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Abstract: Land-cover (LC) mapping in a morphologically heterogeneous landscape area is a challeng-
ing task since various LC classes (e.g., crop types in agricultural areas) are spectrally similar. Most
research is still mostly relying on optical satellite imagery for these tasks, whereas synthetic aperture
radar (SAR) imagery is often neglected. Therefore, this research assessed the classification accuracy
using the recent Sentinel-1 (S1) SAR and Sentinel-2 (S2) time-series data for LC mapping, especially
vegetation classes. Additionally, ancillary data, such as texture features, spectral indices from S1
and S2, respectively, as well as digital elevation model (DEM), were used in different classification
scenarios. Random Forest (RF) was used for classification tasks using a proposed hybrid reference
dataset derived from European Land Use and Coverage Area Frame Survey (LUCAS), CORINE, and
Land Parcel Identification Systems (LPIS) LC database. Based on the RF variable selection using Mean
Decrease Accuracy (MDA), the combination of S1 and S2 data yielded the highest overall accuracy
(OA) of 91.78%, with a total disagreement of 8.22%. The most pertinent features for vegetation
mapping were GLCM Mean and Variance for S1, NDVI, along with Red and SWIR band for S2,
whereas the digital elevation model produced major classification enhancement as an input feature.
The results of this study demonstrated that the aforementioned approach (i.e., RF using a hybrid
reference dataset) is well-suited for vegetation mapping using Sentinel imagery, which can be applied
for large-scale LC classifications.
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1. Introduction

Vegetation mapping is essential for sustainable forest management, deforestation,
agricultural, and silvicultural planning [1,2]. Remotely sensed optical imagery is a common
tool for straightforward land-cover classification and vegetation monitoring [3,4]. However,
in complex land-cover areas, it is difficult to map multiple classes that are spectrally similar.
Therefore, time-series of low to medium-resolution optical satellite imagery (e.g., MODIS,
Landsat) have been extensively used for vegetation monitoring since the 1970s [5–8].

In the last decade, time-series imagery provided by the Sentinel-2 (S2) satellites offered
a unique opportunity for vegetation mapping [3,9–12]. The S2 satellite, developed from the
Copernicus Programme of the European Space Agency (ESA), has a three-day revisit time
and a 10 m spatial resolution. However, the acquisition of optical images in key monitoring
periods may be limited because of their vulnerability to rainy or cloudy weather. In this
context, as a form of active remote sensing that is mostly independent of solar illumination
and cloud cover, synthetic aperture radar (SAR) can be used as an important alternative
or complementary data source [13]. SAR systems register the amplitude and phase of the
backscattered signal, which depends on the physical and electrical properties of the imaged
object (e.g., terrain roughness, permittivity) [14]. Recently, multitemporal C-band SAR
imagery has been investigated for vegetation monitoring. Gašparović and Dobrinić [15]
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used single-date and multitemporal (MT) Sentinel-1 (S1) imagery for urban vegetation
mapping. Various machine learning methods were used for classification, and the research
confirmed the possibility of MT C-band SAR imagery for vegetation mapping.

Recently, integration of SAR and optical (i.e., S1 and S2) data has been mostly used
for flood and wetland monitoring or forest disturbance mapping caused by the important
abiotic (e.g., fire, drought, wind, snow) and biotic (insects and pathogens) disturbance
effects [16–18]. In the research from Gašparović and Dobrinić [15], Figure 1 shows that SAR
imagery is neglected for vegetation mapping in land-cover classification tasks compared to
optical data and usage of MT series compared to the single-date imagery. Thus, time-series
of S1 and S2 imagery provide great potential for vegetation monitoring, and this research
investigated the potential of S1, S2, and combined S1 and S2 data for vegetation mapping.
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Figure 1. (a) Location of the study area and (b) overview of the study area (background: true-color composite of Sentinel-2
imagery; bands: B4-B3-B2, acquisition date: 28th September 2018).

Besides using MT optical or SAR imagery for vegetation mapping, recent studies
have used vegetation indices and textural features to obtain phenological vegetation
information. Jin et al. [19] used normalized difference vegetation index (NDVI) time-series
data and textural features computed from the Grey Level Co-occurrence Matrix (GLCM)
for land-cover mapping in central Shandong. The highest overall accuracy (OA) of 89%
was achieved using multitemporal Landsat 5 TM imagery, topographic (digital elevation
model—DEM), NDVI time-series, and textural variables. Furthermore, the influence of
the NDVI time-series variables had a greater impact on OA than the influence of textural
variables. Gašparović and Dobrinić [20] investigated the impact of different pre-processing
steps for SAR imagery when applied to pixel-based classification. Classification using
GLCM texture bands (Mean and Variance) increased OA by 19.38% compared to the
classification on vertical–vertical (VV) and vertical–horizontal (VH) polarization bands.
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Additionally, Lee’s spatial filter with a 5 × 5 window size proved the most effective filter
for speckle reduction [19].

The use of multi-source and MT remote sensing data creates high-dimensional datasets
for classification tasks. Many features in the aforementioned datasets are highly correlated,
which causes noise that hinders the classification itself [21]. Although deep learning
techniques, especially convolutional neural networks (CNNs), have the ability to extract
high-level abstract features for complex image classification tasks, a large training set
representative of the considered study area is required [22,23]. Therefore, various feature
selection (FS) methods are proposed to address these challenging classification tasks [24].
Following Saeys et al. [25], FS techniques can be organized into three categories: filter
methods, wrapper methods, and embedded methods. Filter methods rank the relevance of
individual features by their correlation with the dependent variable. Wrapper methods use
feature subsets and evaluate them based on the classifier performance [26]. This method
is computationally very expensive due to the repeated model classifications and cross-
validations. Embedded methods perform FS during the model training, and they combine
the qualities of filter and wrapper methods. These methods are mostly embedded within
the algorithm, such as Random Forest (RF). A RF classifier, introduced by Breiman in
2001 [27], is a very popular algorithm in a remote sensing community due to the ability to
deal with noise, high dimensional, and unbalanced datasets. RF belongs to an ensemble
learning algorithm built on decision trees and is increasingly being applied in vegetation
mapping using multispectral and radar satellite sensor imagery [4,28–30]. As mentioned
before, FS can be done during the modelling algorithm’s execution, based on the following
indices for variable importance: Mean Decrease Accuracy (MDA) and Mean Decrease Gini
(MDG) [24].

Besides using state-of-the-art machine learning methods for vegetation mapping, the
overall accuracy of the classified image depends on the quality, quantity, and semantic
distribution of the reference data [31]. Balzter et al. [32] investigated SAR imagery for
land-cover classification using the CORINE land-cover mapping scheme. The CORINE was
initiated in 1985 and consists of a land-cover inventory in 44 classes. In [32], 17 land-cover
classes from hybrid CORINE level 2/3 were used as training data for the RF classifier.
Besides CORINE, European Land Use and Coverage Area Frame Survey (LUCAS) was
carried out by EUROSTAT for identifying land-use and land-cover (LULC) changes across
the European Union. Weigand et al. [31] investigated spatial and semantic effects of LUCAS
samples using S2 imagery for land-cover (LC) mapping and proposed pre-processing
schemes for LUCAS data. RF classifier was used for discriminating the proposed LC class
hierarchy of LUCAS samples, and the results indicated that LUCAS data can be used for
LULC classifications using S2 data. Belgiu and Csillik [30] used LUCAS data for study
areas in Europe for cropland mapping. Depending on the study area, six or seven LC
classes were discriminated using a RF classifier. Therefore, suitable reference data for
classification tasks must be used to ensure the research’s reproducibility and combined
with the sampling design and “good practice” recommendations presented in [33,34].

This research aims to assess the classification accuracy using SAR and optical imagery
for different scenarios and evaluate the addition of textural features for S1 and spectral
indices for S2 imagery. Hence, the use of S1 and S2 time-series, which contain most
of the phenological changes, was investigated for vegetation mapping. Moreover, the
performance of the RF classifier in a morphologically heterogeneous landscape of northern
Croatia was evaluated by using a hybrid reference dataset derived from CORINE, LUCAS,
and national Land Parcel Identification Systems (LPIS) LC datasets.

2. Study Area and Datasets
2.1. Study Area

The Med̄imurje County, illustrated in Figure 1, is one of the main crop product
regions and is the northernmost part of Croatia. The study area covers over 700 km2,
from which around 360 km2 are used in agriculture, which mostly includes fields of
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cereals, maize, potato, orchards, and vineyards. According to the Koppen–Geiger climate
classification system [35], this region has a temperate oceanic climate (Cfb), characterized
by warm summer. The mean annual temperature for 2018 in the study area is 10.2 ◦C with
precipitation of 846 mm/year [36].

2.2. Satellite Datasets

For vegetation mapping in heterogeneous land-cover (LC) areas, multitemporal (MT)
satellite imagery is used to characterize phenological changes in vegetation LC classes,
instead of using single-date imagery [19]. Therefore, SAR and optical satellite imagery
from each temperate season have been used in this research. The SAR data are described in
Section 2.2.1; the optical satellite imagery is elaborated in Section 2.2.2; ancillary features
derived from SAR and optical imagery are introduced in Section 2.2.3, and topographic
data used in different classification scenarios is described in Section 2.2.4.

2.2.1. Sentinel-1 Data

Sentinel-1 (S1) Ground Range Detected (GRD) products in dual-polarization mode
(VV + VH) were used in this research (Table 1). Data were downloaded from the Euro-
pean Space Agency (ESA) Data Hub and, as a GRD product, imagery has already been
detected, multi-looked, and projected to ground range using an Earth ellipsoid model [37].
Additionally, in ESA SNAP software, data were calibrated to sigma naught (σ0) backscatter
intensities, speckle filtered using Lee filter [38], and terrain-correction was made using the
shuttle radar topography mission (SRTM) one-arcsecond tiles.

Table 1. Sentinel-1 (S1) and Sentinel-2 (S2) imagery used in this research.

S1 S1 Orbit S2 S2 Cloud Cover [%] ∆S1-S2 [Days]

Date

04-12-2017 ASC 19-12-2017 0.0 15
27-04-2018 ASC 28-04-2018 0.1 1
19-08-2018 ASC 16-08-2018 3.6 3
12-10-2018 ASC 10-10-2018 0.2 2
29-11-2018 ASC 04-12-2018 1.1 5

2.2.2. Sentinel-2 Data

The Sentinel-2 (S2) constellation includes two identical satellites (S2A and S2B), which
carry a multispectral instrument (MSI) for the acquisition of optical imagery at high spatial
resolution (i.e., four spectral bands at 10 m, six bands at 20 m, and three bands at 60 m
resolution). The S2 sensor acquired optical imagery during the same periods as S1 (Table 1),
and the cloud-free tiles were downloaded in Level-2A (L2A), which provides orthorectified
Bottom-Of-Atmosphere (BOA) reflectance, with sub-pixel multispectral registration. For
this research, bands with 60 m spatial resolution were not considered due to their sensitivity
to aerosol and clouds, whereas 20 m spectral bands were resampled to 10 m using the
nearest neighbor method to preserve the pixels’ original values [39].

2.2.3. SAR Texture Features and Multispectral Indices

Since radar backscatter is strongly influenced by the roughness, geometric shape, and
dielectric properties of the observed target, radar-derived texture information represents
valuable information for classification tasks. Introduced by Haralick et al. [40], grey-level
co-occurrence matrix (GLCM), depending on a given direction and a certain distance in
the image, estimates the local patterns in image pixel intensities and spatial arrangement.
Among many developed texture measures for vegetation mapping, GLCM, combined with
the original radar image, is one of the most trustworthy methods for improving mapping
accuracy. In this research, a set of nine texture features, derived from the GLCM, were
calculated in the SNAP 8.0 software and used for vegetation mapping: Angular Second
Moment (ASM), Contrast, Correlation, Dissimilarity, Energy, Entropy, Homogeneity, Mean,
and Variance.
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Satellite-based indices are commonly calculated from the spectral reflectance of two
or more bands [41]. Using these indices indicates the relative abundance of features
of interest, such as canopy chlorophyll content estimations, vegetation cover, and leaf
area (Normalized Difference Vegetation Index—NDVI; Enhanced Vegetation Index—EVI;
Soil Adjusted Vegetation Index—SAVI; Pigment Specific Simple Ratio—PSSRa) or water
surfaces (Normalized Difference Water Index—NDWI). Moreover, modified and refined
versions of the aforementioned indices were used (Modified Chlorophyll Absorption
in Reflectance—MCARI; Green Normalized Vegetation Index—GNDVI; Modified Soil
Adjusted Vegetation Index—MSAVI), as well as indices that use narrower red edge bands
from S2 (Normalized Difference Index 45—NDI45; Inverted Red-Edge Chlorophyll Index—
IRECI). Table 2 shows the multispectral indices employed in this research.

Table 2. Sentinel-1 (S1) and Sentinel-2 (S2) imagery used in this research.

Spectral Index Equation * S2 Bands Used Reference

NDVI NIR−R
NIR+R

B8−B4
B8+B4 [42]

NDWI NIR−G
NIR+G

B8−B3
B8+B3 [43]

EVI 2.5 ∗ NIR−R
NIR+ 6.0 ∗R− 7.5 ∗B+L 2.5 ∗ B8−B4

B8+ 6.0 ∗B4− 7.5 ∗B2+0.5 [44]
SAVI NIR−R

NIR+R+L ∗ (1 + L) B8−B4
B8+B4+ 0.5 ∗ 1.5 [45]

NDI45 RE1−R
RE1+R

B5−B4
B5+B4 [46]

MCARI [(RE1 − R) − 0.2 ∗ (RE1 − G)] ∗
(RE1 − R)

[(B5 − B4) − 0.2 ∗ (B5 − B3)] ∗
(B5 − B4)

[47]

GNDVI G−R
G+R

B3−B4
B3+B4 [48]

MSAVI NIR−R
NIR+R+L ∗ (1 + L) B8−B4

B8+B4+L ∗ (1 + 0 .5) [49]
PSSRa

RE3
R

B7
B4 [50]

IRECI RE3−R
RE1 / RE2

B7−B4
B5 / B6 [51]

* NIR: Near-infrared band; R: Red band; G: Green band; B: Blue band; RE1, RE2, and RE3 represent Red-edge 1, 2, and 3 band, respectively.
L is the adjusted factor that depends on terrain conditions and vegetation cover, where 0 indicates dense vegetation cover, and 1 represents
areas without vegetation. In this research, L factor was set to 0.5 [52].

2.2.4. Topographic Data

Some research indicated that using topographic variable data, such as the digital
elevation model (DEM) produces major classification enhancements [32,53]. Therefore,
shuttle radar topography mission (SRTM) one-arcsecond DEM tiles were resampled to a
10-m spatial resolution by the bilinear interpolation. Additionally, during the test phase
of the research, slope and aspect were derived from the SRTM DEM, but their presence
as input features brought noise in the dataset, which led to lower classification accuracy.
Therefore, the aforementioned features (i.e., slope and aspect) were not further considered
as input features for vegetation mapping.

2.3. Reference Data

To reflect the major land-cover classes that are present in the area, reference data
were derived, based on our expert knowledge and information, from CORINE, LUCAS,
and LPIS land-cover database. Since reference data in the aforementioned databases vary
in spatial and semantic consistency, a hybrid classification scheme was devised for this
research. Therefore, higher thematic levels from CORINE, LUCAS, and LPIS database
were visually interpreted from a time-series of Landsat and Google Earth high-resolution
imagery and reduced to the following eight major land-cover classes which were sampled in
the study area: cropland, forest, water, built-up, bare soil, grassland, orchard, and vineyard
(Table 3). Training and validation pixels were selected at random from the polygon-eroded
CORINE and LPIS land-cover maps, and a maximum pixel threshold of 300 pixels per class
was set. Afterwards, signatures of the proposed hybrid land-cover classes were checked
with LUCAS sample points and visually confirmed from a time-series of high-resolution
imagery. This threshold was set following the recommendation from Jensen and Lulla [54]
that a number of training pixels should be 10 times the number of the variable used in



Remote Sens. 2021, 13, 2321 6 of 18

the classification model. This hybrid approach was proposed in this research, in order
to ensure the reproducibility and optimal number of LC classed were chosen since the
difference in the number of distinct classes can affect the classification accuracy [55].

Table 3. Description of the major LC classes used in this research, with included codes of CORINE
Level 2/3 and LUCAS classification scheme.

ID Class CORINE LUCAS

1 Cropland 2.1 Arable land B00 Cropland (except B70)
2.4 Heterogeneous agricultural areas

2 Forest 3.1 Forests C00 Woodland

3 Water
4.1 Inland wetlands G00 Water areas

5.1 Inland waters
4 Built-up 1.1 Urban fabric A00 Artificial land

5 Bare soil 3.3 Open spaces with little or no
vegetation F00 Bare land and lichens/moss

6 Grassland
2.3 Pastures D00 Shrubland

3.2 Scrub and/or herbaceous
vegetation associations E00 Grassland

7 Orchard 2.2.2 Fruit trees and berry plantations B70 Permanent crops: Fruit trees
8 Vineyard 2.2.1 Vineyards B82 Vineyards

3. Methods

The analysis of potentially separable LC classes was conducted using the time-series
of optical NDVI values and radar polarization bands. A total of seven cloud-free scenes
of the S2 L2A were used to calculate NDVI profiles to identify areas containing different
vegetation and agriculture characteristics [56].

3.1. Jeffries–Matusita (JM) Distance

To evaluate the spectral similarity between the LC classes in the reference dataset
used for this research, Jeffries–Matusita (JM) distance was calculated [57,58]. This spectral
separability measure compares distances between the distribution of classes (e.g., A1 and
A2), which are then ranked according to this distance, following the equation:

JMA1 A2 = 2 ∗ (1 − e−B) (1)

where B represents the Bhattacharyya distance [56]:

BA1 A2 =
1
8
(mA1 − mA2)

2 2
S2

A1
+ S2

A2

+
1
2

ln

[
S2

A1
+ S2

A2

2SA1
+ SA2

]
(2)

where mAi are average values of LC classes A1 and A2, and SAi
are their covariance matrices.

3.2. Random Forest (RF) Classification

For this research, RF classifier was chosen due to the simple parametrization, feature
importance estimation in the classification, and short calculation time [3]. Therefore,
optimization of the RF hyperparameters and feature importance estimation as input for
vegetation mapping will be explained in Sections 3.2.1 and 3.2.2, respectively.

3.2.1. Hyperparameter Tuning

RF consists of several hyperparameters, which allow users to control the structure and
size of the forest (ntree) and its randomness (e.g., number of random variables used in each
tree—mtry). Default values for the ntree and mtry parameters are 500 and the square root of
the number of input variables, respectively. Therefore, a grid search approach with cross-
validation was used in this research for hyperparameter tuning, and optimal parameter
values were determined as those that produced the highest classification accuracy.
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3.2.2. Feature Importance and Selection

During the training phase, RF classifier constructs a bootstrap sample from 2/3 sam-
ples of the training dataset, whereas the remaining samples, which are not included in the
training subset, are used for internal error estimation called out-of-bag (OOB) error [59].
The random sampling procedure was repeated ten times, allowing to compute average
performances with confidence intervals. Afterwards, by evaluating the OOB error of each
decision tree when the values of the feature are randomly permuted, the relative impor-
tance of each feature can be evaluated [60]. In such a way, mean decrease in accuracy
(MDA) can be expressed as [24]:

MDAj =
1
n

n

∑
t=1

(MPtj − Mtj) (3)

where n is equal to ntree, and Mtj and MPtj denote the OOB error of tree t before and after
permuting the values of predictor variable Xj, respectively [61]. MDA value of zero indi-
cates that there is no connection between the predictor and the response feature, whereas
the larger positive of MDA value, the more important the feature is for the classification.

Another measure for calculating the feature importance is based on the mean decrease
in Gini (MDG), which measures the impurity at each tree node split of a predictor feature,
normalized by the number of trees. Similar to MDA, the higher the MDG, the more
important the feature is. Similar research in the remote sensing community is not united
on which measure to use for feature selection using RG in classification tasks. Belgiu and
Dragut [62] reported that most studies in their review used MDA, whereas Cánovas-García
and Alonso-Sarría [60] obtained the highest accuracy for all of the classification algorithms
using MDG. Since former research used pixel-based and latter object-based classification,
MDA was used as a measure for feature selection in this research.

3.3. Accuracy Assessment

The ability to discriminate LC classes was first assessed using optical NDVI profiles
and radar backscatter (i.e., VV and VH) coefficients and JM distance, which measures
statistical separability between two distributions.

Afterwards, the validation protocol of different classification scenarios used a stratified
random sample of 70% of the reference pixels for training and 30% for the validation [33].
Mean overall accuracy (OA) with confidence intervals was reported in this research since
twenty random splits of training and validation data were performed [11]. Besides OA, two
simple measures (i.e., quantity disagreement (QD) and allocation disagreement (AD) [63])
were used in this research. As reported in the paper by Stehman and Foody [64], Kappa
coefficient is highly correlated with OA, and therefore, we opted for QD and AD. The
former measure refers to a difference in a number of pixels of the same class and the latter
measure refers to a spatial location mismatch for every LC class between the training and
test dataset [65]. Additionally, the user’s accuracy (UA), as a measure of the reliability of
the map, and producer’s accuracy (PA), as a measure of how well the reference pixels were
classified, were computed for individual LC classes [66].

In this research, various classification scenarios (package “randomForest” [67]) and
accuracy assessments (package ‘caret’ [68]) were conducted using the R programming
language, version 4.0.3., through RStudio version 1.3.1093.

4. Results and Discussion
4.1. Optical NDVI and Radar Backscatter (VV, VH) Time-Series

As shown in Figure 2, water and forest can easily be detected throughout the whole
season, whereas built-up and bare soil class show a similar pattern, except in August,
which can easily be resolved by using additional spectral indices (e.g., SAVI, normal-
ized difference built-up index (NDBI) [69]). Since the cropland class in the investigated
study area is consisted mostly of single cropping plant systems (e.g., cereals, maize, and
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potato), characteristic crop phenology pattern can be recognized, which consists of the
sowing (March), growth (from April to August), and harvest (September). The biggest
inter-class overlap for separating the vegetation occurs between grassland, orchard, and
vineyard. Therefore, in this research, Jeffries–Matusita (JM) distance was used as a spectral
separability measure [10,70].
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Figure 2. Temporal behavior of optical NDVI time-series profiles for LC class analysis.

Since the backscatter signal is affected by soil moisture, surface roughness, and terrain
topography, the VV and VH polarization bands analysis is presented in Figure 3. Overall,
the lowest VV and VH values have water class, since only a very small proportion of
backscatter is returned to the sensor due to the side-looking geometry [71]. On the other
hand, the highest mean VV and VH values consist of the built-up class, due to the double-
bounce effect in the urban areas [72]. Vegetation classes tend to overlap within the VV
and VH bands due to the volume scattering, whereas the backscatter values are higher in
the VV than VH due to a combination of single bounce (e.g., leaves, stems) and bare soil
double-bounce backscatter [73].
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4.2. Jeffries–Matusita (JM) Distance Variability Results of Each Class

The JM distance results for the similarity of each class and each sensor calculated are
shown in Table 4. For both sensors used in this research (i.e., S1 and S2), the water class was
the only LC class identified with JM values above 1.7, which indicates good separability
with other classes. This class separability was also confirmed with calculated NDVI profiles
(Figure 2). Furthermore, fairly good separation can be found for the forest class using the
S1 polarization bands, whereas bare soil class separability is noticeable for the S2 bands.
Similar to the NDVI profiles and radar backscatter (VV, VH) values, vegetation classes
yielded low JM distance values, indicating that additional features (e.g., spectral indices,
GLCM textures) should be used for better class differentiation.

Table 4. JM * distance values of each LC class used in this research calculated for S1 (blue color) and S2 (green color) sensors.

ID # 1 2 3 4 5 6 7 8
1 - 0.56 1.35 0.63 0.07 0.14 0.34 0.25
2 0.31 - 1.82 0.37 0.28 0.52 0.11 0.20
3 1.91 1.93 - 1.86 1.36 1.27 1.68 1.59
4 0.12 0.52 1.96 - 0.30 0.69 0.41 0.49
5 0.27 0.52 1.99 0.17 - 0.16 0.18 0.14
6 0.13 0.59 1.97 0.08 0.37 - 0.26 0.16
7 0.08 0.31 1.96 0.08 0.36 0.06 - 0.05
8 0.08 0.65 1.96 0.07 0.35 0.04 0.08 -

* JM values are in the range from 0 to 2, where distance values greater than 1.7 indicate a good separability between the LC classes. # The
ID represents following classes: 1 = Cropland; 2 = Forest; 3 = Water; 4 = Built-up; 5 = Bare soil; 6 = Grassland; 7 = Orchard; 8 = Vineyard.

Since this research used reference data from higher thematic levels of CORINE, LU-
CAS, and LPIS database, the aforementioned eight LC classes were used for different classi-
fication scenarios and comparison with similar research. According to Dabboor et al. [74],
the JM distance measure is wide in the case of high-dimensional feature space, mostly
when hyperspectral imagery is used. In this research, different texture measures were used
for increasing the class separability, as noted in the research by Klein et al. [75].

4.3. Random Forest Hyperparameter Tuning Results

For optimization of the RF hyperparameters, a grid search approach with k-fold
cross-validation was performed (Table 5), and k was set to 5. Although Cánovas-García
and Alonso-Sarría [57] mentioned that RF is not very sensitive to its hyperparameters,
ntree and mtry values were set to 1000 and a one half of the input variables for each
classification scenario, respectively. A larger number of trees of the forest led to a more
stable classification, albeit it can increase computational time for vegetation mapping at
regional to global scales.

Table 5. The cross-validated grid search relationship between the overall accuracy (%) and hyperpa-
rameters (mtry and ntree) of the RF classifier.

ntree
100 500 1000

mtry
10 93.85 93.78 93.40
20 95.51 96.07 96.20
30 96.30 96.41 96.58

4.4. Importance and Selection of S1 and S2 Input Features for Vegetation Mapping

Before any classification scenario was conducted, the feature selection was performed
for SAR (i.e., S1) and optical (i.e., S2) time-series data, as well as their ancillary features.
As shown in Figure 4, major improvements in the overall accuracy are perceptible up to
50 features. An increase from the aforementioned number of features in the classification
model provides a negligible improvement in the OA in relation to the computational cost



Remote Sens. 2021, 13, 2321 10 of 18

and processing requirements. Therefore, one-fourth most important features from the
overall number of input features available for each classification scenario were used in
this research.
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According to the feature importance approach described in Section 3.2.2, Figure 5
shows the 50 first features sorted by the decreasing MDA. Color coding was used, de-
pending on the source of the input feature (e.g., S1 or S2 band, derived ancillary features
from S1 and S2). The digital elevation model (DEM) was the most important input feature
for the classification, followed by the summer B4 (i.e., Red) S2 band, and winter MSAVI
and NDWI S2 indices. Overall, for S1, the VH polarization band was the most important
feature among the first 50 features, whereas GLCM Mean, Variance, and Correlation were
the most important features among the nine textural features used in this research. The
former variable (i.e., VH) is expected to be included in the final classification model, since
it contains volume scattering information [76], whereas the latter GLCM features have
already been proven for vegetation mapping [20,41].

In terms of S2, B12, B11, and B5 (i.e., SWIR2, SWIR1, and RE1) are the most present
S2 spectral bands. These results coincide with similar research [77], e.g., Abdi [78] where
nearly half of the input S2 variables belonged to the RE and SWIR bands, included in
scenes from spring and summer dates. The high importance of the RE1 band could be
associated with the mapping of different crop types [79], whereas SWIR bands were found
to be important for mapping the forest class [80]. In the research by Immitzer et al. [81],
the aforementioned S2 bands were most important for tree species and crop type mapping
using single-date S2 imagery. In this research, the spectral indices were represented the
most, with 28 of them among the 50 input features. NDVI, NDWI, SAVI, and MSAVI
were represented the most in the classification model within this feature group, whereas
NDI45, MCARI, and GNDVI were not included at all in the model. This is expected, since
vegetation phenology in the time-series can be greatly represented with NDVI [82], and
other indices provided good separation between other LC classes. In terms of the relevance
of time periods, the spring dates are the most present for features that are connected with
the vegetation classes, whereas December appeared to be the most important month for
discriminating other non-vegetation LC classes.



Remote Sens. 2021, 13, 2321 11 of 18Remote Sens. 2021, 13, x FOR PEER REVIEW 12 of 20 
 

 

 
Figure 5. S1 and S2 time-series feature importance sorted by the decreasing MDA. Error bars indicate 95% confidence 
intervals. 

The aforementioned feature selection results coincide with similar research. Jin et al. 
[19] evaluated the variable importance of Landsat imagery through MDA and Gini index 
using RF for LC classification. Summer NDVI and NIR band, DEM, GLCM mean, and 
contrast were the key input features for classification, which achieved OA of 88.9%. Abdi 
[78] classified boreal landscape using S2 imagery and RF, support vector machine (SVM), 
extreme gradient boosting (XGB), and deep learning (DL) classifiers. RE and SWIR S2 
bands were the most important features, and interestingly, none of the spectral indices 
were ranked highly in his research, probably because of the high correlation with the red 
edge bands. RF achieved an overall accuracy of 73.9%. Tavares et al. [77] used S1 and S2 
data for urban area classification. Red and SWIR S2 bands were identified as the most 
significant contributors to the classification, whereas VV and GLCM mean were the most 
important features from S1 and texture features, respectively. The authors agree that DEM 
should be included for major classification enhancements, which was done in our re-
search. The integration of S1 and S2 data yielded the highest OA of 91.07% [74]. 

4.5. Accuracy Assessment 
Confusion or error matrix [83] was computed for six different classification scenarios 

in a time-series (i.e., S1 and S2 alone, S1 with GLCM, S2 with Indices, S1 and S2, and all 
features together). Overall accuracy (OA), quantity disagreement (QD), and allocation dis-
agreement (AD) were derived from the confusion matrix (Section 3.3). 

Table 6 shows that the highest OA of 91.78% was achieved using combined S1 with 
S2 features, whereas classification using only S1 bands yielded the lowest OA of 79.45%. 
Interestingly, classification using all available features achieved lower OA than S1 with 
S2, leading to a conclusion that ancillary S1 and S2 features (i.e., GLCM and spectral indi-
ces) brought additional noise in the data, leading to a decrease in the classification. On the 
other hand, QD was lower for classification using all features compared to S1 with S2 
classification, which means that the level of difference in the number of pixels between 
the reference map versus the classified map is different for the classification using all fea-
tures, but the number of misallocated pixels is higher (i.e., more pixels are omitted from a 

Figure 5. S1 and S2 time-series feature importance sorted by the decreasing MDA. Error bars indicate 95%
confidence intervals.

The aforementioned feature selection results coincide with similar research. Jin et al. [19]
evaluated the variable importance of Landsat imagery through MDA and Gini index using
RF for LC classification. Summer NDVI and NIR band, DEM, GLCM mean, and contrast
were the key input features for classification, which achieved OA of 88.9%. Abdi [78]
classified boreal landscape using S2 imagery and RF, support vector machine (SVM),
extreme gradient boosting (XGB), and deep learning (DL) classifiers. RE and SWIR S2
bands were the most important features, and interestingly, none of the spectral indices
were ranked highly in his research, probably because of the high correlation with the red
edge bands. RF achieved an overall accuracy of 73.9%. Tavares et al. [77] used S1 and S2
data for urban area classification. Red and SWIR S2 bands were identified as the most
significant contributors to the classification, whereas VV and GLCM mean were the most
important features from S1 and texture features, respectively. The authors agree that DEM
should be included for major classification enhancements, which was done in our research.
The integration of S1 and S2 data yielded the highest OA of 91.07% [74].

4.5. Accuracy Assessment

Confusion or error matrix [83] was computed for six different classification scenarios
in a time-series (i.e., S1 and S2 alone, S1 with GLCM, S2 with Indices, S1 and S2, and all
features together). Overall accuracy (OA), quantity disagreement (QD), and allocation
disagreement (AD) were derived from the confusion matrix (Section 3.3).

Table 6 shows that the highest OA of 91.78% was achieved using combined S1 with
S2 features, whereas classification using only S1 bands yielded the lowest OA of 79.45%.
Interestingly, classification using all available features achieved lower OA than S1 with S2,
leading to a conclusion that ancillary S1 and S2 features (i.e., GLCM and spectral indices)
brought additional noise in the data, leading to a decrease in the classification. On the
other hand, QD was lower for classification using all features compared to S1 with S2
classification, which means that the level of difference in the number of pixels between
the reference map versus the classified map is different for the classification using all
features, but the number of misallocated pixels is higher (i.e., more pixels are omitted from
a particular LC class). The addition of texture features (i.e., GLCM) for S1 and spectral
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indices for S2 yielded an increase of 2.26% and 1.33% of OA, respectively. Similar results
were obtained in the research from Sun et al. [84], where the RF classifier provided the
best crop-type mapping results. Classification using S1 and S2 sensors yielded OA of 92%,
whereas the index features were most dominant in the classification results.

Table 6. Mean overall accuracy (OA), quantity, and allocation disagreement (QD and AD) calculated
from 10 random trials ranked in ascending order of OA.

Class. Scenario OA (%) QD (%) AD (%)

S1 79.45 7.31 13.24
S1 with GLCM 81.71 8.57 9.72

S2 89.04 2.74 8.22
S2 with Indices 90.37 1.83 7.80

All 90.78 1.38 7.84
S1 with S2 91.78 1.83 6.39

To assess the ability of differentiation between the LC classes, UA and PA values for
each classification scenario is presented in Figure 6. As indicated in Table 6, classification
using S1 features only poorly predicted LC classes, except for the water class (Figure 6a),
which achieved very high UA values in each scenario, irrespective of the sensor used. As
seen in Figure 6b, GLCM features improved the classification accuracy in vegetation classes,
and similar to [85], texture features improved the supervised classification for urban areas.
Although S2 and S2 with Indices (Figure 6c,d, respectively) produced similar results in
this research, cropland and bare soil classes were better differentiated when the spectral
indices were used. Therefore, it is confirmed that for vegetation mapping, when enough
optical imagery is available for the time-series analysis, it outperforms LC classifications
solely using SAR data in many agricultural applications. In order to mitigate this obstacle,
Holtgrave et al. [86] compared S1 and S2 data and indices for agricultural monitoring. In
their study, radar vegetation index (RVI) and VH backscatter had the strongest correlation
with the spectral indices, whereas the soil more influences VV backscatter in general.
Therefore, SAR indices need to be investigated for vegetation mapping in future research.

For the best classification scenario (i.e., S1 with S2), forest and water class achieved
the highest UA values to measure map reliability. From other vegetation LC classes, UA
was highest for orchard, whereas PA was highest for the vineyard. Cropland was mostly
committed to the bare soil or orchard class, while bare soil was the most underestimated
LC class (i.e., high omission error) due to the confusion with the built-up class. In order to
reduce the misclassification between built-up and bare soil class, built-up indices, such as
normalized difference built-up index (NDBI), built-up index (BUI), built-up area extraction
index (BAEI), etc., should be included in the classification [38]. Similar to our research,
Jin et al. [19] yielded UA higher than 90% for vegetation classes, and the confusion of
grassland, forest, and cropland could be associated with their accuracy errors. Sonobe
et al. [10] investigated the potential of SAR (i.e., S1) and optical (i.e., S2) data for crop
classification. Accuracy metrics for RF classifier were 95.70%, 2.83%, and 1.47%, in terms of
OA, AD, and QD, respectively. Most of the misclassified fields were below 200 a, mostly
for the grassland and maize class. Overall, the large potential of S1 and S2 data was proven
for crop mapping, mostly of their high temporal resolution and free of charge availability.

Figure 7 represents the best supervised pixel-based classification scenario (i.e., S1
with S2) using a RF classifier. Water and forest were in good agreement with testing
data, whereas some bare soil pixels were classified as cropland or orchard. Having added
S2 imagery extracted the urban area more accurately, including main traffic roads. The
confusion of orchards, cropland, and bare soil was the main cause of their misclassification
errors. Vineyards are located in the northwestern part of the study areas and are mostly
situated on the slopes of hills. Due to the large terrain slopes or SAR shadowing [87], it can
be seen in Figure 7 that some confusion between built-up and vineyards occurred. This
effect can be removed with the help of high-quality DEM or GLCM textural features [88].
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4.6. Impact of the Reference Dataset on Classification Accuracies

This research used a hybrid reference dataset derived from CORINE, LUCAS, and LPIS
land-cover datasets, which collect in situ data every six, three, and one year, respectively.
The goal of the hybrid dataset was to take the best of each representation, where only an
agreement is targeted [89]. As noted in the research by Baudoux et al. [28], within this
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approach, two main limitations can arise—spatial [31] and semantic consistency [90]. A
former limitation was solved using a GRID location of the LUCAS sample points since a
difference between GRID and GPS locations exists [31]. Since the nomenclatures across
different LC databases are not standardized, the latter limitation was resolved using n- > 1
associations between each class of each nomenclature (as described in Section 2.3), which
resulted in identifying eight major LC classes. This proved to be a good trade-off between
the overall classification accuracy and the spectral difference between the LC classes since
through an analysis of 64 similar research, Van Thinh et al. [91] noted that a significant
decrease in OA occurs when increasing the number of classes. Moreover, variations in the
performance of the RF classifier, in terms of OA, could occur due to the imbalanced and
mislabeled training datasets. The former obstacle could be mitigated using a weighted
confusion matrix, which provides confidence estimates associated with correctly and
misclassified instances in the RF classification model [92], whereas the latter obstacle is
little influenced for low random noise levels up to 25%–30% [93]. This research used a
balanced training dataset, which, as presented in [92], resulted in the lowest overall error
rates for classification scenarios.

In this research, S1 and S2 imagery along with RF classifier were used for vegetation
mapping on a proposed hybrid reference dataset. Compared to similar research, Dabija
et al. [94] compared SVM and RF for 14 CORINE classes using multitemporal S2 and
Landsat 8 imagery. SVM with radial kernel yielded the highest OA, whereas RF achieved
OA of 80%. Close et al. [95] used S2 imagery and the LUCAS reference dataset for LC
mapping in Belgium. Single-date and multitemporal classifications of five LC classes
were tested for different seasons, and RF yielded an OA of 88%. In their research, the
size of the training samples was also investigated, and the highest OA was achieved with
approximately 400 sample points of a balanced training dataset. Balzter et al. [32] used S1
imagery and RF classifier for mapping CORINE land cover. Additional texture features
were derived from S1 imagery, and in addition, SRTM was used as an input feature for
landscape topography. Hybrid CORINE Level 2/3 classification scheme was proposed in
the research, which reduced 44 LC classes to 27. The highest classification result, in terms
of OA, of 68.4% was achieved using S1, texture bands, and DEM data. As noted in the
review paper by Phiri et al. [96], RF and SVM classifiers provide the highest accuracies
in the range from 89% to 92% for land cover/use mapping using S2 imagery, which was
confirmed in our research.

5. Conclusions

This research aimed to evaluate the classification accuracy of multi-source time-series
data (i.e., radar and optical imagery) with a high temporal and spatial resolution for
vegetation mapping.

Sentinel-1 SAR time-series were combined with Sentinel-2 imagery showing that
an improvement in classification accuracy can be obtained in regard to the results with
each sensor independently. In this research, Random Forest was used as a classifier for
vegetation mapping, due to the ability to deal with high-dimensional data through feature
importance strategy. The aforementioned measure allowed us to use one-fourth of input
variables as a trade-off between model complexity and overall accuracy. Therefore, in this
research, the highest OA of 91.78% was achieved using S1 with S2, with a total disagreement
of 8.22%.

For vegetation mapping, the most pertinent features derived from S1 imagery were
GLCM Mean and Variance, along with the VH polarization band. Considering the spectral
indices derived from S2 imagery, NDVI, NDWI, SAVI, and MSAVI contained most of the
information needed for vegetation mapping, along with Red and SWIR S2 spectral bands.
Overall, SRTM DEM produced major classification enhancement as an input feature for
vegetation mapping.

Within this research, a hybrid classification scheme was derived from European (i.e.,
LUCAS and CORINE) and national (LPIS) land-cover (LC) databases. The results of
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this study demonstrated that the aforementioned approach is well-suited for vegetation
mapping using Sentinel imagery, which can be applied for large-scale LC classifications.

Future research should focus on more advanced deep learning techniques (e.g., con-
volutional neural networks), which can exploit relations between pixels and objects on the
image. Furthermore, these deep learning methods need many training samples, which can
be derived from the proposed hybrid classification scheme and combined with S1 and S2
time-series imagery.
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