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Abstract

Global challenges such as climate change and population growth require improvements in
crop monitoring models. To address these issues, this study advances the identification
of potato crop phenological stages using satellite remote sensing, a field where cereals
have been the primary focus. We introduce a methodology using Sentinel-1 (S1) and
Sentinel-2 (S2) time series data to pinpoint critical phenological stages—emergence, canopy
closure, flowering, senescence onset, and harvest timing—at the field scale. Our approach
utilizes analysis of NDVI, fAPAR, and IRECI2 from S2, alongside VH and VV polarizations
from S1, informed by domain knowledge of the spectral and morphological responses of
potato crops. We propose the integration of NDVI and VH indices, NDVI_VH, to improve
stage detection accuracy. Comparative analysis with ground-observed stages validated
the method’s effectiveness, with NDVI proving to be one of the most informative indices,
achieving RMSEs of 12 and 14 days for emergence and closure, and 17 days for the onset
of senescence. The integrated NDVI_VH approach complemented NDVI, particularly
in harvest and flowering stages, where VH enhanced accuracy, achieving an overall R2

value of 0.80. The study demonstrates the potential of combining SAR and optical data for
post-season crop phenology analysis, providing insights that can inform the development
of new methods and strategies to enhance on-season crop monitoring and yield forecasting.

Keywords: monitoring; potato crop; phenological stages; Sentinel-1; Sentinel-2

1. Introduction
The interrelation of nutrition, climate change, and agriculture significantly impacts

global food security [1]. Research consistently demonstrates the detrimental effects of
climate change on various aspects of food production, including crop diversity, quality,
quantity, and market prices, primarily due to shifts in precipitation and temperature
regimes [2–4]. Rising global populations further compound the challenge of ensuring food
security, especially in regions like Africa [5]. The Ref. [6] has documented a rise in global
mean air temperature by approximately 1.0 ◦C over the past 150 years, with projections
of an additional increase of around 1.5 ◦C between 2030 and 2052. Such temperature
trends influence the water cycle by escalating evaporation rates [7] and altering regional
precipitation patterns, potentially leading to more pronounced disparities between wet and
dry regions and varying drought intensities [8]. Although global precipitation has seen
a marginal increase over the last century [9], the distribution remains uneven and poses
a risk to agriculture. In this setting, the ability to monitor and understand crop status is
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critical for assessing the effects of climate change on food production and for informing
effective management strategies that enhance crop productivity [10].

Understanding crop phenology—the timing of plant growth stages—is crucial for
precision agriculture and optimizing plant responses to environmental conditions [11,12].
Past research has linked temperature and day length to the phenological development of
various crops [13–16]. However, phenological variability can also be significantly influenced
by several other factors, such as planting date, crop varieties, and farming practices, even
within the same climatic conditions [17].

Remote sensing offers a cost-effective way to monitor the phenological status of
crops on a large scale. The Copernicus Sentinel satellites, namely Sentinel-1 (S1) and
Sentinel-2 (S2), provide high spatial and temporal resolution data that are invaluable for
this purpose [18]. While S1 satellites deliver Synthetic Aperture Radar (SAR) imagery that
is not hindered by cloud cover or daylight conditions, S2 satellites provide multispectral
imagery across 13 spectral bands. Together, they offer a comprehensive view of crop
conditions throughout the season.

Vegetation indices (VIs) derived from satellite imagery serve as valuable tools for
monitoring crop phenology, leveraging imagery with high spatial and temporal resolution
to detect phenological stages [19]. Analytical methods often employ processed time series
data, integrating filtering and smoothing techniques to identify threshold values or inflec-
tion points that signal key phenological events [20]. Among these indices, the Normalized
Difference Vegetation Index (NDVI) stands out for its wide application in tracking pheno-
logical development [21], as it measures vegetation health status by analyzing differences
in red and near-infrared reflectance. However, the reliance on optical remote sensing can
be hindered by cloud cover, which obscures observations and limits data usability [22]. In
contrast, Synthetic Aperture Radar (SAR) imagery, which is not constrained by lighting
conditions or clouds, offers an alternative for continuous monitoring, though it has its own
limitations (e.g., ground relief). SAR technology has proven effective in providing informa-
tion analogous to that derived from optical sources, including measurements of Leaf Area
Index (LAI), biomass, Vegetation Water Content (VWC), and crop height, contributing to
our understanding of crop status throughout the season [23–25]. Moreover, SAR imagery
has been successfully applied to detect changes in crop phenology, offering insights into
the temporal dynamics of plant development [26]. Recent research highlights the promise
of SAR data for discerning plant growth phases and phenological transitions in various
crops, such as winter wheat, rapeseed, sugar beet, and maize, expanding the applications of
remote sensing in agriculture [26–30]. By combining SAR’s structural insights with optical
data’s detailed spectral information, this synergy can offer a more comprehensive view of
crop conditions. Despite these advantages, the approach remains relatively underexplored,
requiring further research to optimize its use across diverse agricultural contexts [28,31,32].
Phenology detection in certain crops, such as the globally significant potato (Solanum tubero-
sum L.), has not been extensively studied, indicating a gap in current research that this
study aims to address.

The potato ranks as one of the most cultivated crops globally and plays a vital role in
sustaining food security, particularly in developing nations [33,34]. Accurate knowledge of
potato phenology, encompassing the entire growth cycle from sprouting to senescence, is
essential for optimizing agricultural practices and improving yields. The widely recognized
BBCH scale (acronym for Biologische Bundesanstalt, Bundessortenamt, and Chemische
Industrie) details these growth stages, providing a standardized framework for agronomic
management [35]. The sensitivity of potato plants to external environmental factors such as
temperature, soil moisture, and pests underscores the necessity of monitoring these factors.
Phenological responses can vary significantly among cultivars and directly influence crop
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health and productivity. For example, studies have shown that high temperatures can
impede the onset of tuber formation and curtail the growth period, leading to a decline in
both the growth rate and final tuber yield [36,37]. Temperature fluctuations also correlate
with the timing and severity of disease outbreaks, affecting crop outcomes [38,39]. The role
of soil moisture is equally critical, as it can drastically affect yield, especially when water
stress occurs during the early stages of tuber formation [40]. Given these factors, the ability
of Sentinel-1 and Sentinel-2 time series to identify and predict phenological stages becomes
imperative for managing inputs, anticipating stress factors, and ultimately securing the
high yields necessary for food supply. While there are some limitations (e.g., cloud cover,
layover, etc.), their 5- and 6-day revisit times are relatively sufficient for phenology detection
(e.g., [28,29]).

This study aims to evaluate the potential of S1 and S2 time series data for identifying
key phenological stages in potato crops at the field scale. We validated our method using
five years of in situ measurements from the Castilla y León region in Spain. Additionally,
we propose a new hybrid method, the NDVI_VH, which leverages insights from both data
sources to enhance detection accuracy and robustness.

2. Materials
2.1. Study Area and In Situ Data

The study area is situated within the Castilla y León region of Spain, the country’s
foremost potato-producing region, with an estimated 17,300 hectares dedicated to this
crop [41]. Characterized by a Mediterranean climate with cool, dry summers and cold,
rainy winters (Csb) [42], the region’s potato cultivation season typically spans from April
to October. Variations in growing periods are influenced by factors such as potato variety
(e.g., early, medium, or late maturity) and regional differences like climate and soil type.

In this study, potato fields are arranged in a ridge and furrow system and use sprinkler
irrigation, which is managed by the farmers to ensure optimal water supply for the crops.
The research encompasses eight distinct potato cultivars, each selected based on maturity
classification for consumption purposes. This diversity allows the study to capture a wide
range of growth timelines across similar weather conditions. Comprehensive ground-field
data were collected from 50 fields over five years (2017–2021) with in situ periodic visits,
conducted every 7–10 days, depending on the information provided by the potato growers,
to monitor the crop development and collect data on phenological stages. Field areas
ranged from 1.1 to 27.1 hectares, with an average size of 6.6 hectares (std = 5.5 ha). Field
boundaries were obtained from the SIGPAC dataset [43] and validated through on-site
supervision, where growers’ reported parcel IDs were verified in situ using GPS to confirm
a match with the digital parcel border. An inner buffer of 20 m was applied to minimize
edge effects and ensure that the extracted spectral signals originated from within the
parcel boundaries.

For this study, four critical phenological stages were identified using the BBCH-
scale with its 3-digit code: Emergence (009), where the first shoots become visible above
the soil surface; Closure (309), when the plant canopy covers the ground between rows;
Flowering (608), marked by the appearance of the first flowers; and Onset of Senescence
(901), characterized by the beginning of leaf yellowing and decline in plant vigor. Each
stage was visually confirmed when approximately 50% of plants in a field reached the
target development phase. Due to the variability in the timing of field visits (every 7 to
10 days), a degree of uncertainty is inherent in the stage determination. Growing degree-
day (GDD) calculations were performed for each phenological stage using the equation:
GDD = (Tmax + Tmin)/2—Tbase, where Tmax and Tmin are the daily maximum and
minimum temperatures, respectively, and Tbase is the base temperature, set here at 7 ◦C in
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line with [44]. Importantly, our GDD calculations commenced from each field’s documented
planting date, providing a consistent starting point for our analysis. The term ‘Days After
Planting’ (DAP) refers to the number of days elapsed since the planting date of the crop. In
our study, we specifically examined the period from 0 DAP (the day of planting) to 199 DAP.
This 200-day period was selected based on expert knowledge of the region’s agricultural
practices and the growth cycles of the specific potato varieties under study. It represents a
conservative timeframe that ensures the full growth cycle of the crop is captured, including
all critical phenological stages up to and beyond the typical maturation point. By extending
to 199 DAP, we aimed to mitigate the risk of prematurely ending our observation period
and potentially missing late-season phenological events or variations in harvest timing due
to unforeseen factors.

This considered periodization allowed for a standardized comparison across fields
and years and was crucial for aligning satellite observation data with the observed
phenological stages.

2.2. Satellite Data
2.2.1. Sentinel-1 (S1)

S1 imagery was acquired using the COPERNICUS/S1_GRD_FLOAT collection on
the Google Earth Engine (GEE) platform. The S1 mission provides data from a dual-
polarization C-band Synthetic Aperture Radar (SAR) instrument operating at 5.405 GHz (C
band), with a nominal revisit time of 6 days. However, the revisit time was impacted by the
S1B satellite failure, which occurred in December 2021, resulting in a complete dependence
on S1A for continued data acquisition [45]. The data were acquired in the Interferometric
Wide (IW) swath mode, offering a 250 km swath with a spatial resolution of 5 × 20 m. We
utilized the Level-1 Ground Range Detected (GRD) product, which provides Synthetic
Aperture Radar (SAR) images at a spatial resolution of 20 × 22 m and a pixel spacing
of 10 × 10 m. The imagery was collected in both ascending and descending modes and
included dual polarizations (VV and VH) from March 2017 to December 2021. During this
period, our analysis utilized a total of 945 SAR images.

Preprocessing was conducted through a custom workflow within the GEE environ-
ment, based on the framework developed by [46] and supported by several key references,
including [47–50]. This workflow included several essential steps to ensure the data were
analysis-ready. Precise orbit files were applied to each image to achieve accurate geoloca-
tion. The images underwent radiometric calibration to sigma nought, facilitating consistent
comparison across images acquired by the same sensor at different times. To mitigate
speckle noise while preserving essential features such as edges and textures, the Refined
Lee filter, with a kernel size of 5 × 5, was applied. This filter is renowned for its ability
to maintain image quality by preserving linear features, point targets, and texture infor-
mation [51–53]. Geometric distortions inherent in SAR data were addressed using the
terrain flattening operator, with the USGS SRTMGL1_003 Digital Elevation Model (DEM)
employed for topographic corrections [50,54]. Sigma nought backscatter values were sub-
sequently converted from a linear to a logarithmic scale (dB). We then calculated the mean
and standard deviation (std) of the backscatter values within each polygon.

To create a continuous daily time series, we applied an interpolation technique to the
pre-processed S1 data. The interpolation method used was a smoothing spline function,
as implemented in the smooth.spline function in R [55]. This uses a penalized likelihood
approach to fit a smooth curve to the data. Smoothing spline functions have been success-
fully used in various studies for reconstructing time series, such as [56]. The smoothing
parameter (spar) was set to 0.5, which was chosen based on visual inspection of the data
to achieve a balance between capturing the underlying trends and minimizing overfitting.
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This approach enabled the estimation of daily values for each polarization (VH and VV),
effectively filling gaps between acquisitions and reducing noise in the data.

We used a modified Z-score method to identify outliers, where points with residuals
more than 1.64 times (corresponding to approximately the 90th percentile) the standard
deviations away from the mean residual were considered outliers. This threshold was
chosen to balance the need to remove noisy data points with the need to retain a sufficient
number of data points for accurate spline fitting. This approach enabled us to derive daily
values for each polarization (VH and VV), effectively filling gaps between acquisitions
and reducing noise. An example of the time series data and the application of the quality
assessment process is provided in the Supplementary Materials (Figures S1 and S2). The
interpolated daily time series was then clipped to coincide with the crop’s growth cycle,
spanning from 0 to 199 DAP. By focusing on this critical growth period, we ensured that
our analysis captured the most relevant information on crop development.

2.2.2. Sentinel-2 (S2)

S2 imagery was acquired and processed using the COPERNICUS/S2_SR_HARMONI
ZED collection on the GEE platform. The dataset includes data from the S2A and S2B
satellites, covering the period from March 2016 to the present, with a revisit time of
approximately five days. The imagery is atmospherically corrected to Level-2A using
the Sen2Cor algorithm and includes cloud masking to enhance data quality. The dataset
includes 12 spectral bands: the Coastal aerosol band (B1) at 60 m resolution; Blue (B2),
Green (B3), and Red (B4) bands at 10 m resolution; Red edge bands (B5 to B7) at 20 m
resolution; the Near-Infrared (NIR) band (B8) at 10 m resolution and band (B8A) at 20 m
resolution; the Water vapor band (B9) at 60 m resolution; and the Shortwave Infrared
(SWIR) bands (B11 and B12) at 20 m resolution [57]. This collection also provides additional
information through the Scene Classification Layer (SCL), generated using a combination
of spatial and spectral analysis techniques, which helps to filter out unwanted features
such as clouds, shadows, and other non-surface elements that may interfere with surface
reflectance analysis. Further information about the nature of the additional classes can be
found at the Earth Engine DATA catalog [58].

The processing involved filtering imagery from March 2017 to December 2021. Prior to
any preprocessing, the dataset comprised 1239 images. Each polygon was buffered by 20 m
inward to refine the analysis boundary, reducing spectral interference from neighboring
parcels. For each field and acquisition date, we extracted pixel values and their frequencies.
To enhance the accuracy of our analysis, we initially applied a cloud filtering process to the
S2 data. For each acquisition date and polygon, we used the SCL to flag pixels as either
reliable or unreliable. We retained pixels classified as Vegetation (class 4) and Bare Soils
(class 5), while excluding pixels classified as clouds with medium probability (class 8), high
probability (class 9), or thin cirrus clouds (class 10). However, we recognized that the SCL
classification might not capture all cases of unreliable pixels (e.g., shadow). To further
refine our dataset, we calculated pixel-level NDVI and further analyzed these values to
identify potentially contaminated or noisy pixels, even those initially deemed reliable by
the SCL. We then assessed each pixel’s NDVI using specific criteria to assign a high- or
low-quality flag. Specifically, we calculated the weighted mean and standard deviation
of NDVI values derived from histogram data for each parcel and each date of acquisition.
Pixels were flagged as high quality if their NDVI values were within an 86.6% confidence
interval (corresponding to 1.5 times the std from the weighted mean). Pixels outside this
range were flagged as low quality or potential outliers. This refined dataset allowed us
to create a look-up table that attributed a quality flag to each pixel, taking into account
both its SCL classification and NDVI value. This table enabled us to apply the same quality
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assessment to the rest of the S2 bands, ensuring that our subsequent analysis was based on
high-quality, reliable data.

Next, we used the quality-flagged data to create a continuous daily time series for each
polygon and band using the weighted mean. We used smoothing splines, as performed for
S1, to interpolate the reliable data points and generate a daily time series for each band. The
spar value was chosen based on visual inspection to balance capturing underlying trends
and minimizing overfitting. An example of the time series data and the application of the
quality assessment process is provided in the Supplementary Materials (Figures S3 and S4).
This approach filled the gaps between the original 5-day satellite overpass dates, producing
a smoothed daily record that reduced noise. The resulting time series was then clipped to
align with the crop’s growth period, defined as 0 to 199 days after planting (DAP).

The data processing and quality assessment steps outlined above enabled the cal-
culation of various vegetation indices using daily time series data. These included the
NDVI Equation (1), which has been widely used to derive phenological stages in vari-
ous crops [59–61]. Additional indices, such as the Inverted Red-Edge Chlorophyll Index
(IRECI2) Equation (2) and the biophysical Fraction of Absorbed Photosynthetically Active
Radiation (fAPAR), were also computed to provide further insights into crop status and
phenological development [62–64].

NDVI =
(R842 − R665)
(R842 + R665)

(1)

IRECI2 =
(R783 − R665)
(R740 + R705)

(2)

where R842 nm corresponds to the reflectance value at band 8 (NIR), R783 to band 7, R740
to band 6, R705 to band 5, and R665 nm to band 4 (red).

Following the method proposed in [63,65,66], we calculated the fAPAR biophysical
variable given its direct relation with the productivity of living vegetation [64]. We cal-
culated fAPAR using two linear equations, referred to as the fAPARNDVI and fAPARSR

models. The fAPARNDVI model relates fAPAR to NDVI, using minimum and maximum
NDVI values corresponding to the 2nd and 98th percentiles of the NDVI frequency dis-
tribution. Similarly, the fAPARSR model relates fAPAR to the simple ratio (SR), which is
a transformation of NDVI, and uses minimum and maximum SR values calculated from
the NDVI values at the 2nd and 98th percentiles. We calculated fAPARSR and fAPARNDVI

using these models and then computed the average fAPAR as the mean of these two values.
For further details, please refer to the aforementioned works.

2.3. Meteorological Data

Meteorological conditions play a fundamental role in the timing of phenological
changes. Although we only focus on the signal registered by the onboard sensors on
satellite platforms, climate data can be very informative in interpreting the model fitting
and results. For instance, radar backscatter is highly affected by water in the soil and
canopy [67,68]. To remove these effects, authors whose study fields are under rain-fed
regimes simply flag/drop those days in which there are rainy episodes. This approach
could not be used in our study, given the circumstances of the fields (neither rain-fed nor
having irrigation dates). In addition, the extremely variable rainfall between locations,
especially during summer when most of the convective storms occur in the area, makes the
use of rain gauge measurements located on close-by locations very inaccurate.

We retrieved climate data from the network of ground-based meteorological sta-
tions [69] and the closest selected stations (“BU05”, “SG01”, “SG02”, “VA03”, “VA06”,
“VA07”, “VA10”) to better interpret climate variability in the study period (Figure 1). They
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are equipped with Campbell Scientific pluviometers (ARG100) to measure precipitation,
and Rotronic (HC2 S3) sensors for air temperature. Temperature data was used for cal-
culating GDDs, which are typically used for assessing crop development stages. This
calculation allows us to cross-compare our in situ measurements with other studies in
different locations, providing a benchmark to assess whether our fields are representative
of broader regional or global trends. Meteorological data is provided as Supplementary
Materials (Figures S5–S11).

Figure 1. Location of the fields and closest ground-based meteorological stations (with code names)
in the study area. Upper-right image shows the location of Castilla y Leon (yellow) within Spain,
with province limits and their corresponding acronyms.

3. Methods
3.1. Assumptions

According to the current state of the art for other crops [27,30,60], the expected behavior
of signal reflectance and backscatter is to increase as the first shoots and leaves above the
ground emerge. Some fluctuations in the curves are expected during the first one to
two months due to the influence of weed, soil moisture/roughness in the spectral and
backscatter response. The closure is reached when plant leaves from adjacent rows meet,
soil is covered, and the crop is close to the maximum above-ground development. At
this stage, the slope of VIs curves typically approaches 0 (plateau) with a slight increase
(or decrease) in the following days to weeks, expecting similar behavior in SAR data as
the volumetric scattering associated with plant development becomes constant and the
soil influence is removed. SAR data, particularly in C-band imagery, has been shown
to effectively capture temporal changes in crop characteristics like the heading phase in
wheat [70] or biomass [26]. Based on this, we hypothesize that SAR backscatter response
could potentially be used to detect potato flowering. We are unaware of any instances
where optical data has been utilized for potato flowering detection; therefore, we did not
attempt to identify this phase using optical data, lacking a clear expectation of the associated
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patterns in the vegetation indices considered. The onset of senescence is characterized by the
beginning of leaf yellowing, and a gradual decrease in photochemical efficiency, Vegetation
Water Content, and plant height. These crop changes imply a steady decrease in VIs values
and an increase in the variability of SAR backscatter, given the higher sensitivity to the
underlying soil layer [27]. Before harvest, mechanical/physical haulming (destruction
of the potato haulm) ensures a more homogenous tuber maturity at the field level, stops
bulking to meet marketable requirements, and improves and speeds skin-set and stolon
separation [71]. In the fields being investigated, high-haulm varieties underwent chemical
or mechanical haulming, typically occurring 10 to 30 days before harvest. However, in
certain cases, no haulming was conducted, and the plants naturally senesced. The haulming
process resulted in a sudden decline in VIs and volumetric scattering, thereby amplifying
the influence of soil in remote sensing images. Figure 2 illustrates the primary stages
identified in this process.

Figure 2. Phenological stages identified in this study that correspond to (A) emergence, (B) closure,
(C) flowering, (D) onset of senescence, and (E) harvest time.

3.2. Phenology Detection

This study employed a phenology detection approach that involved analyzing pre-
processed time series data using a curve-specific time-based algorithm, tailored to capture
distinct characteristics of the crop using SAR (e.g., canopy structure) and optical data
(e.g., photosynthetic activity) (Figure 3). Although similar curve-based approaches have
been applied to other crops and indices in previous studies, such as those by [27,60], our
method is uniquely designed for potato crops, considering the specific growth patterns
and environmental interactions captured by SAR and optical data. The approach relies
on fitting splines to the data and computing their first and second derivatives to interpret
the slope and curvature of the curves at each point, allowing for the identification of key
phenological stages. This approach relies on a set of assumptions that are tailored to the
characteristics of SAR and optical data, based on the expected patterns and trends in the
time series. The thresholds and algorithmic rules were determined through a combination
of domain knowledge, iterative refinement, and an understanding of the expected physical
interactions between the potato crop canopy and the SAR and optical signals.

To further enhance the accuracy of our phenology detection approach, we integrated
the date predictions from S2-NDVI and S1-VH by calculating the average of the estimated
dates for each phenological stage and field. This integration aimed to capitalize on the com-
plementary strengths of both data types, combining NDVI’s sensitivity to vegetation health
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with VH backscatter’s responsiveness to crop structure or leaf water content. By merging
these indices, we expected to mitigate potential biases and obtain a more comprehensive
and robust assessment of phenological stages, leveraging the unique advantages of each
data type to improve the overall predictive performance.

To detect emergence, we consider the point when 50% of the field has plants out. For
optical data (S2), the signal is sensitive to early plant growth, with initial increases observed
as the first plants emerge. As the field continues to green up, the curve is expected to
shift from a stable low signal to a rapid increase, and we detect emergence by finding the
first point where the slope exceeds the 75th percentile of positive slopes, starting from
DAP 0. For SAR data (S1), emergence is marked by a change in the curve where, after
an initial period influenced by bare soil moisture, the first derivative becomes positive
and is sustained for 6 days or longer (S1 revisit time). The difference in approaches is due
to the distinct characteristics of each sensor: optical sensors (S2) may detect initial plant
growth stages earlier, while SAR (S1) signals may be masked by soil moisture at early
stages, requiring a more robust trend detection.

In contrast, the closure phase is characterized by significant signal reduction in soil
and growth stabilization, marked by a concave down (increasing) curve. We identify the
closure phase as the point where the first derivative is positive, and the second derivative
reaches its minimum value among all instances with a positive first derivative, indicating a
change in the curve’s slope. This rule applies to both SAR and optical data.

The flowering phase, which is solely derived from SAR data, is characterized by a
concave-up curve. We assume that the presence of inflorescence and flowers will lead to an
increase in backscatter, causing a reduction in the signal received by the SAR sensor. As the
flowers begin to wilt, the plant structure changes again, resulting in an increase in the SAR
signal. This phase is identified at the local minimum where the first derivative is near zero
and the second derivative is positive.

The senescence implies the onset of vegetation decline and is characterized by a
concave downward (decreasing) curve. For both optical and SAR data, we assume that
the senescence phase begins when the curve starts to decrease, marked by a negative first
derivative and the lowest second derivative from the flowering point. However, the curve
behavior differs between the two data types. For optical data, the curve typically exhibits a
single peak, followed by a continuous decrease. In contrast, SAR data may exhibit multiple
peaks after flowering, due to the complex interaction between the radar signal and the
canopy structure. To address this, we identify the first peak after flowering in SAR data,
and then select the point where the curve starts to decrease, marked by a negative first
derivative and the lowest second derivative.

Finally, the harvest time is established using different approaches for optical and SAR
data, with the analysis confined to the period between the senescence phase and the end of
the time series (DAP 199). For optical, the harvest is detected by finding the point where
the decrease in the signal relaxes or flattens between the senescence phase and the end
of the time series. This is performed by identifying the point where the first derivative
is negative and the second derivative is at its maximum value. In contrast, the harvest
point for SAR data is detected using a more complex approach, as SAR signals exhibit
greater variability due to soil and other factors, especially when biomass decreases and
following harvest. As the crop senesces, the SAR signal becomes more sensitive to soil
moisture and roughness, causing variability with multiple peaks and valleys. To minimize
this effect, the algorithm requires the first derivative to remain negative for at least 14 days
after senescence onset, a threshold based on the fastest possible senescence scenario with
chemical desiccation [72]. The algorithm considers peaks and valleys or softer slopes after
the senescence onset. It identifies the point before a valley where the first derivative is
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negative and the second derivative is at its maximum, or the point where the slope flattens
(first derivative less negative, second derivative near zero), focusing on the first valley if
multiple are present. For a visual representation of how these assumptions and descriptions
are applied to the curves, please refer to the Supplementary Materials (Figure S12), which
provide an exemplary curve for a single field planted in 2021, with the corresponding
points selected for each phenological stage using S1 and S2 data.

The retrieved DAP for each field and phase were validated by comparing them with
in situ measurements. The dates of the detected phenological changes were compared to
those collected in situ. We used the Root Mean Squared Error (RMSE) and the coefficient
of determination (R2) to assess the accuracy of the method per stage, as these metrics are
commonly used in similar studies [73,74].

To ensure the generalizability of our findings beyond our local study area, we com-
pared our determined phenological stage ranges with the existing literature on potato crop
phenology. We reviewed relevant studies conducted in diverse geographic regions and
under different experimental conditions to assess whether our identified AGDD threshold
ranges align with previously reported observations. Additionally, we established a baseline
model using the average GDD values from the literature (including our in situ data) to
estimate the days after planting (DAP) for each phase and field. This allowed us to evaluate
the performance of our phenology detection algorithm against a simple, literature-based
approach and assess its accuracy by comparing the estimated DAP values to the actual
DAP values from in situ observations.

Figure 3. Flowchart of the phenological change detection using S1 and S2 data.

4. Results
4.1. Description of In Situ Observations

Our analysis from 50 fields over five years reveals that emergence typically occurs
around 37 DAP on average, with a std of 8 days (Table S1). This date is controlled by
several factors such as climate conditions, soil type, variety, or the timing of seeds being
taken out from refrigeration before planting. The mean dates for closure (70 DAP) and
flowering (77 DAP) were relatively close in time, also linked to agronomical and climatic
conditions. As anticipated, the onset of senescence (99 DAP) and harvest time (163 DAP)
exhibited greater variability around the mean, reflecting the diverse maturity profiles of
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our potato varieties across the full maturity spectrum. Our observed phenological dates are
consistent with the 90% confidence interval (CI) ranges reported in other studies, as shown
in Figure S13 and Table S2. This suggests that the patterns observed in the studied fields
are consistent with the general trends of potato crop development reported in the literature,
which is notable given that these fields, although localized, appear to be representative of
broader regional and global patterns, despite variations in climate, soil type, agronomic
practices, and potato varieties.

4.2. Description of Curves and Their Variability Across DAPs

For the three VIs from S2—NDVI, IRECI2, and fAPAR—the mean curves exhibit a bell-
shaped distribution, with NDVI showing the broadest curve, IRECI2 being narrower, and
fAPAR being the flattest. All three indices peak between 80 and 100 DAP. The variability,
represented as the 90% CI (5th–95th percentiles), indicates that NDVI has greater variability
between 110 and 170 DAP. IRECI’s variability is more consistent throughout the crop’s
lifespan, from 50 to 150 DAP, while fAPAR shows increased variability from 60 to 120 DAP,
peaking at 80–100 DAP.

The mean VH time series curve, unlike the bell-shaped optical indices, features an
initial slow increase (0–30 DAP), followed by a rapid ascent (30–60 DAP), a sustained
plateau (60–120 DAP), and a final decrease with some perturbations at the end (Figure 4).
Variability in VH is most pronounced at the beginning and end of the crop cycle, specifically
from 0 to 40 DAP and 140 to 199 DAP. The VV time series curve shows a similar trend,
with the mean increasing until 60 DAP, forming a plateau that stabilizes until around
140 DAP, and then decreasing and stabilizing. Variability in VV is greatest from 0 to
60 DAP and increases again from 140 DAP onwards. The variability observed in both VH
and VV may be influenced by several factors. During the early stages of the crop cycle,
soil conditions play a significant role, particularly when the soil is bare or only partially
covered. In the study area, sowing occurs from April to mid-May, which are typically wet
months (Figures S2–S8), leading to high variability in VH and VV backscatter. As the crop
progresses into the senescence stage, changes in canopy structure and soil water content,
influenced by factors such as irrigation and variations in above-ground biomass, further
contribute to the observed variability. Additionally, differences in potato maturity times
and agronomic practices, like haulming and pest management, lead to greater variability
across fields.

4.3. Performance of the Detection Algorithm per Phase and Variable

The performance of the phenology detection algorithm varied, resulting in a range
of RMSE values (Table 1). For the emergence phase, the optical indices (NDVI, IRECI2,
and fAPAR) and the combined S1–S2 method (NDVI_VH) exhibit relatively low RMSE
values, ranging from 12 to 13 days. In contrast, the SAR indices (VH and VV) have slightly
higher RMSE values for 15 days. Predictions for the optical indices and the combined S1–S2
method are generally well-aligned with the actual emergence dates due to their sensitivity to
changes in vegetation greenness and canopy development, without consistently predicting
earlier or later than the actual dates (Figure 5). However, SAR indices tend to predict
emergence slightly earlier than the actual dates, indicating a mild underestimation. The
closure phase ranged from 14 (NDVI) to 24 (VV) days. Scatter plots reveal no bias for
NDVI, VH, and NDVI_VH, while IRECI2 and fAPAR overestimate and VV underestimates
closure dates.

Flowering detection for VH and VV polarizations had RMSE values of 22–23 days.
VV polarization had slightly higher variability than VH, with no clear bias. This phase
was optimized for SAR data, which excels at capturing surface roughness changes, and
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no optical estimates are available. NDVI_VH used only VH values, and phase proximity
caused points to mix across fields with different timing. Senescence RMSE values ranged
from 17 to 33 days, with optical indices (NDVI, IRECI2, fAPAR) generally underestimating
onset, while SAR polarizations (VH, VV) showed overestimation (VH) and higher variabil-
ity (VV). The combined NDVI_VH balanced the underestimation of optical indices and
the overestimation of VH, showing better alignment with actual values. Harvest RMSE
values ranged from 23 to 52 days, with NDVI_VH performing the best, while IRECI2 and
fAPAR underestimated, and SAR indices overestimated harvest dates. Optical signals are
hindered by rain and cloud cover during the harvest season (October–November), whereas
SAR signals are impacted by soil moisture. Furthermore, harvest timing is also influenced
by external factors such as farmer convenience and market conditions, which can lead to
discrepancies between predicted and actual dates.

Figure 4. Mean time series and their 90% CI for each S1 and S2 index using all the potato fields (2017
to 2021). The in situ phenological phases are shown by their 90% CI along the x-axis.

Table 1. Root Mean Squared Error (RMSE) per variable and phase measured in days.

RMSE
(Days) Emergence Closure Flowering Onset

Senescence Harvest

NDVI 12 14 - 17 29

IRECI2 13 19 - 19 44

fAPAR 13 22 - 17 52

VH 15 19 22 33 29

VV 15 24 23 30 28

NDVI_VH 12 15 22 19 23

Baseline 20 11 11 26 41
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Figure 5. Scatter plots of actual versus estimated dates at field scale based on (a) NDVI, (b) IRECI2,
(c) fAPAR, (d) VH, (e) VV, (f) NDVI (S2)—VH (S1) for the following stages: emergence (light-green),
closure (dark-green), flowering (red), onset of senescence (orange), and harvest (purple). The red
dashed line represents the one-to-one line.

The combined NDVI_VH highlights the benefits of integrating S1 and S2 data, leverag-
ing their complementary characteristics to achieve less biased estimates across emergence,
onset of senescence, and harvest. For instance, during emergence, NDVI_VH combines
NDVI’s sensitivity to vegetation greenness with VH’s stability, while in senescence, it
balances NDVI’s underestimation with VH’s overestimation. Similarly, during harvest,
NDVI_VH leverages VH’s responsiveness to crop moisture and NDVI’s sensitivity to dry
vegetation. This integration overcomes individual index limitations, resulting in a more
comprehensive and accurate assessment of crop phenology. While it may not always
outperform other indices in every phase, its stable performance across phases demonstrates
the value of combining these indices.

Overall index performance was evaluated by aggregating data points from all phases
and analyzing their prediction accuracy (Figure 5). NDVI exhibited an RMSE of 17 days
and an R2 of 0.83, with no clear under- or over-estimation, although higher variability was
observed at later phases. In contrast, IRECI2 and fAPAR showed RMSE of 23 and 26 days,
and R2 values of 0.72 and 0.64, respectively, with a tendency to overestimate emergence
and closure, and underestimate senescence and harvest. The SAR-based indices, VH and
VV, had RMSE of 24 days and R2 of 0.78 and 0.76, respectively, characterized by higher
variability around the one-to-one line, particularly at later phases. The integrated approach,
NDVI_VH, had an RMSE of 18 days and an R2 of 0.80, with less variability across the
phases, indicating a more consistent performance.

The accuracy of the phenology detection algorithm is compared to a baseline model
based on GDDs reported in the literature (Figure 6). Our curve-based method performs
better than the baseline model for emergence (all indices), senescence (NDVI, IRECI2,
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fAPAR, and NDVI_VH), and harvest (most indices). In contrast, the baseline performance
is better for closure and flowering, although it is worth noting that the literature-based
estimates for these phases are limited. This is particularly true for closure, where the
baseline model is based solely on our in situ data (see Table S2), which is specific to
the environmental and agronomic characteristics of our study area and, therefore, may
not be representative of the broader spatial variability and regional patterns observed
in other phases. Overall, the superior performance of our curve-based method can be
attributed to its ability to leverage spatial observations from satellite data, providing a more
accurate representation of crop phenology. In contrast, the GDD baseline method relies on
a more parametric approach, which may not fully capture the complexities of crop growth
and development, such as variations in crop variety, soil type, and local environmental
conditions.

Figure 6. Comparison of absolute errors (in days) in phenology detection between our satellite-
based method and a baseline GDD model, showing the distribution of errors at the field level
(where negative values indicate earlier predictions and positive values indicate later predictions than
actual dates).

5. Discussion
This study provides a comprehensive analysis of phenological stage detection in

potatoes, combining optical and SAR data for agricultural monitoring, which is essential
for large-scale management and historical analysis of crop yield [75]. In situ observations
are limited by the need for frequent and often time-consuming field visits, making remote
sensing a more efficient, cost-effective, and practical alternative for data collection. We
used spline fitting, a method well-suited for post-season analysis, to compare and combine
S1 and S2-based indices. While it has limitations for real-time monitoring [76], including
time-delay [77] and sensitivity to missing data [78], it enabled a comprehensive evaluation
of their performance in detecting phenological stages, as documented in studies with
similar purposes [79–81]. Alternative methods, such as sigmoid functions, can be used for
within-season analysis [76,82], but their accuracy may be compromised due to sensitive
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and uncertain parameters. This limitation is consistent with previous studies, which have
shown that the sigmoid model’s curve parameters are uncertain and sensitive, particularly
when observational data are limited [83–85].

The differences in sensitivity between optical and radar data can have significant
implications for crop monitoring. Optical data, which are sensitive to changes in vegetation
reflectance, can provide detailed information on crop growth and development, as well as
biophysical and biochemical parameters [86]. In contrast, radar data, which are particularly
sensitive to variations in surface roughness, offer a more stable and consistent signal across
different parcels. While they may be less responsive to certain changes in crop growth or
biochemical parameters, radar data excel in assessing soil moisture, surface roughness, and
crop structure [87]. Some studies demonstrate how radar data can complement optical
data, enhancing overall insights into crop monitoring [88].

Our results show that S2-based indices better captured emergence, closure, and onset
of senescence, whereas SAR indices were more capable of detecting flowering and harvest
timing. The use of NDVI for phase detection has been widely reported in the literature for
other crops [89–91], and we also show its capacity for potatoes, while showing weakness
in detecting harvest dates since human, market, and environmental circumstances play
a major role. Despite the well-known issue of saturation in the red band [92], which can
limit the detection of changes in high-coverage vegetation at their peak biomass, NDVI
still emerged as the best index for detecting the onset of senescence. IRECI2 and fAPAR
had generally good detection of emergence but systematically overestimated closure and
underestimated senescence. In general, crop structural changes lag behind changes in
vegetation pigment [93,94]; hence, using SAR and optical data together may enhance the
accuracy and dependability of crop phenology detection. SAR-based indices presented
a slight underestimation of emergence and overestimation in detecting harvest, with
similar overall performances. The novel NDVI_VH approach performed well in phases
where NDVI was strong, such as emergence, closure, and onset of senescence, and it was
also effective in phases where NDVI had limitations, including flowering, which was
not estimable with NDVI, and harvest, where VH contributed to enhanced accuracy. By
combining NDVI and VH, we created a more robust method that leverages the strengths of
both, resulting in a more consistent and reliable representation of crop phenology across
different phases. To the best of our knowledge, this is the first study that used S1 alone or
combined with S2 data to identify phenological status in potatoes.

The RMSE values reported in this study (ranging from 12 to 52 days) provide a quanti-
tative assessment of the accuracy of each index and phase (including harvest). However,
these values must be interpreted in the context of several limitations. Data availability
and quality can impact the accuracy of our detection algorithm, due to factors like satellite
revisit frequency, cloud cover, and soil conditions (including soil moisture and water-on-
canopy conditions). Cloud cover is a significant issue, particularly from March to mid-May
and mid-September onwards, affecting S2 data for the emergence and harvest seasons. Soil
effects and weed impact also affect S2-based data, while SAR data is affected by irrigation
or rainfall. Additionally, the SAR data’s time resolution has increased to 10 days since the
S1B failure, potentially impacting accuracy. Some uncertainty is also expected in in situ
data due to measurement bias in phenological detection.

Consistent with previous studies [76,95–98], we confirm the potential of optical and
SAR remotely sensed data to detect phenological stages in potato crops. However, a
common challenge in this field is the extrapolation of results from small-scale, in situ
measurements to larger areas, which can limit the generalizability of these findings. Our
results show that crop life cycles and phenological phases align with those reported in other
studies across different regions, with varying soils, climates, varieties, and agricultural
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practices. We used a 50% threshold to define key growth stages, consistent with other
researchers (e.g., [99]), and our comparison with independent studies (Table S1) reveals sim-
ilar phase ranges despite varying environmental and agricultural conditions. This suggests
that our algorithm captures underlying patterns of crop development, making it applicable
to other potato fields with different characteristics. Additionally, Table S3 provides context
by comparing our study with phenology research in other crops [80,100–102], showing
where our work stands within the current state of the art.

While our study focuses on post-season analysis, these results highlight the poten-
tial for operational use in near-real-time for managing farming practices (e.g., irrigation
scheduling, fertilizer management, and harvesting operations) [103–105] and better crop
yield estimations [100]. However, to implement these methods in real-time, challenges such
as the need for post-time data to detect inflection points and limitations due to satellite
revisit schedules and cloud cover must be addressed. Continued advancements in satellite
technology and data processing will be key to overcoming these obstacles and enhancing
the practical applicability of our methods across different agricultural contexts.

6. Conclusions
Our results show the effectiveness of individual and integration of S1 and S2 time

series data for identifying key phenological stages in potato crops at the field scale, thereby
overcoming the limitations of individual sensors. The methodology developed in this
study, which leverages 5 years of in situ data from the Castilla y Leon region (Spain) to
compare the capacity of optical and SAR sensors, provides a framework for phenological
stage detection, at this stage, for post-season analysis. The findings of this study have
important implications for agricultural management and global food security, as the pro-
posed methodology can provide valuable insights into crop development and phenology,
ultimately refining crop growth models, improving harvest forecasting, and informing
planning of agricultural practices that can help mitigate the impacts of climate change and
contribute to more resilient agricultural systems.

Future studies could explore the use of newer satellite sensors, additional vegetation
indices, and integration with other data sources to further improve the accuracy and
applicability of phenology detection models. This could also involve collecting more in
situ data across different regions and climates to validate and refine these models.
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