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Abstract: Crop supply and management is a global issue, particularly in the context of global climate
change and rising urbanization. Accurate mapping and monitoring of specific crop types are crucial
for crop studies. In this study, we proposed: (1) a methodology to map two main winter crops (win-
ter wheat and winter barley) in the northern region of Finistere with high-resolution Sentinel-2 data.
Different classification approaches (the hierarchical classification and the classical direct extraction),
and classification methods (pixel-based classification (PBC) and object-based classification (OBC))
were performed and evaluated. Subsequently, (2) a further study that involved monitoring the phe-
nology of the winter crops was carried out, based on the previous results. The aim is to understand
the temporal behavior from sowing to harvesting, identifying three important phenological statuses
(germination, heading, and ripening, including harvesting). Due to the high frequency of precipita-
tion in our study area, crop phenology monitoring was performed using Sentinel-1 C-band SAR
backscatter time series data using the Google Earth Engine (GEE) platform. The results of the clas-
sification showed that the hierarchical classification achieved a better accuracy when it is compared
to the direct extraction, with an overall accuracy of 0.932 and a kappa coefficient of 0.888. Moreover,
in the hierarchical classification process, OBC reached a better accuracy in cropland mapping, and
PBC was proven more suitable for winter crop extraction. Additionally, in the time series backscat-
ter coefficient of winter wheat, the germination and ripening (harvesting) phases can be identified
at VV and VH/VV polarizations, and heading can be identified in both VV and VH polarizations.
Secondly, we were able to detect the germination phase of winter barley in VV and VH, ripening
with both polarizations and VH/VV, and finally, heading in VV and VH polarizations.

Keywords: winter crops mapping; winter crops phenology; machine learning; hierarchical
classification; object-based classification; pixel-based classification; Google Earth Engine (GEE);
Sentinel-1; Sentinel-2

1. Introduction

Crop supply is a global issue, particularly in the context of global climate change,
rising population, and urbanization. With increasing food demand worldwide, agricul-
ture production and food security should be guaranteed by ensuring biodiversity and
limiting the environmental impacts [1]. This makes reliable information about crop spatial
distribution and growing patterns crucial for studying regional agriculture production
and supply, making political decisions, and facilitating crop management [2,3].

The classification of crop spatial distributions are valuable for agricultural monitor-
ing and for the implementation and evaluation of crop management strategies [4,5].
Hence, crop type mapping is in high demand. Field research and remote sensing have
always been the most important sources for obtaining agricultural information [6], and
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since the first launch of Earth observation satellites in 1972, continuous agriculture map-
ping and monitoring over large areas became possible with the Earth Observation (EO)
data. Moreover, the new generation of EO data, nowadays, has increased the resolution
of sensors for agriculture uses, therefore since the last few decades, the science of agricul-
ture mapping and monitoring has developed quickly, with diverse types of high spatial
and temporal resolution EO data. For example, Sun et al. in 2019 [4] conducted a study of
the crop types that were located at the lower reaches of the Yangzi River in China. They
performed a classification of crop-type dynamics during the growing season by using
three advanced machine learning algorithms (Support Vector Machine (SVM), Artificial
Neural Network (ANN), and Random Forest (RF)) with a combination of three advanced
sensors (Sentinel-1 backscatter, optical Sentinel-2, and Landsat-8). Arvor et al. in 2010 [7]
provided a methodology for mapping the main crops and agricultural practices in the
Mato Grosso state in Brazil; this study was performed by two successive, supervised clas-
sifications with the Enhanced Vegetation Index (EVI) time series from the MODIS sensor
to create an agricultural mask and a crop classification of three main crops in the state. In
another study by Forkuor et al. in 2014 [8], they found that an integration of multi-tem-
poral optical RapidEye and dual-polarized Synthetic Aperture Radar (SAR) TerraSAR-X
data can efficiently improve the classification accuracy of crops and crop group mapping
in West Africa, in spite of excessive cloud cover, small sized fields, and a heterogeneous
landscape. Furthermore, in the Finistere department, Xie and Niculescu 2021 [9] evaluated
the multiannual change detections of different Land Cover Land Use (LCLU) regions, in-
cluding agricultural land with accuracy indices between 70% and 90%, by using high-
resolution satellite imagery (SPOT 5 and Sentinel-2) and three algorithms that were im-
plemented: RF, SVM, and the Convolutional Neural Network (CNN).

More importantly, many studies of crop mapping focuses on winter crop mapping.
Dong et al. in 2020 [10] proposed a method called phenology-time-weighted dynamic time
warping (PT-DTW) for mapping winter wheat using Sentinel-2 time series data, and this
new method may exploit phenological features in two periods, with a NDPI (Normalized
Difference Phenology Index) providing more robust vegetation information and reducing
the adverse impacts of soil and snow cover during the overwintering period. Zhou et al.
in 2017 [11] studied the feasibility of winter wheat mapping in an urban agricultural re-
gion with a complex planting structure using three machine learning classification meth-
ods (SVM, RF, and neural network (NN)), and the possibility of improving classification
accuracy by combining SAR and optical data.

Besides the contributions of the new generation of EO data, the diversity of the clas-
sification approaches and methods have provided more resources for agriculture map-
ping and monitoring. The classical, direct extraction approach is the traditional and most
used classification approach that is used to extract single or multiple crop types directly
from satellite images [12-14]. Moreover, we also propose the hierarchical classification
approach for crops mapping in this study. Hierarchical classification is well known for its
capacity to solve a complex classification problem by separating the problem into a set of
smaller progressive classifications; it produces a series of thematic maps to progressively
classify the image into detailed classes. Wardlow and Egbert [12] investigated the applica-
bility of time-series Moderate Resolution Imaging Spectro-radiometer (MODIS) 250 m
normalized difference vegetation index (NDVI) data for large-scale crop mapping in the
Central Great Plains of the U.S. The hierarchical classification scheme was applied in this
study with high classification accuracy, and instead of directly solving a complex irrigated
crop mapping problem, a four-level hierarchical classification framework was imple-
mented to produce a series of crop-related thematic maps that progressively classified
cropland areas into detailed classes. Ibrahim et al. in 2021 [15] have also employed the
hierarchical classification scheme to map crop types and cropping systems in Nigeria, us-
ing the RF classifier and Sentinel-2 imagery. Firstly, they produced a land cover map with
five classes in order to eliminate other land cover types, then the next classification was
performed only on cropland, where the specific crop types and cropping systems were
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mapped. The results indicated that the crop types were well classified with high accuracy,
despite the study area being heterogeneous and smallholder-dominated.

In recent years, most studies in the agricultural field have explored the performance
of different classification algorithms. Random Forest (RF) is one of the most well-known
and widely used algorithms in the field for its optimal classification accuracy, effective-
ness on large data bases, and its capability of estimating the importance of the variables
in the classification [8,16-19]. The RF classification algorithm is traditionally run as a Pixel-
Based Classification, which has proven efficient and accurate in agriculture fields by many
studies [16,20—-22]. On the other hand, the advantage of Object-Based Classification (OBC)
is well documented and many recent studies have the conclusion that OBC usually out-
performs PBC for its higher classification accuracy, better potential for extracting land
cover information in a heterogeneous area with small size field, and the capacity to pro-
duce a more homogenous class [23,24]. However, even though Object-Based Classification
is better developed and considered as more accurate than PBC, both classification meth-
ods are able to achieve a great degree of accuracy.

Aside from mapping and analyzing the crop spatial distribution, understanding ag-
ricultural growing patterns is also a key element for crop management. Crop phenology
monitoring and the identification of the main phenological stages are highly necessary for
agricultural production predicting, efficient interventions of farmers and decision-makers
during the phenological phases such as fertilization, pesticide application, and irrigation
[25]. In particular, germination is the most critical phase to be understood, and it is the
starting point of the growing season. Based on the germination information, the farmer
and decision-makers are able to make a future projection of the season, estimate the whole
seasonal phenology for crop growth, and predict its production [25]. Furthermore, phe-
nology is highly related to the seasonal dynamics of a growth environment, therefore, in
the context of global warming, the phenology of many plants, especially crops, may have
changed [6].

Crop phenology is usually monitored with optical satellite images using vegetation
indices. For example, Pan et al. in 2015 [26] analyzed the phenology of winter wheat and
summer corn in the Guanzhong Plain in the Shanxi Province, China by using Normalized
Difference Vegetation index (NDVI) time series data and extracted seasonality infor-
mation from the NDVI time series for measuring phenology parameters. The potential of
another less-known index, the Normalized Difference Phenology Index (NDPI), is ex-
ploited by Gan et al. in 2020 [27] in order to detect winter wheat green-up dates. During
the evaluation with three other indices (NDVI, EVI, and EVI2), the results indicate that
NDPI outperforms the other indices with the highest consistency with the ground truth.

Compared to the optical data, SAR data is less used in agricultural areas. Neverthe-
less, lately, with the emergence of a new generation of high-resolution SAR data, in par-
ticular since the Copernicus program Sentinel-1 C-band high spatial-temporal resolution
images became available, SAR data has begun to draw interest, especially for its ad-
vantage of having its own source of energy, making it nearly independent of weather con-
ditions [8]. Thus, SAR backscattering coefficient time series data is now more frequently
used for crop phenology monitoring. While optical data strongly depends on the chloro-
phyll content in the plants, SAR data can reveal the main changes in the canopy structure,
identify significant phenological stages, and determine the main growing period with the
signal that is received after interacting with the canopy of the plants. Therefore, studies of
crop phenology monitoring using SAR data have increased considerably in recent years.
Meroni et al. in 2020 [28] conducted a study of retrieving the crop-specific land surface
phenology (LSP) of eight major European crops from Sentinel-1 SAR and Sentinel-2 opti-
cal data, where crop phenology was detected on the temporal profiles of the ratio of the
backscattering coefficient VH/VV from Sentinel-1 and NDVI from Sentinel-2. They re-
vealed that the crop phenology that was detected by Sentinel-1 and 2 can be complemen-
tary. Wali et al. in 2020 [29] introduced rice phenology monitoring in the Miyazaki prefec-
ture of Japan by using Sentinel-1 dual polarization (VV and VH) time series data, and
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attempted to clarify the relationship between rice growth parameters and the backscatter-
ing coefficient using the combination of two linear-regression lines. Canisius et al. in 2018
[30] exploited SAR polarimetric parameters that were derived from fully polarimetric RA-
DARSAT-2 SAR time series data to predict the growth pattern and phenological stages of
canola and spring wheat in the Nipissing agricultural district of Northern Ontario, Can-
ada. Mandal et al. in 2020 [31] proposed a dual-pol radar vegetation index (DpRVI) from
Sentinel-1 difference data (VV-VH) to characterize the vegetation growth of three crop
types (canola, soybean, and wheat) from sowing to full canopy development, with the
accumulation of the Plant Area Index (PAI) and biomass.

The feasibility and effectiveness of winter crop type mapping and phenology moni-
toring with optical or SAR satellite data has been proven by many studies in agricultural
field, however, some limitations remain. For example, the potential of a vegetation index
other than NDVI and EVI has rarely been explored, and the studies have never been per-
formed in a coastal area with fragmented and small-scale fields. More importantly, almost
all the research perform and evaluate a single classification approach or method, instead
of comparing different approaches and methods for crop type mapping.

In this study, we introduce a methodology to map two winter crop types (winter
wheat and winter barley) with Sentinel-2 optical data that was acquired during the grow-
ing season of the winter crops. Two different classification approaches (hierarchical clas-
sification and classical direct extraction) were performed using RF-supervised classifica-
tion algorithms, and two classification methods (PBC and OBC) were operated and eval-
uated within the hierarchical classification framework. With the classification results of
the winter crops, we are able to monitor their phenology with Sentinel-1 C-band SAR
backscatter time series and precipitation data in order to understand their temporal be-
havior from sowing to harvesting, identify the three main phenological stages (germina-
tion, heading, and ripening, including harvesting), and study how crop phenology re-
sponds to weather conditions.

The main objectives of this study are listed as follows:

(1) Study the feasibility of mapping winter crops with Sentinel-2 10 m spatial resolution
data in a fragmented area that is dominated by small-size fields;

(2) Perform hierarchical classification and classical direct extraction and evaluate the
performance of both classification approaches;

(8) Perform PBC and OBC and compare the performance in each level of the hierarchical
classification structure;

(4) Study the correlation between crop phenology and Sentinel-1 C-band SAR backscat-
ter time series data and identify three phenological stages and the main growth pe-
riod of the winter crops.
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2. Study Area

The study area is located on the west coast of France in the north of the Finistére
department and the region of Brittany (Figure 1).
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Figure 1. Location of study area, the north of the Finistere department, Brittany, France, as per the
RGB band combination of a Sentinel-2 satellite image on 20 April 2019 and the distribution of agri-
cultural land in 2019.

The study area covers a land surface of 1034.41 km?, and extends between the lati-
tudes of 48°19'39"N and 48°40'41"N, and the longitudes of 4°12'50"W and 4°47'13"W. Ac-
cording to French National Institute of Geographic and Forest Information (IGN), the
northern part of Finistére is mostly dominated by plains, and the elevation of the area
ranges between 0 m and 100 m [32]. The study area is mostly occupied by cropland, tem-
poral or permanent grasslands, small area of forests and shrubs, urban agglomeration in
the south, and a wetland area in the north [33]. Climatically, the north of Finistere is clas-
sified as type Cfb (temperate oceanic climate), according to the Képpen climate classifica-
tion, and it is characterized by warm winters and cool summers. On average, the northern
region of Finistere receives 941 mm of total precipitation per year, with the annual average
temperature being 12.1 °C (7.7 °C and 16.8 °C are the monthly average temperatures for
the coldest and warmest months, respectively), and therefore the warm temperate climate
with frequent rainfall provides very favorable conditions for agriculture activities.

With such climate and topography conditions, agriculture is an important economic
sector in the study area, and a considerable number of locals work in an agricultural or
related sector in the department. There are 384,408 hectares of useful agricultural area in
the department, so 57% of the department’s surface is devoted to agricultural use [34].
One of main agricultural productions are crops, including corn, winter wheat, and winter
barley, and vegetables [35].

Hence, it is important to develop a methodology to map one or several specific crop
types and monitor their growth stages by using free access, high quality satellite images
for crop production management. The north of the Finistere department was chosen as
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our first study area because of its favorable natural conditions, highly active agricultural
activities, and its proximity, which facilitate the field research and interaction with farmers.

3. Data

The study was executed in the Finistere department in France during 2019, using
open-access high-quality satellite data from the Sentinel platform. It is worth noting that
the latest version of the graphic parcel register was published in 2019 by the French Na-
tional Institute of Geographic and Forest Information, and this information was relevant
to our study.

Due to the annual high-intensity precipitation there is frequent heavy cloud cover in
the region, therefore, operable optical satellite images are very rare in the study area. Nev-
ertheless, a Sentinel-2 optical satellite image was acquired in the spring, which is the grow-
ing season of the winter crops. In order to create a cloud-free time series of the study, the
phenological phrases of winter crops from the SAR data were applied to the phenology
monitoring process.

3.1. Sentinel-2 Optical Data

Sentinel-2 is an satellite imaging mission that is implemented by the European Com-
mission (EC) and the European Space Agency (ESA) as a part of the Copernicus program
[36]. The two identical satellites (Sentinel-2A and Sentinel-2B) provide continually open-
access, multispectral, wide swath (290 km), high spatial resolution (four bands at 10 m, six
bands at 20 m, and three bands at 60 m), and high revisit frequency (five days with com-
bined satellites) image data [36]. Due to frequent heavy cloud cover in the area, only one
cloud-free level 2A atmospheric effect-corrected Sentinel-2 image from 20 April 2019 was
acquired from the Theia platform (catalog.theia-land.fr) [37] (Table 1). Ten spectral bands
(Table 2) were extracted for further processing and analysis.

Table 1. Sentinel-2 image used in the study.

Date Satellite Platform Processing Level Tiles
20 April 2019 Sentinel-2 2B Level 2A T30UUU

Table 2. Sentinel-2 spectral bands used in the study.

Sentinel-2 Bands Spatial Resolution (m) Wavelength Range (nm)
Band 2-Blue 10 458-523
Band 3-Green 10 543-578
Band 4-Red 10 650-680
Band 5-Vegetation red edge 20 698-713
Band 6-Vegetation red edge 20 733-748
Band 7-Vegetation red edge 20 773-793
Band 8-Near Infrared 10 785-899
Band 8A-Vegetation red edge 20 855-875
Band 11-Short-Wave Infrared 20 1565-1655
Band 12-Short-Wave Infrared 20 2100-2280

3.2. Sentinel-1 SAR Data

The Sentinel-1 C-band SAR (Synthetic-aperture radar) is one of the ESA missions un-
der the Copernicus program [38]. Sentinel-1 possesses two polar-orbiting satellites (Senti-
nel-1A and Sentinel-1B) sharing the same orbital plane, which are able to operate day and
night using their own energy source in order to perform high spatial resolution (10 m),
wide coverage, high repeat cycle (generally five days with two satellites), C-band SAR
imaging in all weather conditions [38].
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In this study, interferometric Wide Swath mode level-1 GRD (Ground Range De-
tected) Sentinel-1 data with an incidence angle ranging from 30 to 46 were acquired to
create the time series of the growing period of the winter crops (winter wheat and winter
barley) in 2019, from 1 October 2018 to 1 September 2019. Both polarizations (VV + VH)
were used, but only the descending orbit was retained for the processing. In total, 109
Sentinel-1 C-band SAR images with descending orbit were acquired for this study.

3.3. Auxiliary Data

RPG (Graphic Parcel Register) was applied as the ground truth data in our study,
used for creating training data and test data. RPG 2019 is the latest version of the very
precise, geo-referenced agricultural land database that covers the entire France territory
(except Mayotte) that was published by IGN. The databases show the precise crop types
(e.g., wheat, corn, vegetables, sunflower) or temporary and permanent grasslands in that
are in the recorded agricultural lands in each year [39].

4. Methods

The methodology of this paper is detailed in two parts, which relate to the two re-
search subjects: mapping winter crop types using Sentinel-2 data, and monitoring crop
phenology with Sentinel-1 backscatter time series. The data were processed in QGIS with
Orfeo Toolbox, eCognition 10.0, and GEE (Google Earth Engine).

4.1. Winter Crop Types Mapping
A flow chart of the proposed global methodology is displayed below (Figure 2)
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Figure 2. Hierarchical classification methodology used in the study for crop mapping.

4.1.1. Image Preprocessing

After the study area selection and satellite image acquisition, the boundary of the
northern region of Finistere area was applied in order to extract our area of interest by
subsetting the raw images for the purpose of reducing the image size and shortening the
processing time.

In remote sensing fields, vegetation indices (VI) are the qualitative and quantitative
evaluation of vegetation covers and their growth dynamics, using different combinations
of spectral measurements. The results of the indices are different due to the different
chemical and morphological characteristics of the surfaces of the organs or leaves of the
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plants [40], however the spectral responses are also affected by other factors, such as en-
vironmental effects, soil reflectance and its components, shadows, and atmospheric and
topographic effects [41].

For this reason, over a hundred VIs have been developed and enhanced for various
applications over the past three decades in order to enhance spectral responses, increase
sensitivity for identifying vegetated areas, distinguish different vegetation types, evaluate
the vegetation density, and provide data on the health of the vegetation [42], and also to
minimize the effects of other factors that are described above [41]. In this study, six VIs
are used with the aim of mapping winter crop types using Sentinel-2 data.

e  The Normalized Difference Vegetation Index (NDVI), proposed in 1973 by [43], is the
most known and widely used index in research related to vegetation monitoring.
NDVIis the normalized difference between the visible red and near-infrared spectral
reflectance of vegetation, as follows:

NIR—-RED

NDVI = (1)
NIR+RED

Even though the index is often affected by atmospheric conditions and soil reflec-
tance and its components, it remains a highly used index in agriculture-related fields to
measure the rate of vegetation cover and evaluate the health of the crops.

e  The Normalized Difference Water Index (NDWI), proposed by Gao in 1996 [44], is a
vegetation index that is used to highlight the changes in the liquid water content of
vegetation canopies with weak atmospheric aerosol scattering effects, while remain-
ing independent of the soil background [44]. The index is the normalized ratio be-
tween visible red and short-wave infrared spectral bands, and the expression of this
is displayed below:

NDWI = NIR-SWIR (2)

NIR+SWIR

With its high sensitively to water stress, NDWI is frequently used for the agricultural
monitoring of drought and irrigation management. As well, some studies reveal the pos-
sibility of distinguishing crop types, especially winter crops, with NDWI [20,45-47].

e  The Green Normalized Difference Water Index (GNDVI) was proposed in 1996 by
Gitelson et al. [48], as NDVI; it is the index for evaluating the photosynthetic activity
of the vegetation, except that the visible red band is replaced by the green band, rang-
ing from 0.54 to 0.57 microns, and the expression of it is as follows:

GNDVI = NIR—Green (3)

NIR+Green

Besides NDVI, the “Green” NDVI is more sensitive for assessing the chlorophyll con-
centration at the canopy level and it enables a precise estimation of the pigment concen-
tration [48].

e  The Enhanced Vegetation Index (EVI), developed by the MODIS Land Discipline
Group [49], is aimed at optimizing the vegetation signal and correcting the impreci-
sion of NDVI with improved sensitivity in high biomass regions by appending sev-
eral additional spectral bands [50], and it is calculated by the following equation:

G * (NIR — Red)

EVI = 4
(NIR + C1 = Red — C2 * Blue + L) @

EVlIis able to reduce the atmospheric conditions and canopy background noise with
high sensitivity in densely vegetated areas and it is more responsive to canopy structural
variations as compared to NDVI [50].

e  The Soil-Adjusted Vegetation Index (SAVI), was proposed by Huete in 1988 [51] as

an attempt to improve NDVI, which is frequently affected by the soil background
conditions. Therefore, the index aims at minimizing the influence of soil brightness
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and eliminating the need for the additional calibration for different soils by using a
soil-brightness correction factor [51]. It has an adjustment factor (L) in its calculation:

(NIR—Red)

SAVI =
(NIR+Red+L)

a1+1L 5)

SAVI was found to be helpful in separating different crop types, especially spring
crops from winter ones [52].

e  TheModified Soil Adjusted Vegetation Index (MSAVI) was developed by [53] in 1994
as an improved version of SAVI, with the constant soil adjustment factor L being
replaced. It is proven to increase the dynamic range of the vegetation signal while
further minimizing the soil backgrounds spatial and temporal variations, therefore
resulting a greater vegetation sensitivity:

(2*NIR+1—\/(Z*NIR+1)2—8*(NIR—RED)) ©)
2
Studies have proven that MSAVI can be used in the agriculture field [54,55], and even
more in winter crop monitoring [56].
After calculating the vegetation indices, an image stack with the ten original spectral
bands and all of the indices was created for further image processing.

MSAVI =

4.1.2. Image Processing

In this study, for the better extraction of winter wheat and winter barley in the study
area from the satellite image, supervised image processing using different approaches was
performed in order to make comparisons and attempt to reach the most adapted classifi-
cation in this study (Figure 3).

Sentinel-2
data
Vegetation ! i
extraction \ i i
i i |
Vegetation ' ! :
i i ]
i i i
i i Winter crops | |
cropland Betteraccuracies cropland i i ! :
. T . : i extraction i
extraction extraction | | '
i i
i i i
i i i
Cropland ! . !
i i ]
' ' E Legend:
Winter crops |seteracuaces | Winter crops ! ' ! [ purama
extraction extraction ' '
. } [¢ ) Output result
A S = g f SR T — -’ (77773 Hierarchical classification
Better accuracies [e——

| Direct extraction

______

Objet-based RF classification
Pixel-level RF classification
Figure 3. Proposed detail image processing methodology chart.

Compared to the direct extraction of winter crops with pixel-based RF algorithms,
hierarchical classification methods are effectuated in three progressive levels, each with
different objectives. The objectives from the first level of the hierarchy to the last one are
extracting vegetation (including croplands) from raw images, extracting croplands from
vegetated areas (trees, shrubs, and grassland), and finally, obtaining exclusively winter
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wheat and winter barley from all crop types detected in previous stages, respectively. Fi-
nally, the results of the two classification approaches were evaluated with accuracy indi-
ces, in order to distinguish which one had better agreement with the ground truth data.

In addition, inside the hierarchical classification structure, except for during the first
step, separating vegetation and non-vegetation exclusively used the pixel-based RF algo-
rithm and this reached a very close agreement with ground truth data. Each step has been
performed using the two methods, pixel-based and object-based RF classification, in order
to determine the result with better accuracies for further processing and analysis.

Pixel-Based Classification (PBC)

The traditional PBC is the most used method in remote sensing, especially for land
use classification; therefore, this method was also widely employed in this study. The PBC
was done on the pixel level, which is the smallest unit in an image, where only the spectral
information of each single pixel was used. During the classification, each pixel was as-
signed predefined classes by using a model that was well trained with training data and
a classification algorithm. In this paper, PBC is performed in both classification ap-
proaches.

Object-Based Classification (OBC)

OBC starts with an additional processing step before classification, which involves
the segmentation of an image into numerous, non-overlapping, homogeneous objects [23],
hence, the OBC was done on the object level instead of the pixel level. At the same time,
aside from the simple spectral information, the texture, color, form, and size of the objects
are taken into account. Later the individual object that was generated by the segmentation
algorithm was used for classification.

A Multiresolution Segmentation (MRS) algorithm was applied as the first step of the
object-based image analysis (OBIA) in the current study. This relatively complex and user-
dependent algorithm has proven to be one of the most successful image segmentation
algorithms in the OBIA area [57]. At the beginning of the process, each pixel is considered
as a segment; afterwards, pairs of adjacent image objects are merged to form larger seg-
ments [58]. The three main parameters of the algorithm: scale, shape, and compactness,
can be adjusted by users. The scale parameter is able to define the maximum standard
deviation of the heterogeneity in order to control the amount of spectral variation within
objects and the size of their results [57,59]. Thereafter, there are also two homogeneity
criteria, the shape criterion that defines the weight between the shape and the spectral
information of the objects, and the compactness criterion which represents the compact-
ness of the objects during segmentation [60].

In this study, several combinations of parameters were used, and the optimal ones
were found on a trial-and-error basis. The scale, compactness, and shape parameters were
assigned as follows: 15, 0.5, and 0.3, respectively, for cropland extraction, and 20, 0.5, and
0.1, respectively, for winter crops extraction.

Supervised RF Classification

Supervised RF classification was performed on the Sentinel-2 data. It is the most com-
mon procedure for the quantitative analysis of remote sensing imagery [61], and it in-
volves the use of training data for machine-learning classification. The training data were
selected with reference data, knowledge, and experience provided by the user, and the
selected samples were considered representative of each class.

Training data and test data in our research were selected in this step, using the RPG
2019 map. For the purpose of comparing different methods of classification, training data
that were selected for PBC and OBC were as similar as possible, such as using the same
area and very approximate surfaces, in order to improve the global comparability of the
two methods.
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RF classification has been one of the most known and widely used classification al-
gorithms, especially in the land cover classification field, over the past two decades. This
powerful machine learning classifier has numerous key advantages, such as a low sensi-
tivity to noise or overtraining, the ability to handle high-dimensional data, its high classi-
fication accuracy and non-parametric-nature, and its capacity to determine variable im-
portance [19].

RF is also one of the ensemble learning algorithms that builds numerous classifiers
that have been proven to improve classification accuracy considerably. For classification,
RF forms an ensemble method using a tree-like classifier, where each tree in the forest
contributes a single vote for the most popular class, and the majority of the vote deter-
mines the final prediction of the RF model [62].

The training and classification of the RF module were applied using the Orfeo
toolbox with two user-defined parameters that were set on a trial-and-error basis: the
number of decision trees grown in the forest and the maximum tree depth, which is the
length of each tree in the forest. The two parameters that were used in this study were
defined as 100 and 25, respectively.

4.1.3. Image Post Processing

After the classification, the accuracy assessment was performed with test data in or-
der to evaluate the classification’s degree of agreement with the reality and therefore as-
sess the reliability of the classified results. In this study, in order to evaluate the classifica-
tion quality and compare it amongst the different classification methods, five well-known
and highly promoted accuracy indices were calculated for each classification method and
each class. Among them, overall accuracy (OA) and kappa were employed for the global
accuracy assessment, otherwise, precision, recall, and F-score were computed to assess
the classification results of each class.

The OA is one of the traditional measures of classification accuracy that is derived
from the confusion matrix [63]. It indicates the probability that an individual pixel will be
correctly classified by a classifier [64], hence, it is computed by dividing the number of
correctly classified pixels by the total number of pixels in the confusion matrix. The pop-
ular kappa coefficient was first applied in the remote sensing community to express the
classification accuracy in the early 1980s [65], and it is considered to be the assessment of
the inter-classifier agreement and the accuracy of two classifiers; it usually gives a statis-
tically more sophisticated measure of interclass agreement, also it gives a better interclass
discrimination than OA does [66].

Among the per-class accuracy assessments, precision and recall were computed from
the confusion matrix as well. Precision is also called the positive predictive value, which
is related to the rate of correct positive predictions among the total predictions that are
classified as positive, and the recall or sensibility represents the rate of the actual positive
individual pixels that are correctly detected by the classifier. Furthermore, the F-score was
generated from the precision and recall; it provides a single harmonic mean of the model’s
precision and recall.

In the hierarchical classification process, test data that were used for evaluating the
classification of each step were generated as random points from the image that were used
to perform classification, which is the result of the previous steps. Afterwards, the random
points were labelled manually with the Graphic Parcel Register map as ground truth.
However, with the aim of evaluating the performance of the proposed hierarchical classi-
fication approach by comparing with traditional direct extraction, a completely new test
dataset was produced from the original Sentinel-2 image that was not classified.

4.2. Crops Phenology Monitoring

This second part of the study was performed, based on the mapped winter crops
from the previous step. Due to limited climate conditions in the study area, winter crop
phenology monitoring was performed with Sentinel-1 C-band SAR data using the Google
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Earth Engine (GEE) platform. GEE is an open-source, cloud computing platform with a
fast, high-performance computation and visualization system and a large data catalog
which hosts a large repository of publicly available geospatial datasets, including a variety
of satellite imaging systems [67]. The platform is designed for global-scale geospatial big
data storage, processing, and analyzing [68]. The utility of GEE has been examined in dif-
ferent fields, for vegetation mapping and monitoring, land cover change mapping, and
agriculture applications [68].

The platform proposes a complete data process chain from a single or a collection of
analysis-ready images to library functions or user-defined algorithms that are applied to
achieve results generation and visualizing. One of its main advantages is allowing long-
term monitoring using a user-defined period with free access to preprocessed time series
data. Hence, in this study, the backscatter coefficient (c°) in decibels (dB) of both polari-
zations (VV and VH) and their ratios of a Sentinel-1 image time series during a complete
growing period of winter crops (from October to September) on a few chosen croplands
was automatically generated in a line chart on the GEE platform. In order to study the
scattering behavior of our target croplands, each image was preprocessed, and the
backscatter coefficient was converted to dB by GEE using the Sentinel-1 Toolbox (Figure
4) A flow chart of the Sentinel-1 image time series process in GEE is displayed as follow
(Figure 4):

Apply orbit file

GRD border
noise removal

backscatter
coefficient (c°)
in decibels (dB)

Thermal noise

removal calibration Correction

Radiometric Terrain .

Figure 4. Sentinel-1 image process in the GEE platform.

The first step in applying the orbit file aims at updating the orbit metadata with a
restituted orbit file, then Ground Range Detected (GRD) border noise removal attempts
were performed to remove the low intensity noise and invalid data on the scene edges.
Afterward, a thermal noise removal function aims to remove the additive noise in sub-
swaths to reduce the discontinuities between sub-swaths for scenes in different acquisi-
tion modes. Thereafter, radiometric calibration is applied to compute the backscatter in-
tensity, and subsequently, a terrain correction, also called an orthorectification, was per-
formed to convert the data from ground range geometry to o° [69]. Lastly, dB was calcu-
lated from o° with the equation dB = 10*1og100°. A series of line charts in dB were plotted
for each polarization and ratio of each winter crop.

5. Results
5.1. Winter Crop Types Classification Methods Comparison

The classification results of the different approaches and methods of the winter wheat
and winter barley and their accuracy analysis are presented in this part. Firstly, the results
of PBC and OBC of each step in the hierarchical classification are demonstrated and eval-
uated through accuracy assessments, the more accurate results were retained for further
processing and comparison with classical direct extractions. Then the final results of the
hierarchical classification and classical direct extraction are displayed and compared with
accuracy assessments as well.

5.1.1. PBC versus OBC
Vegetation Extraction

For vegetation extraction (including cropland), only PBC was performed since it
achieved a great accuracy, approximately close to 1. From Figure 5 we see that the distri-
bution of vegetation and cropland is coherent in the study area, apart from some urban
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environments, which are marked by intense non-vegetation pixels, in particular these ar-
eas are in the south and the northeast of the study area. According to Table 3, both global
and interclass accuracy indices are very close to 1, this indicates a high probability of a
correct classification of each individual pixel, and a great overall agreement level with the
ground truth. Besides a good performance and good training of the PBC method, the dis-
tinction between the vegetated area and non-vegetation is very significant, and therefore,
it is easy to classify.
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Figure 5. Level 1: PBC vegetation (including cropland) extraction results.

Table 3. Accuracy assessment of PBC vegetation (including cropland) extraction.

Precision Recall F-Score
Vegetation 0.992 0.997 0.995
Non-vegetation 0.994 0.984 0.989
Kappa: 0.984
Overall accuracy (OA): 0.993

Croplands Extraction

Subsequently, based on the vegetated area that was extracted from the previous step,
we aimed to distinguish and preserve only the croplands from all arboreal vegetation,
shrub, and grasslands, including pasture. In this step, OBC and PBC were both performed
and evaluated. Figure 6 demonstrates that the results of the two methods are almost iden-
tical, although more individual pixels were classified as cropland in PBC considering that
PBC was operated on pixel-level.
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Figure 6. Level 2: PBC and OBC croplands extraction results.

Pursuant to Tables 4 and 5, even though the global accuracy indices of the results of
OBC are slightly better than PBC with a difference of 0.024 in kappa and 0.004 in OA, the
indices of the two results are still comparable. The tables below show that a large propor-
tion of pixels are correctly predicted, in general, and that the level of agreement with the
ground truth data is somewhat lower, but it is still acceptable. Furthermore, for the inter-
class accuracy evaluation, cropland generally has the highest precision, recall, and F-score
results, which are all around 0.90. The models were well trained to make a good prediction
of the cropland class, especially for the OBC model, and most of the individual pixels
belonging to the cropland class were correctly detected. This can be explained by the OBC
taking into account the geometry, form, and texture elements, which are the key elements
that are used to distinguish the croplands from other vegetation. The classification of the
vegetation has a slightly lower accuracy of approximately 0.2 in comparison with
croplands because of the mix of different kinds of vegetation and the uncertain form of
the vegetated area, though OBC remains more precise when it is compared to PBC. Fi-
nally, the classes of the other pixels in our study area, which were mainly some isolated
pixels that were left from the previous step due to some errors, were better classified with
PBC since the non-vegetated area has highly different spectral behavior as compared to
that of vegetation. Considering the better accuracy assessments of OBC, its classification
result was preserved to perform the next step of classification.

Table 4. Accuracy assessment of OBC croplands extraction.

Precision Recall F-Score
Vegetation 0.786 0.746 0.765
Cropland 0.912 0.905 0.908
Others 0.700 0.875 0.778
Kappa: 0.716
Overall accuracy (OA): 0.861

Table 5. Accuracy assessment of PBC croplands extraction.

Precision Recall F-Score
Vegetation 0.769 0.678 0.721
Cropland 0.879 0.932 0.905
Others 0.929 0.813 0.867
Kappa: 0.692

Overall accuracy (OA): 0.857
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Winter Crops Extraction

In this final step, two winter crop types were extracted, based on the results of the
previous step, and the classification result of the cropland extraction was achieved by us-
ing OBC. The results of the two classification methods (Figure 7) are very close to identical
in this level, wherein the differences between the two maps can hardly be noticed.
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Figure 7. Level 3: PBC and OBC winter crops extraction results.

With the lack of a possibility to visually compare the two methods, they were evalu-
ated and compared by using accuracy assessments (Tables 6 and 7). In regard to the global
accuracy indices, all classes were stated as accurate when using the two methods, which
signifies a good performance by both methods with a high accuracy and a strong level of
agreement for the classification. Beyond that, it is worth noticing that PBC shows a better
potential with about 0.03 higher value in the OA and 0.04 in kappa, moreover, PBC basi-
cally achieves a better accuracy indicator of three classes in comparison with that of the
OBC. The results illustrate that the difference in spectral behavior was exploited to distin-
guish winter crops from other crops, since all the croplands share similar geometry, form,
and texture characteristics. Nonetheless, among the different crop types that were pre-
sented in our area of study, winter wheat has the most distinctive spectral signature, thus
it was found to be the class with the best accuracy indices in both results, with very strong
reliability in terms of prediction and a high rate of precisely identifying winter wheat. In
contrast, the classification of winter barley and other crops are somewhat less accurate
with approximately 0.1-0.5, and the advantage of PBC is more significant, with higher
accuracy indicators of around 0.04, which might be caused by the confusion of winter
barley and other crops due to the similarity of their spectral behavior. In addition, the dif-
ference between these two classes were better detected by PBC with spectral information.

Table 6. Accuracy assessment of OBC winter crops extraction.

Precision Recall F-Score
Winter wheat 0.998 0.978 0.988
Winter barley 0.833 0.871 0.852
Other crops 0.870 0.848 0.859
Kappa: 0.848
Overall accuracy (OA): 0.899
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Table 7. Accuracy assessment of PBC winter crops extraction.

Precision Recall F-Score
Winter wheat 0.994 0.976 0.985
Winter barley 0.876 0.913 0.894
Other crops 0.917 0.895 0.906
Kappa: 0.892
Overall accuracy (OA): 0.928

5.1.2. Hierarchical Classification versus Classical Direct Extraction

The results of the hierarchical classification, which is the classification approach that
was proposed in this study, and the classical direct extraction for the winter crops map-
ping are presented in Figure 8. Generally, winter wheat and winter barley were well de-
tected and extracted from the Sentinel-2 image; the results of two classification approaches
are globally identical, with particular reference to the homogeneous distribution of the
winter crops over the area of interest. Nevertheless, the classical direct extraction ap-
proach identified more winter croplands, especially winter barley, and the winter
croplands that were detected are much more fragmented; many small pixels were classi-
fied as croplands. This could be explained by the fact that winter crops are directly ex-
tracted from the preprocessed image; in addition, there might be some confusion between
winter barley, grasslands, and some different crops considering the resemblance of their
spectral behavior.
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Figure 8. Classification results with hierarchical classification and classical direct extraction.

To make a better comparison, the accuracy assessments of the two approaches are
displayed in Tables 8 and 9. According to the tables, both classification results are very
satisfactory as mostly all of the accuracy indicators range from 0.8 to 1, specifically, with
the hierarchical classification, almost all indices are superior to 0.9. This suggests a good
performance and training of the models and also a strong agreement with ground truth
of all classification approaches in the study. Still, it is worth noticing that the hierarchical
classification shows a better potential for specific crop type mapping as compared to the
classical direct extraction (approximately 0.1 higher in kappa and 0.07 in OA). Addition-
ally, nearly every class achieved a higher accuracy in hierarchical classification, which
indicates that the model is solid, and it is able to make a good prediction. Among the three
classes, winter wheat is the most correctly classified class in both of the classification ap-
proaches, the indicators that range from 0.90 to 0.99 and with an F-score that is highly
similar. Hierarchical classification reaches a better precision index, that means that the
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model is more exact, yet classical direction extraction achieved a finer recall, which means
that the model returned more relevant results, and it can correctly and efficiently identify
winter wheat. In addition, winter barley and the other classes were evaluated and less
accurately classified, especially with the classical direct extraction approach. According to
Table 8, the winter barley class obtained a high recall (0.960) and a relatively lower preci-
sion (0.683), which suggests a high false-positive rate; many individuals that were pre-
dicted as winter barley that the model returned were found misclassified when they were
compared to the test data. On the contrary, the other class received a high precision index
(0.955) and a comparatively low recall (0.797), and these indicators demonstrate that the
pixels were correctly detected and labelled despite there being fewer results returned by
the model. The comparably low accuracy of the two classes and the imbalance between
the precision and recall indices might be explained by: (1) the similarity of the spectral
behavior between winter barley and other crops and even grassland in the case of the
classical direct extraction approach. (2) Since two winter crops are extracted directly from
the Sentinel-2 image, the other class included not only non-vegetated urban areas, but also
vegetation and other croplands which occupy a large area of our study site. Therefore, an
imbalance between classes was caused, thus, more training datasets of the other class were
acquired in consideration of its weak intraclass correlation.

Table 8. Accuracy assessment of hierarchical classification.

Precision Recall F-Score
Winter wheat 0.991 0.904 0.946
Winter barley 0.886 0.900 0.893
Others 0.929 0.959 0.944
Kappa: 0.888
Overall accuracy (OA): 0.932

Table 9. Accuracy assessment of classical direct extraction.

Precision Recall F-Score
Winter wheat 0.959 0.928 0.943
Winter barley 0.683 0.960 0.799
Others 0.955 0.797 0.869
Kappa: 0.789
Overall accuracy (OA): 0.866

5.2. Crops Phenology Monitoring

The Sentinel-1 temporal backscattering coefficient profiles of diverse land cover types
at VV and VH dual-polarizations from the study area during the growing season of the
winter crops (from 1 October 2018 to 1 September 2019) are shown in Figure 9; the tem-
poral profiles of the mean ovv and ovh values of urban, vegetation (including other
crops), water, bare soil, winter wheat, and winter barley land cover are displayed. As
shown in Figure 9, besides the profiles of the water area, which fluctuate significantly due
to the weather conditions, the temporal profiles of the vegetation, urban, and bare soil are
much more stable than the profiles of winter crops are, which have a significant fluctua-
tion according to their different growth stages. Especially in the ovh profile, the vegeta-
tion, urban, and bare soil profiles are generally close to their mean value, regardless of the
season. Nonetheless, the variation of the backscattering coefficients of the two winter
crops are clearly evident, for example, a peak is seen in early December, followed by a
minimum value in early summer and a maximum value in midsummer. Thus, the results
indicate that it is feasible to distinguish winter crops from other types of land cover, par-
ticularly vegetation and other crops, and furthermore, we are able to identify and study
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the main phenological stages from germination to ripening (harvesting) by using Sentinel-
1 temporal profiles.
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Figure 9. Sentinel-1 temporal backscattering coefficient profiles of different land covers (vegetation,
water, urban area, bare soil, winter wheat, and winter barley) in the study area at VV and VH po-
larizations from 1 October 2018 to 1 September 2019.

Based on prior knowledge and field research with local farmers, winter wheat and
winter barley are both cereal crop types that are planted from October to November. Gen-
erally, winter barley is sowed earlier than winter wheat in the Finistere department. Ger-
mination, which is the first growth stage of the crops, takes place three to four weeks after
sowing, hence, this is in early December for winter wheat and in mid-November for win-
ter barley. The crops remain in their vegetative stage during winter, and stem elongation
begins in spring, and it lasts until the plants reach their maximum height, usually in early
summer. Lastly, ripening, the final growth stage, and harvesting occur in summer (early
summer for winter barley and mid-summer for winter wheat).

In Figure 10, both the raw signal and smoothed trend line of the temporal backscat-
tering coefficient profiles of VV, VH, and the VH/VV ratio for the 2018-2019 growing sea-
son are displayed. Looking at the charts, it is shown that large variations occur before the
germination due to the interaction between the bare soil and vegetation that is caused by
stem-ground double scattering [6,70], while previous research suggests that the fluctua-
tion in the backscattering profiles is mostly induced by changes in soil water content and
roughness [6]. Pursuant to previous research, germination as the first stage of emergence
of the plant can be recognized as the first maximum value of the profiles before they begin
decreasing [25], therefore the germination stage is observed at around 1 December for
winter wheat, and in early November for winter barley. Moreover, for winter wheat, this
phase is best observed with VV and the VH/VV polarizations as they represent the first
peak of the curves; however, the peak is better illustrated at VV and VH polarizations for
winter barley. Afterwards the overwintering stage occurs, and the crops remain in their
vegetative stage during winter (generally around 1 January); a gentle decreasing and a
slight flattening can be observed in the VV polarization curves during this stage for both
the crops. Furthermore, a fluctuation of the VV and VH curves of the two crops at around
1 January 2019 is driven by a short pause of rainfall, as the signals are highly affected by
the soil water content. The stem elongation stage starts in spring, where the vertical de-
velopment of the stems and leaves of the plants cause soil scattering attenuation, repre-
sented as a continuous and steadily decreasing line, until they reach the heading stage,
where the plants achieve their maximum height. After along decreasing phase, 0° reaches
the minimum value of the temporal profiles at the heading stage at around 1 May 2019
for both winter crops, and this stage can be better observed in ovv and ovh/vv for winter
wheat phenology, and in ovh and ovh for winter barley. However, the sharp decrease in
ovv and ovh at the heading stage, specifically in the profiles of the winter barley might be
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the result of the relative lack of rainfall that occurred after early April. After heading, the
inflorescence emergence, anthesis, grain development, and dough development stages oc-
cur. As seen on the graphs the curves start to increase during the flowering and grain
development stages. These stages are illustrated by a sharp increase in the winter barley,
regardless of the polarization, while by contrast the ovv and ovh/vv of the winter wheat
shows a smooth increase. At last, the ripening stage, which is the maturation stage, occurs
and the crops are ready to be harvested. This phase is shown as the last peak of the profiles
during the growing season, followed by a sharp decrease which is caused by the absence
of volume and multiple scattering after the harvesting [25]. As the results show, harvest-
ing, which took place around 1 August 2019, is better demonstrated by ovv and ovh for
winter wheat, while the harvesting stage was in late June for winter barley, and it is clearly
shown by all polarizations, particularly in VV and VH.
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Figure 10. Winter wheat and winter barley Sentinel-1 temporal backscattering coefficient profiles at
VV, VH, and VH/VV polarizations of the northern part of the Finistere region for the 2018-2019
growing season, with the daily precipitation data and three main phenological stages, which are
presented by a vertical line as well.

The best polarization for each phenological stage (germination, heading, and ripen-
ing (harvesting)) are detailed as follows in Tables 10 and 11. The phenology monitoring
of the winter wheat highly relies on VV polarization, while the VH/VV ratio is also very
helpful in identifying the germination and heading stages. Otherwise, the VH polarization
was used to detect the ripening stage and the harvesting event.

Meanwhile, the phenology monitoring of the winter barley depends more on VV and
VH polarizations, which are able to easily identify the three phenological statuses. In ad-
dition, VH/VV polarization is also effective for detecting the ripening and the harvesting
stages.
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Table 10. The best polarization observed for each phenological stage of winter wheat in the study.

Stage Polarization Date Determination
Germination VH/VV,VV  Early December First peak of the temporal series
Heading VV, VH/VV Early May The minimum value after emergence
Ripening Last maximum of the profiles,
(Harvesting) following by a sharp decrease

VvV, VH Around 1 August

Table 11. The best polarization observed for each phenological stage of winter barley in the study.

Stage Polarization Date Determination
Germination VV, VH Early November First maximum of the temporal series
Heading VV, VH Around 1 May The minimum after emergence
Ripening Last maximum of the profiles,

VV, VH, VH/VV Around 1 July

(Harvesting) following by a sharp decrease

6. Discussion
6.1. Hierarchical Classification for Winter Crops Mapping

In this study, two different classification approaches using Random Forest machine
learning methods were performed on a Sentinel-2 high spatial resolution satellite image
that was acquired in April 2019, which is the growing season of the winter crops, in order
to detect and map winter wheat and winter barley in a fragmented area that was occupied
by different land categories. One of the main objectives of this paper was to successfully
extract winter crops data with the hierarchical classification that was proposed in this
study, which allows an efficient winter crop type mapping for a study area with a complex
landscape, and to easily distinguish winter crops from other land cover types, especially
arboreal vegetation, shrubs, grassland, and other crop types. The results of the hierar-
chical classification were evaluated with different accuracy indicators (global or inter-
class) and were finally compared with the traditional direct extraction approach.

Both classification approaches achieved a good accuracy level despite the complex
occupation and small cropland size in the region, with an overall accuracy of 0.866 and
0.932 and a kappa index of 0.789 and 0.888 for classical direct extraction and hierarchical
classification, respectively. Even though the classical extraction method worked well for
winter crop mapping, the accuracy assessment indicates that the hierarchical classification
is clearly more accurate and better suited to our study by turning a complex multi-class
classification problem into a series of smaller classifications. According to the results that
are presented in Figure 8 and the accuracy indicators that are displayed in Tables 8 and 9,
apart from the global accuracy indicators, the hierarchical classification has proven to be
reliable, with outstanding performance in the classification of both winter crops classes,
particularly the winter wheat.

The hierarchical classification approach is widely used in many different fields, such
as for categorization problems [71], biological predictions [72,73], and music genre classi-
fication [74,75], meanwhile the concept of solving a complete classification problem step-
by-step using agglomerative algorithms plays also an important role in image classifica-
tion and its efficacy is well known and it is recognized by previous studies [76-79]. In this
study, we proposed a hierarchical classification framework that was constituted by three
smaller classifiers for extracting winter crop data, and we have clearly demonstrated the
superiority of the hierarchical framework over the classical extraction method.

Additionally, both classifications in this study were performed with supervised RF
machine learning methods and highly accurate results were acquired, regardless of the
approach or the method. Therefore, RF has proven to be a feasible, well-suited classifica-
tion algorithm for precisely mapping specific winter crop types from a small-sized field
in a complex area.
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6.2. Comparison of PBC and OBC

In this work, PBC and OBC were implemented in the two steps of the classification
process within the hierarchical classification structure (croplands extraction from all veg-
etated area, and winter croplands extraction from all croplands). In addition, the two clas-
sification models were trained by a similar dataset, and then evaluated using the same
test data. The two classification methods are widely known and used, and they are always
compared in different fields. OBC provides a method to the satellite image classification,
and numerous studies in the remote sensing field it is demonstrated that OBC usually
achieves a better classification with different data and in different landscapes over PBC
by bringing complementary information other than the spectral signal and turning classi-
fication units from pixels to image objects [80-83]. Whiteside et al. in 2011 [23] indicated
that OBC has a better potential for extracting land cover information in a spatially heter-
ogeneous land cover area, while Weih and Riggan in 2010 [24] proposed that OBC pro-
duced more homogeneous classes, as the classes that were produced by PBC are more
fragmented. Furthermore, many studies have also pointed out that OBC regularly outper-
forms PBC for crop type mapping and they noted that it has a more efficient calculation
time [84-86]. However, OBC is limited by segmentation errors, such as over-segmentation
and under-segmentation, which bring negative impacts to the classification; consequently,
low segmentation accuracy leads to low classification accuracy [79,86,87]. Furthermore,
some studies have also revealed that the difference in accuracy values between the two
methods decreases or even disappears when the same classification algorithms are applied,
or the spatial resolution of the image is increased [88-90].

In this work, the results illustrate that each method has its advantage in the classifi-
cation process. OBC slightly outperformed PBC in cropland extraction as the complemen-
tary texture, geometry, and shape information are helpful for cropland detecting. On the
other hand, PBC reaches a higher accuracy in winter crops extraction, since all croplands
have a similar shape, but winter crops can be easily distinguished from other crops with
direct spectral information. Additionally, the statistical difference between the results of
PBC and OBC is not particularly significant. In conclusion, small differences that are in-
duced by several factors between the two methods can be noticed, yet both methods are
equally useful for our classification.

6.3. Potential of Sentinel-1 Data in Crops Phenology Monitoring

Optical satellite data are well developed and have traditionally been used for differ-
ent crop phenology monitoring by using vegetation indices time series [91-93], with NDVI
being the most used vegetation index for crop phenology mapping [26,94,95]. However,
Sakamoto et al. in 2005 [96] proposed rice phenology detection with time-series EVI data
with fewer errors between the estimated phenological dates and the statistical data. Dong
et al. in 2020 [10] have exploited the potentialities of a newly developed vegetation index,
the Normalized Difference Phenology Index (NDPI), to provide more robust vegetation
information and to reduce the adverse impacts of soil and snow cover for winter wheat
mapping. In recent years, with the emergence of the new generation of high spatial and
temporal resolution SAR data, a particular interest in radar data for crop phenology mon-
itoring was found, especially for its “all weather” capacity, which leads directly to an in-
creased role of SAR data in the field [97-99]. This study proved that Sentinel-1 C-band
SAR-polarized backscatter time series data has great potential to monitor winter crop phe-
nology in a coastal area that is marked by frequent precipitation, and some important
considerations of the behavior of different polarizations in regard to different phenologi-
cal stages are worth discussing.

Firstly, despite the o° of both polarizations and their ratios being relatively similar,
the curves of the VH and VV polarizations are sharper when they are compared to those
of the ratio, due to the fact that the ratio is less sensitive to varying conditions like moisture
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and incidence angle variations. This can be explained by such effects having certain im-
pacts in both polarizations, where the impacts would be reduced in the ratio [1]. As seen
in Figure 10, the curves of the ratio VH/VV of winter wheat and winter barley are
smoother in comparison with those of the single polarization and they are less impacted
by continuous rainfalls or drought due to absence of precipitation.

Secondly, the timing of the phenological stages or growing periods of the crops based
on the field knowledge are in agreement with the observations of the results. Based on
prior knowledge, the sowing takes place between October and November, and winter
barley is usually planted earlier than winter wheat is, and the germination occurs 3—4
weeks after sowing. This period can be confirmed by noting the large variations of the
curves in the beginning which are induced by the interaction between the bare soil and
the vegetation that is caused by the stem-ground double scattering [6], afterwards the ger-
mination is represented by the first peak of the curves, and this is especially well demon-
strated in the polarization ratio for winter wheat and in the single polarizations for winter
barley. After the overwintering period, the stem elongation, which begins in spring, can
be recognized on the curves as a decreasing period that is caused by the attenuation of the
signal when the vegetation cover occurs. Thereafter, the heading stage, where the crops
attain their maximum height, occurs in early summer. This stage was confirmed with a
minimum value on the curves at around 1 May, which can be well observed in the polar-
ization ratio for winter wheat and in single polarization for winter barley. After heading,
the volume backscattering was increased due to the increase of the plant biomass [1], and
the winter barley is harvested in early summer, and the winter wheat is harvested in mid-
summer. This is illustrated by the curves in all polarizations decreasing as expected with
large variations post-harvesting, depending on the soil conditions.

This leads to the conclusion that it is feasible to map crop phenology with high accu-
racy by using SAR data, which is highly sensitive to the phenology of agriculture crops.
In addition, unlike many methods which exclusively use the single polarization or the
ratio [31,100,101], our study shows that the combination of both is able to provide a better
observation of agriculture phenology. Further studies can investigate the feasibility and
performance of combining SAR and optical data for crop phenology monitoring.

6.4. Limitations and Perspectives

Some limitations were revealed during the process of result analyzing. Despite the
fact that the hierarchical classification approach acquired a better accuracy (0.099 in kappa
and 0.066 in OA), this classification approach required more complicated processing steps
and was more costly when one is comparing it to the direct extraction, for a slight en-
hancement in the results. Moreover, the confusion between winter barley and grassland
was nonnegligible. For increasing classification accuracy, extra data such as SAR or Sen-
tinel-2 time series data can be applied. Additionally, even though the three main pheno-
logical statuses were successfully extracted from Sentinel-1 backscatter time series, more
field research and expert knowledge is required for identifying some others important
phenological stages (e.g., tillering, flowering, soft dough and hard dough).

7. Conclusions

Three issues surrounding winter crops have been studied and discussed in this pa-
per. Firstly, two types of winter crops (winter wheat and winter barley) were mapped by
using a Sentinel-2 high-resolution image, and two different classification approaches were
performed. Both the hierarchical classification, which turns a complex classification prob-
lem into a series of smaller classifications, and the classical direct extraction, which ex-
tracts the winter crops directly from the original satellite image, were carried out. The
hierarchical classification was composed of three smaller classifications: vegetation extrac-
tion from the original image, cropland extraction from the vegetation, and finally the win-
ter crop extraction from other crops. Additionally, PBC and OBC were both performed in
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the last two steps and evaluated in order to keep the most accurate classification for fur-
ther processing and analysis. Subsequently, crop phenology monitoring was performed,
based on the results of the previous step by using Sentinel-1 C-band SAR time series data,
and the three important phenological stages (germination, heading, and ripening (har-
vesting)) and the main growing periods were identified as well.

To respond to the objectives of the study and as the contribution of this paper, our
results showed that winter crops in a fragmented landscape with heterogeneous land
cover were successfully detected with high accuracy by using a Sentinel-2 image and the
classification approaches that have been proposed. In particular, the hierarchical classifi-
cation framework significantly improved the classification accuracy (0.1 and 0.06 increase
in the kappa and OA, respectively, against classical direct extraction), moreover the clas-
sification of winter barley is also enhanced by reducing the confusion between winter bar-
ley and grassland with the hierarchical classification framework (0.094 increase in the F-
score). Within the hierarchical classification, each classification method has its advantage;
OBC slightly outperformed PBC in cropland extraction, yet PBC achieved higher accuracy
in winter crops mapping. Although some small differences can be noticed, however there
is no significant statistical divergence between the two classification methods.

The results also lead to the conclusion that Sentinel-1 C-band SAR-polarized
backscatter time series has great potential to monitor winter agriculture phenology in a
coastal area with frequent rainfall. Three phenological stages and main growing periods
could be easily identified from the time series in a single polarization or from the ratio,
and furthermore the timing of the stages and the growing periods of the crops that are
observed in the results highly conform to the field knowledge.

Although very satisfactory results were acquired in this study, some recommenda-
tions can be made for further studies, such as applying Sentinel-2 time series or SAR data
for crop mapping in order to increase the classification accuracy, and in particular to re-
duce the confusion between winter barley and grasslands or other crop types. Exploring
the potential of the combination of SAR and optical data for identifying more phenological
stages and growth periods from the time series is advocated by us.
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