guishing the cold-sensitive varieties from others. Considering the End_of_ Season (EOS),
cold-sensitive crops tend to have an early EOS due to their tendency to die off early due
to frost conditions. Also, the observed early EOS for grass can be attributed to the plow-
ing/mowing of grass fields frequently for fodder and main crop cultivation. In legumes,
clover also tends to have an early EOS. Other crops which are resistant to frost conditions
have a higher EOS. Here, the crops which are highly frost-resistant like mustard, radish,
mixture, and field bean have later EOS.

3.7. Kruskal–Wallis H-Test and Its Significance

Here, we conducted the Kruskal–Wallis test to assess the statistical differences among the
extracted parameters for each catch crop, and the findings are summarized in Appendix A,
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Figure A1. The results indicate significant differences in most of the parameters across
various catch crops. Particularly, most predictors exhibited high levels of significance for
cold-sensitive varieties (phacelia, niger, and buckwheat), legume catch crops (clover, lupine,
and vetch), and grass. The high H-statistics, coupled with a high level of significance at
0.001, suggests that these parameters are highly variable and, hence, can be viable inputs for
distinguishing the abovementioned crops from other catch crops. This also helps to utilize
crop-specific predictors for differentiating specific catch crop from other catch crop types.

Moreover, we groped all the catch crops into three groups (cold-tolerant, cold-sensitive,
and legumes) as mentioned earlier, and conducted a Kruskal–Wallis test among these
groups. The results are indicated in Table 4.

For instance, significant predictors such as dpRVI_Peak, SOS, VH_sum_Phs2 and Phs3,
VV_sum_Phs2 and Phs3 and VV,VH_mean_Phs2 show particularly high H-values, sug-
gesting strong distinctions among groups for these variables. The low p-values (p < 0.001,
denoted as 0.000 ***) across most predictors except EOS (End_of_ Season) confirm the
statistical significance, implying that the differences could be further utilized in the classifi-
cation of catch crop types. To verify which catch crop groups are significantly different, we
conducted pairwise Dunn’s test.

3.8. Dunn’s Post Hoc Test and Pairwise Significance

Here, we conducted the Dunn’s post hoc test for parameters that were found to be
highly significant in the Kruskal–Wallis test, and the results are given in Table 5. The aim
of Dunn’s test is to perform pairwise comparisons between groups to determine which
specific groups differ from each other.

In Dunn’s test, the predictors such as VH_sum_Phs2, VH_sum_Phs3, VV_sum_Phs2,
and VV_sum_Phs2 demonstrated high levels of significance across all pairs (CT/CS, CS/L,
and L/CT). SOS shows high significance among CT/CS and CS/L and moderate sensi-
tivity towards L/CT. The predictor dpRVI_Peak exhibited significant differences among
CT/CS and CS/L group pairs (p < 0.001 ***). However, no significant difference was
observed for the L/CT group pair. Similar results were seen with other predictors, such as
VH_mean_Phs3, VH/VV_mean_Phs3, VH/VV_sum_Phs2, and VH/VV_sum_Phs3. On the
other hand, dpRVI_DOY_Peak showed significant differences between CS/L (p < 0.001 ***)
and L/CT (p = 0.003 **), highlighting variations in the day of the year between these crop
groups. No significant differences were observed for the CT/CS pair in dpRVI_DOY_Peak.
Predictors such as dpRVI_mean_Phs2, dpRVI_var_Phs2 do not show any significant differ-
ences across any crop pairs. These results from Dunn’s test not only confirm the significant
predictors identified in the Kruskal–Wallis test but also clarify how these predictors vary
between specific catch crop group pairs.

4. Discussion

The main aim of this study was to highlights the value of Sentinel-1 dense time series
data and its important radar parameters to study the unique temporal characteristics of
different catch crop groups in comparison to main crops. This discussion synthesizes the
key findings and future research.

Radar parameters such as VV, VH, and VH/VV backscatter, dpRVI, and coherence
were analyzed along with precipitation, temperature records, and ground-truth data. A
notable signature difference was observed among different catch crop types based on their
structure, phenological development, sowing time, temperature sensitiveness, and harvest
timings, which, in turn, was fairly reflected in the Sentinel-1 temporal profiles. The type of
main crop cultivated and their harvest have a great influence on the type and time of catch
crop cultivation. This is based on our observation that winter wheat and winter barley,
as dominant pre-crops, impact the sowing dates and growth patterns of subsequent catch
crops. For instance, cold-sensitive varieties are typically sown earlier following the harvest
of WB, which is harvested earlier than WW, allowing these crops to develop more biomass
before winter (refer to SOS and DOY_min_Phs1 from Figure 14). Hence, the inclusion of
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the main crop in the temporal profile analysis gives the knowledge about the status quo,
that is, the current crop rotations including catch crops [69,70].

A distinct temporal profile difference was observed between main crops and catch
crops types (Section 3.1). We observed a high sensitivity of VV and VH backscatter to
phenological stages and crop structure, which is especially evident in main crop cereals
(WW and WB) during booting and heading stages. Both VV and VH backscatter decreases
during the booting stage for both the cereals due to observed maximum signal attenuation.
This is, again, followed by an increase in backscatter during the heading stage due to
emerging vertical ear heads. This decrease and increase was observed recurrently in main
crops for both the years. This pattern in cereals was also confirmed and reported by earlier
studies [30,59,68]. Another interesting thing to note in VV and VH backscatter is their
potential to indicate particular phenological events, such as the bending of ear heads in
WB. During the heading stage of WB, the significant increase in backscatter values was
observed in WB due to the bending of ear heads from vertical to horizontal orientation,
causing a distinct pattern in the radar signal [30,71]. This phenomenon was not observed in
profiles of winter wheat, which shows how SAR is sensitive to crop structural changes and
useful in characterizing the short-term phenological events. Interestingly, this phenomena
was not captured in the temporal profiles of VH/VV and dpRVI, as these parameters are
not sensitive to crop structural changes [59].

Among catch crops, sunflower exhibited higher backscatter due to its broad leaf
nature. Alternatively, grass has low backscatter due to its vertical structure, which leads
to high signal attenuation, and this coincides with previous findings [72]. While there
were some backscatter difference observed for catch crops during early stages and after,
all the crops followed the same pattern, and profiles were found to be mixing with each
other. Among legumes, clover and lupine had less backscatter, as expected, due to their
less competitive nature and vigor. After December, interestingly, VV backscatter for green
mixture started to increase in both years. Green mixtures often have a higher ratio of seed
mixes that can grow in cold temperatures. Therefore, this increase in VV and VH can be
attributed to the sprouting and growth of other cold-tolerant species during winter.

This study found that VH/VV and dpRVI were highly sensitive to biomass and vigor
(Section 3.3), which was in accordance with the earlier findings [59,73]. Both the parameters
increased with crop growth, reached maximum during peak vegetative phase, and again
started to decreases. Interestingly, in both parameters, a slight decrease was observed
during the heading stage. This may be due to the complex canopy architecture of cereals
characterized by vertical ear heads that results in a high degree of randomness and multiple
scattering effects in the heading stage, as reported by [55]. Our findings shows that VH/VV
decreases a little early for cold-sensitive varieties and this can be attributed to their early
die-off nature or due to some management activities carried out in the fields. In the case
of legumes, a marked decline in backscatter was noted for lupine and clover at the onset
of December. Given the high sensitivity of VH/VV backscatter to various management
practices indicated in previous studies [59], this decrease could be due to activities such
as mowing or other related management practices. Towards the end of February, VH/VV
exhibits a noticeable rise, independent of specific crop varieties. This may be attributed
to spontaneous vegetation growth following the removal of catch crops or the resurgence
of previously sown seeds. Therefore, our study reconfirms that VH/VV could serve as a
significant factor in assessing the post-harvest events. Compared to main crops, the dpRVI
values are relatively lower for catch crops. This difference arises because catch crops often
lack the intensive cultivation practices applied to main crops and are typically grown in
autumn, which limits their full growth potential. Hence, the radar-based Vegetation Index
acts as a robust indicator of crop health and growth dynamics, as reported in previous
studies [74,75]. In general, the sensitivity of VH/VV and dpRVI to biomass underscores
their potential in estimating crop yield and assessing crop health, which are critical for
food security.
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Interferometric coherence follows an opposite pattern compared to SAR backscatter
and Vegetation Index concerning the crop growth cycle. Our findings revealed that coher-
ence values are lower (ranging between 0.2 to 0.3) during the peak crop growing period for
both main and catch crops. This phenomenon is primarily attributed to the high volume
scattering from the crop canopy, resulting in a complete decorrelation of the phase, as
reported by previous studies [58,76]. A slight increase in coherence values was observed
for main crops as they approached the ripening and harvest stages, due to low-volume con-
tributions from the crop fields. Interestingly, for catch crops, the coherence values started to
increase from November for cold-sensitive varieties and from December for cold-tolerant
and legume varieties. This increase in coherence values indicates a cessation of further
growth or development in catch crops due to low temperatures, effectively marking the
onset of the dormant phase that persists throughout the winter. A significant correlation
was observed between different phenological stages (sowing, growth, and harvesting
phase) of the crops and radar coherence, as observed by previous studies [77] . Hence, SAR
coherence is found to be an important parameter for identifying broad phenological stages
of catch crops such as the period of active crop growth, structural changes, and also to
obtain an idea about the management practices. However, the high amount of noise present
in coherence data, combined with the observed complete decorrelation during the crop
growing phase, poses a significant challenge in using the coherence data for descriptive
feature extraction. Given that SAR coherence exhibits higher sensitivity to moisture and
precipitation [78], this aspect will be further investigated in the upcoming study.

The observed strong positive trend in VV, VH, VH/VV and dpRVI parameters during
early Autumn (starting from from August) for catch crops is promising and this can be
factor to distinguish catch crops from winter main crops. This similar positive trend
was reported in optical time series for catch crops [19]. Additionally, the observed wide
sowing date difference between the main and catch crops combined with temporal pattern
differences observed in radar signals further aids in distinguishing catch crops from winter
main crops.

For this study, a total of 22 extracted descriptors and phenological metrics were ex-
tracted using an automated and robust phenological procedure from backscatter (VV, VH,
VH/VV) and dpRVI for catch crops (Section 3.6) to serve as critical information sources for
discriminating different catch crop types. In general, phenological metrics are commonly
extracted using optical data. However, effective retrieval can be hindered by significant
cloud cover throughout most of the winter period, leading to missing information. In con-
trast, microwave backscatter retrieval is practically unaffected by atmospheric conditions,
allowing it to provide insights about how sowing, peak vegetative stage, and harvest timing
vary with crop types, as reported in several studies [61]. Thus, this study investigated the
potential of SAR data in general and S-1 data in particular to monitor the phenology of
catch crops using previously automated and robust phenological procedures evaluated in
many studies in the optical domain to separate the phenological cycles and estimate the
phenological parameters from the time series [62,64].

The individual crop-wise H-test results showed that defined predictors based on
dpRVI, VV, VH, and VH/VV have high statistical significance among different catch crop
types, especially for cold-sensitive catch crops (phacelia, niger, and buckwheat), grass,
clover, lupine, and vetch. This separability is primarily attributed to the early sowing of
cold-sensitive varieties compared to others, which is reflected in the predictors, namely,
Start_of_ Season (SOS), dpRVI_Peak, and dpRVI_DOY_Peak. This early sowing leads to
accelerated biomass development, significantly influencing the SAR parameters. Due to
the observed low biomass and less competitive growth characteristics, crops such as clover,
lupine, and vetch demonstrate some degree of separability from other species. However,
some catch crop types, such as mustard, radish, sunflower, turnip rape, and field bean,
exhibit similar behavior and do not show significant differences in the Kruskal–Wallis
test. Their planophile crop architecture, along with comparable growth patterns and
tendencies [79], makes it challenging to distinguish. Promising results were obtained
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when catch crops were grouped into three broad categories. Dunn’s post hoc test revealed
significant variations among cold-sensitive, cold-tolerant, and legume crops, providing a
robust statistical foundation for further classification of catch crops. These advantageous
additions, combined with the consistent temporal resolution of radar indices profiles
across seasons, irrespective of environmental factors like cloud cover, further enhance the
transferability of the phenological procedure. Additionally, the predictable annual growth
pattern of catch crops during each growing season—such as being sown after the main
crop harvest and harvested before the next planting season—ensures that the adopted
approach for descriptors and phenological metrics retrieval remain robust and adaptable
across various regions and timeframes, which adds to its overall effectiveness.

Our literature review states that no previous studies have focused on analyzing the
detailed temporal behavior of catch crops using radar parameters. Therefore, this study
acts as a reference and provides initial insights for future research employing SAR data
to explore catch crop behavior. The current limitation of the study includes the reduced
temporal resolution of time series from the year 2022, caused by the malfunctioning of
the Sentinel-1 B sensor. However, this issue is expected to be resolved with the upcoming
launch of Sentinel-1 C into orbit. While our study focuses exclusively on using data from
the ascending orbit, it would be also interesting to combine and examine the data from the
descending orbit to see the differences.

5. Conclusions

Since SAR has biggest advantage of obtaining continuous data both temporally and
spatially, the information obtained from Sentinel-1 is highly reliable compared to optical
data. Specifically for catch crops, where their entire growing period falls in the late autumn
and winter months, developing an SAR-alone approach for catch crop mapping is essential.
As a further step, studying Sentinel-1-based polarimetric parameters and their underlying
scattering mechanism with respect to catch crop types is advantageous, which will be taken
up in our upcoming study. With all the Sentinel-1-based potential parameters and the
machine learning model, an effective approach can be developed for discriminating and
mapping different catch crop types. The present study is limited to specific geographic
region (Brunswick), which may affect the generalizability of the findings. To overcome this,
reference data should be included across the whole of Germany. Additionally, including
precise time series in situ data containing information about sowing, harvest, tillage,
and plowing events combined with environmental variables can greatly contribute to
robust models.
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Appendix A. Kruskal-Wallis Crop-Wise Test Results

Figure A1. Kruskal Wallis H and p-value statistics for each predictor based on individual crop-wise
test. *, **, *** indicate 0.05, 0.01, and 0.001 level of significance.
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