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Tracking	Crop	Phenology	across	different	Sentinel‐1	
Orbits	by	Combining	PolSAR	Features		

with	Growing	Degree	Data	
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Abstract: This study harnesses Sentinel-1 time series of Alpha, Entropy, VV and VH 
backscatter intensities as well as their cross ratio to monitor phenological development in 
wheat, sugar beet, canola, and potatoes in Demmin (Germany) for the years 2017 to 2021 
Overcoming challenges ranging from separate viewing geometries (incidence angles re-
spectively) to different parametrizations of a smoothing algorithm, the assimilation of 
Growing Degree Days is introduced to enhance tracking capabilities. Time series analysis 
explores changes in crop and orbit-specific signals, addressing systematic offsets and the 
tracking reliability of polarimetric Sentinel-1 features. The study extends insights to can-
ola, sugar beet, and potatoes, revealing common patterns at landscape level. Establishing 
a repository of remotely sensed phenological events, this research facilitates comparative 
analyses, enhancing crop monitoring and climate resilience assessment. 

1 Introduction 

In recent years, the Essential Variables (EV) concept has emerged as a tool to assess progress 
towards Sustainable Development Goals across policy domains (REYERS et al. 2017). GEO-
GLAM currently defines key agricultural EVs, with a focus on phenology, particularly the 
current crop stage (GILLIAMS et al. n.d.). Phenology, crucial for crop management, provides 
vital information related to plant productivity and growth, especially during specific stages of 
the crop life cycle that are highly susceptible to meteorological conditions (GAO & ZHANG 
2021; SAKAMOTO et al. 2013). Given the increasing frequency of extreme weather events and 
the complexities of climate adaptation and resilience, there is a growing demand for this infor-
mation (Shorachi et al. 2022). Earth observation data, particularly Radar data, has been exten-
sively studied in agriculture as a potential information source (STEELE-DUNNE et al. 2017). The 
launch of Sentinel-1 A&B has notably increased research interest in Synthetic Aperture Radar 
(SAR) data (NASRALLAH et al., 2019; PASTERNAK & PAWŁUSZEK-FILIPIAK 2023). In tracking 
crop phenology, three main analytical approaches have been established: (i) classifiers like 
Random Forest or deep learning (LOBERT et al. 2023; MERCIER et al. 2020), (ii) stochastic or 
statistical modeling (Canisius et al. 2018), and (iii) time series metrics (TSM)(KHABBAZAN et 
al. 2019; LÖW et al. 2021). This study specifically focuses on TSM in form of extreme value 
and breakpoint analyses. To describe plant growth, the BBCH-scale, which categorizes plant 
growth into micro and macro stages, is employed in this study. The terms "events" and "stages" 
are used interchangeably, without distinguishing between macro and micro stages. However, 
when a development is associated with a specific BBCH value, it is referred to as such. 
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This study tracks the phenological development of diverse crops, namely wheat, sugar beet, 
canola, and potatoes, providing a more comprehensive understanding compared to studies fo-
cusing on specific crops or families (HARFENMEISTER et al. 2021; SCHLUND & ERASMI 2020). 
Addressing the challenge posed by HARFENMEISTER et al. (2021), who emphasized the unreli-
able use of chronological occurrence of TSM for phenological allocation, we introduced agro-
meteorological data, specifically Growing Degree Days (GDD) (MCMASTER & WILHELM 
1997), as a baseline to enhance phenological tracking. The mission-ending malfunction of S1B 
introduced a new aspect, necessitating the integration of multiple orbits to maintain a compar-
atively dense time series due to the loss of the six-day repetition rate. 
As of January 2022, reliance on the S1 twin constellation's six-day repetition rate is no longer 
feasible. Consequently, we utilized archived data to concurrently track phenological develop-
ment across different orbits, examining potential differences in their response, i.e. due to dif-
ferent viewing geometries and different incidence angles. The current assumption is that dif-
ferences become negligible once a certain biomass volume is present (MERCIER et al. 2020). 
While previous studies addressed this question over wheat fields and sunflower plantations, 
they either focused on deriving biophysical parameters or exclusively investigated backscatter 
(ARIAS et al. 2022; QADIR et al. 2023), but not to phenology. To address these research gaps, 
the study poses the following questions: 

 What are the major changes within a crop and orbit-specific signal during the growing 
season, and how are they linked to the plant's phenological development? 

 How reliably can these changes be tracked across multiple growing seasons? 
 Is there a recurring offset between plant changes and signal changes, and is it associated 

with orbit-specific viewing geometries? 

2 Materials and Methods 

2.1 Study area and data 
The study area, situated in northeastern Germany in Mecklenburg-West Pomerania, experi-
ences a temperate Middle-European climate with an average annual precipitation of 550 mm, 
perennial humidity, and a mean air temperature of 8.3 °C. Established in 2001 by the German 
Aerospace Center (DLR) as an Earth observation calibration site, DEMMIN is part of 
TERENO since 2008 and a member of JECAM since 2018 (SPENGLER et al. 2018). 
Crop and parcel data in DEMMIN were extracted from the German integrated administration 
and control system (InVeKoS) for 2017-2021, focusing on wheat, sugar beet, canola, and po-
tatoes. The study disregards distinctions between starchy and non-starchy potatoes as non-crit-
ical for phenological analysis. Field selection prioritized relevant sizes (3 ha for wheat, canola, 
sugar beet; 2 ha for potatoes) to minimize pixel contamination (LOBERT et al. 2023). 
In situ phenological observations were obtained from the German Weather Service's (DWD) 
observer framework. Due to limited DWD coverage, average occurrence date at the state-level 
serves as the primary validation layer. This dataset also provides deviation from the mean ob-
servation date, offering a site-specific perspective on phenological progress. Recorded DWD 
phenological events were translated to the BBCH scale for comparability with other studies. 
Fig. 1 shows the area of interest as well as the coverage by the modified Invekos data. 
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Fig 1:  Study area of Demmin with Invekos data of targeted crops 

2.2 Growing degree and Sentinel-1 data 
GDD are heat units commonly employed to characterize the progression of biological pro-
cesses (MCMASTER & WILHELM 1997). They represent the accumulation of these units and 
serve as a widely used tool for simulating crop growth. The fundamental interpretation of this 
concept is computed as follows: 

𝐺𝐷𝐷 ൌ ቈ
ሺ𝑇௠௔௫ ൅ 𝑇௠௜௡ሻ

2
቉ െ 𝑇௕௔௦௘ 

Equation 1: Simple form of calculating growing degree 

 
The equation 1 employs Tmax for daily maximum air temperature, Tmin for daily minimum air 
temperature, and Tbase for the temperature below which no plant growth occurs (MCMASTER & 

WILHELM 1997). Widely used to translate crop phenology into crop maturity for yield models 
(MCNAIRN et al. 2018), it has faced criticism for its linear nature, particularly in extreme and 
variable weather conditions (RITCHIE & NESMITH 2015; STINNER et al. 1974). To address these 
concerns, a more sophisticated method proposed by ZHOU & WANG (2018) is adopted. Given 
our observation period with extreme drought in Germany (SCHLUND & ERASMI 2020), this 
method calculates an hourly temperature time with three parameters: Tu for the upper temper-
ature limit, Topt for optimal temperature where maximum growth occurs, and Tb for the base 
temperature (ZHOU & WANG 2018). 
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Equation 2: Sophisticated form of calculating growing degree 

DWD provides air temperature data for the 2017-2021 observation period, interpolated from 
DEMMIN's network with a native spatial resolution of 500 × 500 meters per pixel and a tem-
poral resolution of one hour, using ordinary kriging (HAßELBUSCH & LUCAS-MOFAT 2021). 
The GDD are aggregated as the daily mean of Heat Time Threshold (HTT) based on this da-
taset, serving as the second layer of validation in combination with in-situ observations rec-
orded by DWD. These calculations, defining phenological stages as x plus or minus y GDD, 
are performed on the open data cube platform (ODC) using Python. Table 1 details temperature 
thresholds by crop type, derived from literature included in Table 1. 

Tab 1: Specifications of thresholds of air temperature for calculating GDD 

Crop type Tbase Topt TU references 

wheat 0 21 31 (JACOTT & BODEN 2020; 

MCMASTER & SMIKA 1988) 

canola 4 25 34 (DERAKHSHAN et al. 2018) 

sugar beet 7 24 32 (RADKE & BAUER 1969; 

TERRY 1968) 

potato 5 22 30 (HAVERKORT & VERHAGEN 

2008; RYKACZEWSKA 2015) 

 
The S1 data time series spans relative orbits 146, 95, and 168 from 2017 to 2021, totalling 
about 1050 images. Acquired in Interferometric Wide Swath mode with VV/VH polarization, 
Single Look Complex (SLC) was chosen for polarimetric feature calculation and decomposi-
tion. The respective incidence angles and flight directions are listed in Table 2. 

Tab 2: Overview of relative orbits, their flight direction and range of incidence angles 

Orbit ID Flight direction Min. angle [°] Max. angle [°] 
146 ascending 30 41 
168 descending 30 41 
95 descending 41 45 

 
PyroSAR (TRUCKENBRODT et al. 2019) and SNAP (Version 9) were used for pre-processing 
within an ODC environment. The processing chain included terrain flattening, multi-looking 
(one look in azimuth and four looks in range), speckle filtering with a 5x5 boxcar filter, and 
Range-Doppler Terrain correction, resulting in a 20m x 20m spatial resolution and gamma 
nought (GN) backscatter. Cross-pol (CR) ratio (VV-VH) was calculated, and Alpha (ALP) and 
Entropy (ENT) were derived from a C-2 Matrix (CLOUDE & POTTIER 1996). SRTM data (1 
Arc-second) served as the digital elevation model. This set of S1 features, including VV/VH 
backscatter, CR, ALP, and ENT has been proven in various studies to accurately reflect 
changes in plant physiognomy throughout the crop life cycle (LÖW et al. 2021; SCHLUND & 

ERASMI 2020; VREUGDENHIL et al. 2018). 
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2.3 Multi orbit time series analysis 
This study integrates two spatial scales: the field level and a higher level, such as a landscape, 
region, or any other artificial or natural stratum. In this particular investigation, the higher level 
(landscape level) corresponds to the extent of the DEMMIN test site. 

2.3.1 Time series generation at field level 
This study addresses the challenge posed by variations in smoothing algorithms and parame-
terization when monitoring phenological development using TSM such as break points 
(VERBESSELT et al. 2012; VERBESSELT et al. 2010) and extrema. To overcome this issue, the 
study assumes that major changes induced by phenology in crop SAR signatures remain con-
sistent across multiple parameterizations of a smoothing algorithm. This assumption is sup-
ported by the comparison of results between SCHLUND & ERASMI (2020) and LÖW et al. (2021), 
who employed the same smoothing technique with different parameterizations to track com-
mon and different stages of winter wheat. To test this assumption, the study uses locally 
weighted scatterplot smoothing with tri-cubic weight and one-degree polynomial regression 
(LOESS) (CLEVELAND 1979), iterating the smoothing degree (span) from 0.05 to 0.5 in incre-
ments of 0.05 for each field. This span range covers scenarios from close to raw data (0.05) to 
strongly oversmoothed (0.5). Subsequently, histograms with a bin size of six days (matching 
the S1 revisit rate) are generated for extrema and break point occurrences at the field level. Fig. 
2 illustrates this part of the framework, comparing two different acquisition geometries and 
exploring year-to-year variations within the same acquisition geometry.  

 

Fig 2:  Generation of field-based histograms for each S1 feature containing the distribution of TSM 
across all-time series generated by differently parametrized LOESS smoothing 

Separate histograms are created for extrema, distinguishing between minima and maxima, and 
additionally without the differentiation between those two types. The latter approach may in-
dicate absence-based tracking, focusing on phases characterized by the lack of detectable 
changes observed through extrema. 
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2.3.2 Pattern extraction and tracking of phenological stages 
Following the field-level analysis, histograms are generated at the landscape level for each crop 
type to visualize the overall distribution in the targeted area. Focusing on significant occur-
rences, a percentile-based approach is adopted. For extrema, the threshold is set at 0.9, equiv-
alent to a significance level of 0.1. However, after examining histograms at a threshold of 0.9, 
the threshold for break points is adjusted to 0.8 to avoid underestimating the relevant number 
of occurrences. Fig. 3 illustrates the overall framework of the landscape-level analysis. 

 

Fig 3:  Generation of landscape level histogram for each Sentinel-1 feature containing the distribution 
pattern of relevant events within the time series for all fields of a specific crop identified by a 
threshold in number of occurrences 

In a third step, an overlay is performed with the crop-specific GDD baseline, where significant 
occurrences of TSM are associated with specific ranges of GDD values. 
This facilitates the allocation of phenological stages by matching them with the temporally 
closest phenological observation by DWD using differences in days and GDD (Day_observed 
– Day_tracked or GDD_observed – GDD_tracked). Executing this analysis in a multi-annual 
framework and for each relative orbit aims to uncover phenological events shaping crop-spe-
cific time series, providing insights into active and inactive periods within plant life cycles. It 
also reveals aspects of the plant life cycle not covered by the DWD monitoring framework, 
suggesting added value for Earth Observation-based phenological monitoring by filling data 
gaps.  

3 Conclusion & Outlook 

Since this contribtion’s scope is limited, only the analysis output for wheat is shown as an 
exemplary exhibition of the extent of this analysis. All four investigated crop types have been 
investigated for relevant patterns of TSM at the landscape level. When looking at the exemplary 
patterns of wheat in Fig. 4, the following stages are highlighted.  
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Fig 4:  Distribution of relevant break points at the landscape level by orbit and year displaying pat-
terns of increased occurrences in trend changes of the wheat specific time series. Being put 
in relation to Growing degree accumulation (GDD) and in situ observations of BBCH stages 
according to their 5-year GDD mean value and its standard deviation (grey areas) 

ALP and ENT seem to pick up changes befor BBCH 30, around 250 GDD. Another major spot 
of trend changes is between BBCH 30 and 60 around 1000 GDD, hereby there is time shift 
related to years, where relative dry years of 2018, 2019 tend more towards BBCH 60 where as 
2017 and 2021 are closer to BBCH 30. This shift is in line with stress related plant develop-
ments, where a plant shortens its vegetative period to conserve energy for its reproductive 
stage. The next conclusive accumulation of trend changes for ALP, ENT is between BBCH 99 
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and 0 which is related to the cultivation of intermediate crops such as mustard seed or clover. 
During this period ENT exhibits a less spread distribution, suggesting less sensitivity to devel-
opments of intermediary crops. At the end of the season (around DOY 300) both feature a break 
point accumulation. While BBCH 0 is covered by it it is more centered around BBCH 10 sug-
gesting that Leaf development has a larger impact on the crop signature than cultivation. 
The distributions of backscatter exhibit a similar behaviour, but one of the major differences 
is, that VV, VH and CR exhibit trend changes around 2000 GDD and BBCH 87. Furthermore, 
when comparing the compactness of distributions of ALP, ENT and VV, VH and CR by year 
and orbit ALP, ENT showcase less denser clusters, which suggest, that they are more sensitive 
to their respective viewing geometry. The analysis of maxima and minima revealed clusters in 
similar ranges of GDD values and around the same BBCH stages. Minima in ENT, ALP and 
CR signatures are linked to GDD values around 250 as well as the intermediary period; whereas 
VV and VH react to changes in plant structure at the onset of BBCH 60 between 1000 and 
1250 GDD. When comparing the distribution of maxima to the minima’s distribution across 
the season, ALP, ENT and CR change coverage with VV and VH. However, VV and VH are 
more sensitive towards plant changes around BBCH 87 and BBCH 99 as to changes in the 
intermediary stage. Furthermore, the distribution of minima appears far less concentrated, es-
pecially during the intermediary crop stage. This concurs with the following observation made 
during analysis: the occurrence and count of extrema is closely linked to the degree of smooth-
ing.  
The results of analysing potential systematic offsets related to viewing geometry, year and 
BBCH stage in break point occurrences are shown in Fig. 5. At first glance, the distributions 
of all features get more heterogenous with the increase in BBCH-value and no systematic shift 
by year or orbit is visible.  Exceptions are made by ALP, ENT and CR in the year 2021 for the 
orbits 95 and 168 at BBCH 30 and VV at BBCH 87 and 99 for orbit 168 during the years 2018, 
2020, 2021. As in the analysis shown above, CR, ALP and ENT display similar behaviour. 
Because VV displays the most compact smallest offsets measured in days, it is suggested that 
many crucial changes in wheat phenology are related to vertical plant elements susceptible to 
surface scattering (LÖW et al. 2021). Also, the emergence of subsequent winter crops (BBCH 
10) can be tracked with a small offset by all features. In regard to extreme value analysis, the 
patterns of the first step of analysis can be found. Relevant clusters of minima in VV and VH 
signatures are found close to BBCH 30 and 60, where at the stage of BBCH 30 a negative offset 
was observed. This negative offset is indicative for responsiveness towards developments that 
occur at later micro stages of BBCH 30 such as BBCH 33 or 35. A similar behaviour is reflected 
by maxima derived from signatures of ALP, ENT, and CR. Whereas maxima of VH signatures 
produce the best temporal match to BBCH 87. Additionally, this part of the analysis reveals 
another difference between extrema and break points. In the early stages of plant development 
(BBCH 0 to 30) extrema exhibit a greater sensitivity towards viewing geometry. Here tenden-
cies to cluster by orbit and year can be detected. This indicates that after BBCH 30 the volume 
of biomass negates the effects of viewing geometry on forming crop specific signatures (MER-

CIER et al. 2020).  
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Fig 5: Temporal offset between relevant clusters of break points at landscape level and BBCH 
stages of wheat by year and relative orbit illustrating distribution patterns related to viewing 
geometries and years  
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The aggregated results of the previous part of the break point analysis are displayed as mean 
deviation by orbit, phenological stage and S1 feature alongside the variance of said deviation 
in Fig. 6. In an aggregated form the early stages of crop development (BBCH 0 and 10) exhibit 
an offset of around 10 days with a standard deviation of up to 6 days in all orbits and feature. 
Regarding BBCH 30, all features from orbit 168 as well as VV of all orbits and VH of orbit 95 
display a negative offset of up to 10 days with a variance of below 10 days. Hence, in this stage 
of plant development features derived from orbit 146 and especially VV are most likely to yield 
- promising results for crop monitoring. Similar observations can be made for BBCH 60. How-
ever, the standard deviation of VV from all orbits is smaller than of any other feature. In this 
case the importance of viewing geometry is deemed irrelevant. BBCH 87 or yellow ripening 
also is best captured by VV. But here the results indicate that orbit 146 and 168 produce more 
stable results in break point allocation. BBCH 99 or harvesting is also most reliably tracked by 
VV or CR from orbit 146 and 168. However, by displaying a positive offset VV seems to track 
harvesting events earlier than CR. The investigation of minima showed that reliable tracking 
is only possible for BBCH 30 and 60 using VV and VH. Hereby, BBCH 30 is covered by orbits 
146 and 168 for VV and orbit 95 and 146 for VH. Also, there is a negative offset of around 18-
20 days, suggesting that minima pick up changes from a later micro stage of BBCH 30 such as 
BBCH 33 or 35. Flowering or BBCH 60 is more likely to be tracked by VV from orbit 168 and 
146 as well as VH from orbit 95. As initially observed in the previous step, maxima in ALP, 
ENT and CR are deemed to reliably track BBCH 30 and 60 across all orbits. In the case of 
BBCH 30 an offset similar to the one of minima occurs. Changes around BBCH 87 are picked 
up by ALP, ENT, CR and VH across all orbits. VH exhibits the smallest offset, whereas ALP, 
ENT and CR show and increasingly positive offset and variance by orbit, indicating a sensitiv-
ity to viewing geometry. The offsets vary between 30 (orbit 168) to 47 (orbit 95) days. A similar 
pattern emerges at BBCH 99, but features from orbit 95 except for VV are not deemed reliable. 
The positive offsets in both phenological stadia can be interpreted in two ways. Either the phe-
nological development of the focus region is around 20 to 40 day ahead of the average at federal 
state level or these features are more sensitive towards earlier changes during the ripening 
stages. 
The same steps were conducted for the other crops: canola, sugar beet and potatoes. This pro-
vides and comparative and exhaustive overview of monitoring capabilities of S1 time series 
for a variety of crops. Furthermore, the analysis of relevant break point patterns uncovered 
stages of plant development for canola, potato and sugar beet which can be reliably tracked 
and are not covered by the DWD’s statistics at federal state level. VV and VH signatures of 
canola produce a cluster at around 800-1000 GDD and DOY 175. Potatoes’ signatures of all 
features, except VH produced a break point pattern of relevance at around 1200 GDD and DOY 
200. Including VH a second pattern was found at around 1750 GDD and DOY 250. In regard 
to sugar beet, the additional pattern across all features was found at around 1500 GDD and 
DOY 200. Explaining the patterns of sugar beet and potato only by DWD observations proved 
to be difficult, because these two crops are among the less intensely monitored at federal state 
level. Only BBCH 0, 10 and 39 are covered by these statistics.  
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Fig 6.:  Relevant occurrences of break points and their mean deviation by orbit, phenological stage 
and S1 feature alongside the variance of said deviation displaying their reliability in tracking 
certain BBCH stages (features below the dotted line) 

In summary, this contribution presented a framework, that was able to capture and describe 
major parts of the inherent randomness (WOODHOUSE 2006) of SAR based time series derived 
over crop land. After analysing, the iteration of smoothing and its resulting distributions of 
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TSM it became apparent, that the selection and parametrization of the smoothing algorithm are 
an essential factor in evaluating TSM based results. This insight leads to the following conclu-
sion: understanding and comparing results of studies presented by TSM focused work can only 
be done by rough estimates or educated guesses, if the selection and parametrization process 
of the smoothing algorithm is not transparent. Otherwise, the dimension of inaccuracy and 
information loss by introducing a smoothing algorithm cannot be assessed by the audience. In 
regard to employing extreme value analysis this study also reemphasizes the findings of MER-

ONI et al. (2021), that a distinction between phenologically relevant and irrelevant extrema has 
to be made. Furthermore, it is concluded that extreme value analysis for SAR time series is 
best used, when there is a predetermined type sequence of extrema (e.g. max-min-max) that 
represents the targeted phenological developments.  
In regard to future research, the next step would be to include InSAR coherence, which pro-
vides data on the temporal decorrelation during the plant life cycle, thus adding an additional 
source of information. Moreover, this examination of phenologically induced patterns using 
Sentinel-1 time series data at the landscape scale suggests two prospective avenues. Firstly, it 
facilitates the discernment of field-level dynamics within the broader landscape pattern, provid-
ing spatially explicit insights into a field's phenological progression relative to the overall trend. 
Anomalies in these patterns may indicate field-specific stressors such as lodging or pest infes-
tations. Secondly, this research establishes a repository of documented phenological events 
associated with a growing degree baseline. Unlike purely retrospective records generated by 
break point and extreme value analyses, which encounter challenges in near-real-time applica-
tions, the satellite and GDD-based records in the archive can be harnessed for comparative 
scenario analyses. These analyses may evaluate the current season's performance by con-
trasting Sentinel-1 time series and GDD accumulation with previously tracked phenological 
developments in past seasons. Integration of weather forecasts can enhance this analysis, 
providing a forecasted outlook that estimates the ongoing season's phenological progress in 
comparison to recorded seasons, utilizing the projected GDD accumulation. 
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