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ABSTRACT ESA provides Sentinel-1 synthetic aperture radar satellite data freely for research and industry.
The Sentinel-1 data have shown the potential for remotely monitoring conditions in individual agricultural
fields on a weekly basis. Researchers have access to the same Sentinel-1 dataset, so independent validation
should be possible. Well documented studies performed with Sentinel-1 will allow other researchers the abil-
ity to reproduce the experiments and either validate or repudiate the presented findings. Based on the current
state-of-the-art study, a web service was provided for the agricultural domain, which can be downloaded
freely from Github. The running web service provides the ability to monitor local conditions by using the
recorded Sentinel-1 information, combined with a priori knowledge from broad acre fields. Correlating the
Sentinel-1 data to actual conditions related to a specific application is still a task that individual researchers
must perform to utilize the service. In this paper, we present our methodology for converting the Sentinel-1
data to a form that is more accessible to researchers in the agricultural domain. Therefore, the goal of the
current study was to make the Sentinel-1 data available efficiently, so that the experts in this field can focus
on correlating and comparing it to reference data and measurements collected in the field. The function of
the web service is illustrated with concrete application examples in the agricultural domain.

INDEX TERMS Synthetic aperture radar, data acquisition, machine learning, image classification.

I. INTRODUCTION
Remote sensing (RS) plays an important role in various
applications: for example, carbon emissions monitoring [1],
medical science [2], [3], natural hazard assessment [4], and
agriculture [5]–[9]. Free RS satellite data have become avail-
able in recent years from various sources. Both optical
and synthetic aperture radar (SAR) RS data are available,
from sources such as the Sentinel-1 [10] and Sentinel-2 [11]
satellites (ESA, Paris, France), within the European Coper-
nicus program, and Landsat-7 [12] and Landsat-8 [13], pro-
vided in cooperation between the National Aeronautics and
Space Administration and U.S. Geological Survey. Data from
these remote sensing satellite solutions are freely available
and have the potential to open up a broad spectrum of
monitoring and prediction applications for the agricultural
domain [14], [15]. Sentinel-1 satellite data have already been
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used in many articles related to the agricultural domain, with
interesting results. Sentinel-1 data on agricultural fields have
been used to estimate parameters such as crop type, plant
height, biomass, green area index (GAI), and vegetationwater
content [16], [18], [19]. GAI, one of the key indices in the
agricultural domain, is defined as the one-sided green leaf
area per unit ground surface area [18].

In some of the research articles analyzed, the authors
have had difficulty in reproducing the results presented. One
of the challenges in documenting many of the aspects of
these remote sensing procedures are the inherent commer-
cial potential of monitoring and reacting, in a timely man-
ner, to conditions in broad acre fields. Scientific research
depends on the ability to perform independent validation of
results [20]. In the case of the Sentinel-1 satellites, peo-
ple have access to the same base dataset, and therefore
independent validation is possible. Previous literatures per-
formed with Sentinel-1 remote sensing data will allow other
researchers to reproduce the experiments and either validate
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or repudiate the findings. To estimate different crop parame-
ters, one requires reference data from actual fields or knowl-
edge created a priori from literature and research projects.
The demand from agriculture for Sentinel-1, and remote sens-
ing satellites in general, means that reference data is highly
relevant for the development of estimation methods.

Another challenge is the level of understanding one needs
to have to preprocess Sentinel-1 data [21], before estimation
and correlation in an agricultural context can be performed.
The required level of understanding for Sentinel-1 prepro-
cessing creates a need to provide well-documented steps for
agricultural researchers to follow. Well-documented prepro-
cessing ensures that data are readily available for experts out-
side the SAR field and allows reproduction of experiments,
to either repudiate or validate previously created results. The
challenge is the number of details that one needs to docu-
ment for these satellite-based systems, to ensure that other
researchers can reproduce the results.

In this paper, we present our methodology for convert-
ing Sentinel-1 data to a form that is more accessible to
researchers in the agricultural field. The paper is an updated
and extended version of our work presented at the AGENG
2018 conference [22]. The goal of the web service was to
make the data more easily and freely available, so that the
main focus can be on correlating and comparing to mea-
surements collected in broad acre fields. We illustrate the
value of the service with a number of concrete examples of
possible application areas. The examples presented are all
based on Denmark, where we have processed all Sentinel-
1 scans produced since 2016. It should be noted that all exam-
ples presented in this paper were implemented in different
areas of Denmark. Based on current research and evaluated
results, we currently provide a service for researchers in
the agricultural domain to analyze the dataset more easily.
The service allows researchers in the agricultural domain to
monitor local conditions by using the recorded Sentinel-1
information combined with a priori knowledge from broad
acre fields. Correlating the Sentinel-1 data to actual condi-
tions is still a task that individual researchers must perform
to utilize the service.

The remainder of this paper is structured as follows:
section II describes the Sentinel satellites, the external
reference sources, and the software tools used in the web
service. Section III presents the flow of the web service,
the processing of the Sentinel-1 data, and the analyzed case
studies. Section IV combines the results and discussion of
five different application examples, and discusses our own
future work plan, in terms of what we plan to do based on the
preprocessed Sentinel-1 data.

II. MATERIALS
A. SATELLITE DATA SOURCES
Several free data sources are available for remote sensing for
agricultural use [23]–[26]. Currently, only the ESA’s Sentinel
satellitemissions continually provide free sensor data for both
multispectral and SAR images, via the Copernicus data hub.

From the Copernicus open access data hub [27], [28], one can
request and download Sentinel-1, 2, and 3 products recorded
over a specific region. The Sentinel data products need to
be processed using software, such as SNAP, before it can be
utilized for a particular purpose. In particular, some prepro-
cessing must be applied to remove noise from the Sentinel
data and to calibrate them before any future processing.

1) SENTINEL-1
Two products created from Sentinel-1 recordings have been
analyzed in the agricultural domain: single look com-
plex (SLC) and ground range detected (GRD) SAR data [10].
A significant proportion of the current research in the agri-
cultural domain using Sentinel-1 data has been focusing on
GRD, because it is available in a more preprocessed form and
its package size is four to five times smaller than that of SLC.
The GRD standard products are available as either VV +
VH or HH + HV, with a swath of 250 km [10]. On a global
scale, where broad acre crops are grown, Sentinel-1 mainly
records data for the VV or VV + VH polarizations. For the
growth season 2016/17 and later in Denmark, Sentinel GRD
VV + VH data (dual polarization) are available, from the
two Sentinel-1 satellites (1A and 1B), at intervals of one to
three days. The GRD products are available in both ascending
and descending recording modes and from different satellite
tracks.

B. EXTERNAL SERVICES TO COMBINE WITH THE
SENTINEL DATA
Sentinel satellite data generally needs to be combined with
prior knowledge about measurement response to land and
vegetation, or local observations from known broad acre
fields, to correlate and develop models. In this section,
we describe various free external data sources relevant to
analyzing Sentinel-1 data in Denmark. Generally, similar
external data sources also exist for other countries in the
European Union.

1) LAND-PARCEL IDENTIFICATION SYSTEM
The land-parcel identification system (LPIS) can be used
to retrieve information about active fields for each season
and what individual applicants are currently growing. The
applicant is a farmer who has requested funding from the
European Agricultural Guarantee Fund (EAGF) for a specific
field. The field boundaries are drawn manually, by the appli-
cant, on orthophotos recorded by aircraft over Denmark. The
farmers are expected to exclude unfarmed land and ineligible
features from the recorded field boundaries [29]. According
to the EAGF, the estimated error level in LPIS was 2.9%
in 2014, of which nearly half was related to the marking
of the correct area. An error level of 2.9% makes LPIS
data an interesting reference source and annotated dataset for
analyzing Sentinel data from individual fields. Combining the
Sentinel-1 time series with LPIS data could be a future means
to track and predict errors in the data supplied by individual
farmers [30].
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2) SURFACE GEOLOGY MAPS
One of the factors that impact both the crop growth conditions
and the response from the Sentinel-1 SAR satellite is the soil
type in an area [31] and the elevation. Surface geology maps
for Denmark have two versions: one that can be accessed
freely, with a resolution of 1:200000, and a paid version, with
a resolution of 1:25000 [32]. The information about local soil
conditions can be ameans to filter out or sort Sentinel satellite
data, when tracking a specific scenario, such as winter wheat
growth. Digital elevations models (DEM) of Denmark can
currently be downloaded from https://kortforsyningen.dk/.

3) WEATHER DATA
Rain, humidity, and temperature are factors impacting crop
growth and, in some cases, also the measurement response
from the Sentinel-1 satellites [33]. An example is winter
wheat, which will not start growing until the soil tempera-
ture exceeds a certain level. Local wheat data for Denmark
is provided by the Danish Meteorological Institute (DMI),
as a paid access service [34]. DMI plans to change to a
free service model in 2019, so local recording will become
available through a web service. It is possible to manually
read historical weather data from the DMI website, to obtain
rough estimates of the conditions when a satellite image was
recorded. The availability of weather information still lags
behind countries such as Sweden, England, and Germany.

4) NORDIC FIELD TRIAL SYSTEM
The Nordic Field Trial System (NFTS) is a repository
provided by SEGES and Danish Technological Institute,
to design experimental plans and store recorded data from
field trials [35]–[37]. Experiments from Denmark, Norway,
and Sweden have been recorded in NFTS since 2006. The
NFTS repository is a source of reference data with fields
located all over Denmark and the other Nordic countries.
NFTS is an open access repository that provides the public
with the ability to retrieve experimental plans and results for
more than 200 field experiments each year. Growth stage,
crop treatment, sensor recordings, and yield estimates for
different crop types are among the relevant parameters that
can be extracted from the NFTS repository. Alternative global
data sources also exist, such as the AgTrials repository, which
attempts to use a standardized definition from the crop ontol-
ogy for all measurements [38]–[40].

5) FIELDBABEL SERVICE
The Fieldbabel service is intended to allow agricultural
researchers to rapidly compare and correlate data collected
in the field with remote sensing measurement from satellites.
The Fieldbabel service is built on open-source software to
handle preprocessing of requests from users and export the
results as QGIS projects [41]–[43]. Commercial alternatives
to QGIS exist, but in this case, we are attempting to keep the
source code and functionality open, to avoid the need to pay
additional fees for using the service.

FIGURE 1. Web service interface the user is presented with when
requesting the Fieldbabel home page.

The current version of Fieldbabel runs as a web
service at https://fieldbabel.eng.au.dk/, as illustrated in
Figure 1. The source code running on the server can be
downloaded from the repository https://github.com/mapc-
mmmi/fieldbabel. The server runs on an Intel Xeon
E5-2697A 2.6 GHz CPU and 100 GB RAM, so it is able to
preprocess the Sentinel-1 data in the background and have it
ready when a user requests an area.

The Fieldbabel server’s operating system is an Ubuntu
16.04.3 Linux server edition with an Apache2 web
server. Python 2.7 is used for both the front-end and back-end
parts of the presented service. The front end is based on the
Python FlaskAPI [45], [46], which is amicroweb framework
and template engine. Shapefiles added to theQGIS project are
handled using the Python shapefile library [47], which can be
used to process, store, and exchange GIS information.

The Fieldbabel service is based on the Sentinel Applica-
tion Platform (SNAP) API and tools from ESA, to process
and extract the relevant area. SNAP is the standard software
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FIGURE 2. The preprocessing stages for the pipeline. The raw GRD data
are read, processed in the SNAP tool, and the result saved on the
Fieldbabel server.

tool provided by ESA [44], jointly developed by Brockmann
Consult, Array Systems Computing, and C-S, to process data
from the Sentinel satellites. Python 2.7 is used to access the
SNAP 5.0 API functionality, to process SAR data.

III. METHODS
A. PREPROCESSING PIPELINE FOR SENTINEL DATA
In this section, we present the processing steps that are used in
the Fieldbabel service for preprocessing the various Sentinel
satellite data sources.

1) SENTINEL-1 GRD PIPELINE PREPROCESSING
The first preprocessing pipeline performs the procedure illus-
trated in the SNAP graph in Figure 2. The GRD product is
loaded with the SNAP tool and calibrated to the sigma nought
area on the ground, providing a layer in which the values are
directly related to the radar backscatter [48]. To remove noise,
a Lee sigma speckle filter [49] is used, with a single look,
a window size of 7 × 7, a sigma value of 0.9, and a target
window size of 3 × 3. The terrain correction operation is
intended to compensate for distortions, so the geometry of the
layer will be as close as possible to the real world. For terrain
correction, the pipeline utilizes the range-Doppler terrain
correction [50] with the digital elevation model parameter set
to ‘‘SRTM 1Sec. HGT’’ and a pixel spacing of 10 m.

B. FIELDBABEL PROCESSING FLOW
The Fieldbabel server follows the processing flow illustrated
in Figure 3. The process is split into two stages: the first is
the web service, which handles the user requests directly, and
the second is the actual processing and creation of the QGIS
project.

1) DEVELOPED WEB SERVICE
The web service is designed to handle user requests for
selected areas of Denmark. A GeoJSON polygon and
an e-mail address are submitted and evaluated via the

FIGURE 3. Flowchart of the Fieldbabel server processing of requests.

web interface. If the e-mail address is valid and the GeoJSON
contains a single polygon with an area no larger than one
degree of latitude and longitude, the request is stored in the
SQL database on the server and set for processing.

2) BACK-END PROCESSING
The processing is performed using a background process
running on the Linux server. The server loads the relevant
period for the selected area, fetches the relevant preprocessed
sentinel data for the selected period and area, and exports
the layers as GeoTIFFs. The back-end processing utilizes the
layers created by the preprocessing pipeline, by extracting
a subset of the layer and converting the VV and VH val-
ues to a decibel scale. Based on the Sentinel-1 output from
the preprocessing pipeline, the GeoTIFF values for the red,
green, and blue bands are represented by VV(dB), VH(dB),
and VV(dB)/VH(dB), respectively.

3) QGIS PROJECT CREATION
The GeoTIFF files are packaged as a QGIS project for the
request, with preset color ranges for each band. The visual
color range for the GeoTIFF files in QGIS is set by having
analyzed the value spectrum of all layers over a whole year,
in a specific track of Sentinel-1 scans from Denmark. The
visual color range in the produced QGIS layers is set to
red [−24.1, −1.6] for VV(dB), blue [−31.8, −6.6] VH(dB),
and green [0.07, 1.11] for VV(dB)/VH(dB). The relevant
LPIS data for the same period and area is added to the QGIS
project as a final step, before being compressed into a zip
file. When the QGIS project has been packed into a zip file,
the user is sent a link to the project to download.

C. CROP SELECTION FOR ANALYSIS
Information about the start and end of a crop’s regular grow-
ing season can be used to track the temporal behavior in the
recorded Sentinel-1 data. Local weather and geographically
specific conditions impact the growing season for any given
area, making it impossible to provide exact dates. Different
crops are seeded and harvested at particular periods of the
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TABLE 1. The possible crop types the user can choose.

year, in Nordic countries such as Denmark, because they
are seasonally dependent. Information about crop seasons
is highly relevant for researchers outside the agricultural
domain, such as engineers with image processing and sig-
nal processing background. The temporal information about
the crop ensures the ability to analyze the behavior when
the crops are normally active. After researching the normal
seeding and harvesting times for different crop types, this
information has been added to the web service. The Field-
babel service can extract the relevant Sentinel-1 scans for the
chosen period, based on the selected crop type.

The primary source for determining crop seeding and har-
vesting times is the page https://dyrk-plant.dlbr.dk/, which is
a guide for Danish farmers. Because local weather and other
external factors still affect the growing season, the time period
is extended by a month at the beginning and end. The current
stored crop period is documented in Table 1, where xx in the
dates representing the selected year. A plus or minus year
value indicates that the crop’s season spans multiple years.

D. ANALYZING A SPECIFIC FIELD AS A TIME SERIES
Different crop types will, over time, exhibit various cycles
regarding sprouting, growth, and ripening. The crop growth
cycles make it relevant to analyze the temporal behavior that
they exhibit on various fields in the recorded Sentinel-1 scans.
The Fieldbabel web service currently has a function to select
a specific journal number in the Danish LPIS database and
visualize the temporal behavior with regards to the Sentinel-1
data, to accommodate time analysis. The processing is per-
formed by loading all fields for the selected journal number
and creating a rectangular polygon based on their combined
minimum and maximum and latitude and longitude values.
Processing of the Sentinel-1 data is performed using the
back end processing illustrated in Figure 4a, and then further
processed to visualize the different fields’ temporal behavior.

The individual field SAR recording are analyzed by shrink-
ing the LPIS field by 30 m, as illustrated in Figure 4b,

FIGURE 4. Analysis of specific fields using value extraction to determine
their current average and whether abnormal value distributions are
present. The Sentinel-1 data in the figure was recorded in June 2017. The
numbers in (a) represent the LPIS field numbers in the Danish database
for 2017. The image covers the area WGS84: latitude: 55.1801, longitude
10.3733 and latitude: 55.1672, longitude: 10.4000, the pixel spacing is
10x10 m, the resolution 20 × 22 m, and the color range from section
III-B-3 is used directly in the exported image from QGIS.

by eroding the boundary of the field. The intention is to
only allow crop values to be part of the temporal series,
by shrinking the inner area. The 30 m value was chosen based
on three factors: an assumption that each processed layer has
an alignment error of ±10 m based on the terrain correction;
the headland of the field is the least consistently seeded; and
because farmers manually draw the LPIS field, erosion of the
boundaries ensures the processing avoids input from minor
drawing errors. Abnormal recording data can still be present
in crop fields that the server is trying to process. To account
for these outlier fields, a K-means clustering algorithm for
grids is used to evaluate the distribution of clusters. The
algorithm is set to search with three-cluster bins, based on
a K-means algorithm that combines hill climbing [53] and
iterative minimum distance [54]. The number of cluster bins
is set to three to evaluate the homogeneity in the field and
detect large clusters of outliers, as illustrated in Figure 4c.
If one of the K-means clusters is larger than one hectare
and differs in value by more than 3 dB from the others,
the algorithm determines there to be abnormal conditions and
makes the user aware of the high variation in the scan.

An average is calculated based on the available Sentinel-1
pixels inside the eroded field boundary and stored, together
with the recording timestamp. The calculated averages are
sorted into groups based on whether the satellite mode is
ascending or descending; whether the recording was made
by the A or B model; and the track to which it belongs. Each
group is plotted as an individual plotline in the visualization
against the recording dates. The current sorting is irrelevant
for some crops, but the goal is to make the user aware of any
impact the different satellite data parameters could have on
the analysis.

E. CASE STUDIES
1) CROP TYPE DISTINCTION
Classification and mapping of crop types have been common
applications of remote sensing [55] in the last decade. The
sensitivity of C-band SAR data to the features of different
crop types has been validated in [56].Many articles have been
published that indicate that Sentinel-1 data can be used to
distinguish crop types, by training based on known reference
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data [57]. Data from the LPIS database can be a means to
validate the QGIS projects created with Fieldbabel, by deter-
mining whether different crop types are visually distinguish-
able. For this paper, an area with a bounding box of (WGS84:
latitude 55.2025, longitude 10.3275 and latitude 55.0700,
longitude 10.5839) was chosen from June 1, 2017, when the
significant crop types in Denmark were in their late stages of
development [57].

2) FIELD ANOMALY DETECTION
The estimated fraction of errors in the LPIS database is
claimed to be around 2.9%. Because SAR data can be used
to distinguish different crop types, this could be a means to
detect potential errors in the information provided by farmers
and detect abnormal states in a field. Automatically detect-
ing abnormal scenarios in a crop field could potentially be
used as a warning system for farmers. The K-means method
described in section III-D was used to evaluate the fields
in the area defined in section III-E-1, and detect abnormal
scenarios. To validate the findings, we used Sentinel-2 RGB
images for verification.

3) PHONOLOGICAL STAGES
The web service allows researchers to monitor the full crop
growth by obtaining timely information about the crop con-
dition using Sentinel-1 data. According to the literature [58],
the VV/VH profile agrees well with the GAI for winter wheat.
The GAI index, defined as the ratio of the area of green
material to the ground area that it covers, is known to follow
the growth stages of the crops. According to [59], the GAI
will peak between growth stages 39–59 for winter wheat. The
relation between GAI and growth stagemakes it interesting to
attempt to compare the growth stage and the VV(dB)/VH(dB)
ratio as a time series, to validate whether the same peak
scenario is present. Because the VV(dB)/VH(dB) ratio
seems to follows the GAI, it could indicate that Sentinel-1
data can be used to estimate the current growth stage of
winter wheat. For trial 010811616 in the NFTS database,
the progress of the winter wheat growth stage has been noted
throughout the growing season. This trial includes five fields
scattered throughout Denmark, where the same experiment
was performed. Other trials in the NFTS have also logged
the growth stages of winter wheat and other crops, but trial
010111616 was the only one found where notation was per-
formed consistently for all fields.

4) STANDING WATER
A topic that has been investigated in the literature is standing
water on winter wheat and grassland fields. In agricultural
fields, standing water can influence the crop growth condi-
tions and increase plant disease levels, resulting in an impact
on the yield [60]. The Sentinel-1 data could be used to detect
standing water in agricultural fields and inform the farmer
if the problem persists. Standing water in fields can be the
result of heavy or persistent rainfall or flooding by lakes and
rivers. Detecting standing water using SAR data [61] makes it

FIGURE 5. Processed SAR image from June 1, 2017 with marking of the
five crop types: winter barley, winter rape, winter wheat, maize, and
spring barley. The image covers the area WGS84: latitude: 55.2025,
longitude 10.3275 and latitude: 55.0700, longitude: 10.5839. The pixel
spacing is 10x10 m, the data resolution 20 × 22 m and the color range
from section III-B-3 is used directly in the exported image from QGIS.

relevant to use information about the amount of rain and local
DEM as information sources, to determine likely areas where
standing water has occurred. A challenge is the standing
water areas that are relatively small, compared to the pixel
size of the Sentinel-1 output (10 m). The 10 m pixel spacing
means that detection of standing water should be performed
for areas larger than 20 m × 20 m, because the Lee filter
could remove single-pixel areas as speckle noise. An example
of standing water is located at (WGS84: latitude 54.9335,
longitude 9.4216), where a 36 hectare lowland grassland area
collects rain from surrounding area. Grassland was chosen
because it does not frequently change throughout the year
and, therefore, can be perceived as a normally steady area
between SAR recordings.

IV. RESULTS AND DISCUSSION
This section focuses on several example cases to illustrate
what the service can be used for in the agricultural domain.
The results are based on a combination of literature study and
experiments using the collected data.

A. CROP TYPE DISTINCTION BASED ON QGIS DATA
The different crop types in the Sentinel-1 image processed
with the pipeline can be seen in Figure 5, which was recorded
on June 1, 2017. Fields with maize, spring barley, and winter
rape are directly distinguishable in Figure 5, because the color
patterns differ significantly. Winter barley and wheat seem to
have identical structures in the QGIS image produced. This
similarity is expected because they would look identical at
the 10 m pixel level at this time of year. One should note the
arrow in Figure 5, where a field seems to contain both winter
rape and winter wheat. The marked area might indicate an
error made by the farmer when drawing the field boundary.

The result achieved indicates that the processed Sentinel-1
images provided by the Fieldbabel service can be used to
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FIGURE 6. Two of the abnormal fields detected in the Sentinel-1 data,
and their Sentinel-2 counterparts for RGB colors showing the same
abnormal scenario. Subfigures (a) and (b) focus on journal number
17-0015889, field number: 113-0, and subfigures (c) and (d) focus on
journal number: 17-0040871, field number: 4-0. Subfigures (a) and (c) are
part of Figure 5, with a pixel spacing of 10 × 10 m, based on a SAR GRD
data with a resolution 20 × 22 m, and the color range from subsection
III-B-3 is used directly in the exported image from QGIS.

identify different crop types, with the exception of winter
barley andwheat. By automatically tracking the different crop
types in the Sentinel-1 images, since the beginning of the
year, we would expect that one could also distinguish winter
barley and wheat.

B. WINTER WHEAT FIELD ANOMALY DETECTION
Processing the selected area resulted in three detected anoma-
lies, of 585 registered winter wheat fields in the area. The
three abnormal fields were registered in the Danish LPIS
database as (journal number: 17-0040871, field number:
4-0, journal number: 17-0044551, field number: 24-0, jour-
nal number: 17-0015889, field number: 113-0). All three
fields were also very dissimilar to the surrounding winter
wheat fields in the Sentinel-2 images. Two of the anomalies
that were detected in the Sentinel-1 data can be seen in
Figure 6, where they are compared with their Sentinel-2 RGB
counterparts. Only LPIS winter wheat fields are illustrated
in Figure 6. For 17-0015889, the farmer informed us that
the field had been infested with snails and was, therefore,
reseeded with spring barley.

C. TIME SERIES ANALYSIS
After processing through the farm report manager, the tem-
poral plot results for the VV(dB)/VH(dB) ratio can be seen
in Figure 7, for two of the five fields.

From the growth stages, compared to the ratio of
VV(dB)/VH(dB), it can be seen that the curve starts to rise
around stage 24–25 and peaks around stage 39. The peak
on the VV(dB)/VH(dB) curve shows a tendency similar to
the GAI for winter wheat, which we would also expect from

FIGURE 7. Plot of the mean VV/VH value for two specific winter wheat
fields against time. Below is the reported growth stage of these winter
wheat fields in NFTS.

earlier studies. This example also matches previous findings
published by other researchers [19]. Automatically determin-
ing growth stages of winter wheat could be a means to auto-
matically plan field operations, such as fertilizing, spraying,
and harvesting. Automated prediction of winter wheat growth
stages could be evaluated in upcoming seasons and will also
be explored in the future.

Analyzing winter wheat fields for an entire region over
time can be a means to detect abnormal growth in individual
fields. Additional reference data would need to be collected
before an algorithm can be developed to determine when
a winter wheat field deviates from the normally expected
growth curve. Automatically informing the farmer of these
abnormal growth conditions could be used as a warning sys-
tem, and allow formanagement actions of the field to improve
the growing conditions.

D. RECOGNIZING CROP TYPES USING U-NET MODEL
As noted in section IV-A, Sentinel-1 data have the potential
to distinguish different crop types, at least for single-date
analysis (Figure 5). To prove this claim, a simple analysis was
applied to C-band SAR data. Most existing satellite image
classification studies cover restricted regions, so that the
generalization of the proposed approaches is still challenging.
Therefore, in this study we collected the data from different
regions in Denmark. Figure 8 shows the training and test
datasets. For a simple analysis, and to see the potential of
the C-band images captured from the Sentinel-1 satellite,
we chose just three classes—winter wheat, winter rapeseed,
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FIGURE 8. The dataset collected in Denmark for training and testing the
proposed model. The first three images were used for training the model
and the last image was used for evaluating. First row: radar backscatter,
normalized between 0 and 1. Second row: true label for each image.
(a) The image covers the area WGS84: latitude: 55.2865, longitude
10.4651 and latitude: 55.1133, longitude: 10.7652; (b) WGS84: latitude:
55.2669, longitude 10.4246 and latitude: 55.1459, longitude: 10.7563;
(c) WGS84: latitude: 55.4206, longitude 9.8365 and latitude: 55.3307,
longitude: 10.0078; (d) WGS84: latitude: 55.1459, longitude 10.2639 and
latitude: 55.0067, longitude: 10.5509.

and spring barley—which are the important crops inDenmark
and the rest of image are other crops and background which
had not contribute in training procedure (Figure 8). The
U-Net model was selected as a network for segmenting
the Sentinel-1 images. To prepare training samples for the
proposed network, we applied random crop to increase the
number of patch images. This architecture consists of a con-
tracting path to capture context and a symmetric expanding
path that enables precise localization [62]. This simple archi-
tecture has become popular, has been adapted for a variety of
segmentation problems, and can be trained successfully with
few samples. The network consists of two main parts: down
and up. In the down part, the key features are extracted using
convolutions and pooling layers; in the up part, all extracted
features from different layers are concatenated to create a
final score map. Finally, using a softmax activation function,
the output images were obtained. We chose the Adam opti-
mizer with 0.0001 as a learning rate, and cross-entropy as the
loss function [63]. A value of pixel-based accuracy of 95.6%
was obtained for three different classes in the single-date
analysis. Therefore, the result showed that this network could
segment images into three categories successfully (Figure 9).

In Figure 10, the blue color value represents the ratio of
VV(dB)/VH(dB) in a specific pixel. Combining data from
DEM, wheat report, and Sentinel-1 data can be a means to
detect large areas with standing water. Standing water on a
winter wheat field for long periods could drown the sown
crop and thereby impact the yield. Automatically warning
the farmer of such standing water could, in the future, be a
means to either manage the problem or plan for restoring the
damaged areas. Previous research has concluded that dual-
polarization SAR data (HH+HV) gives themost informative
result for detection of flooding [64]. Because Sentinel-1 is
generally limited to VV and VV + VH for most areas where

FIGURE 9. The result of the U-Net network for segmenting a
Sentinel-1 image into three different classes. The left image is the ground
truth image and the right image is the output of the network.

FIGURE 10. The ratio of VV(dB)/VH(dB) on different days in January. The
image covers the following area in WGS84 coordinates: latitude 54.9335,
longitude 9.4216 and latitude 54.9329, longitude 9.4453. The pixel
spacing is 10 × 10 m based on a GRD resolution of 20 × 22 m and the
color range from section III-B-3 is used directly in the exported image
from QGIS. The red line depicted in subfigure (a) and (b) represents the
DEM model for Denmark in 2017.

crops are grown, better results might be achieved if (HH +
HV) were also available [65].

E. CURRENT SYSTEM LIMITATIONS
The system is currently limited to Denmark because LPIS
data is available only for Denmark, and additional server
capacity would be required to cover more of Europe. The
web service could be adapted to other countries, but it would
require a conversion from the countries’ LPIS data to the
format used in Denmark. The SAR preprocessing pipeline
presented is only one of many options by which data from the
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Sentinel-1 satellites could be processed. Covering all possible
permutations of preprocessing would not be viable in terms
of processing power and disk space. In the future, additional
pipelines could be added to the system, when good candidates
for agriculture applications have been discovered.

V. CONCLUSION
In this paper, we have presented our Fieldbabel system
for preprocessing Sentinel-1 recordings for the agricultural
domain. The system is intended for researchers, so the focus
is on correlationwith field samples. Four different application
examples have been presented to illustrate the potential of
the Fieldbabel service. By providing both the application
examples and the service, we intend to provide more agri-
cultural domain experts with the ability to discover new uses
for Sentinel-1 data. The primary result proved that C-band
data from Sentinel-1 has the potential to distinguish at least
three different crop types—winter rape, winter wheat, and
spring barley—for single-date analysis, with 95.6% pixel-
based accuracy.
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