
Citation: Papadopoulou, E.;

Mallinis, G.; Siachalou, S.;

Koutsias, N.; Thanopoulos, A.C.;

Tsaklidis, G. Agricultural Land Cover

Mapping through Two Deep

Learning Models in the Framework

of EU’s CAP Activities Using

Sentinel-2 Multitemporal Imagery.

Remote Sens. 2023, 15, 4657.

https://doi.org/10.3390/rs15194657

Academic Editors: Peng Liu, Jun Li,

Lizhe Wang and Dino Ienco

Received: 23 August 2023

Revised: 11 September 2023

Accepted: 18 September 2023

Published: 22 September 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Agricultural Land Cover Mapping through Two Deep Learning
Models in the Framework of EU’s CAP Activities Using
Sentinel-2 Multitemporal Imagery
Eleni Papadopoulou 1, Giorgos Mallinis 2,* , Sofia Siachalou 2, Nikos Koutsias 3 , Athanasios C. Thanopoulos 4

and Georgios Tsaklidis 1

1 Department of Mathematics, Aristotle University of Thessaloniki, 54124 Thessaloniki, Greece;
elenipd3@gmail.com (E.P.)

2 School of Rural and Surveying Engineering, Aristotle University of Thessaloniki, 54124 Thessaloniki, Greece
3 Department of Sustainable Agriculture, University of Patras, 30100 Agrinio, Greece
4 Hellenic Statistical Authority (ELSTAT), 18510 Piraeus, Greece
* Correspondence: gmallin@topo.auth.gr

Abstract: The images of the Sentinel-2 constellation can help the verification process of farmers’
declarations, providing, among other things, accurate spatial explicit maps of the agricultural land
cover. The aim of the study is to design, develop, and evaluate two deep learning (DL) architectures
tailored for agricultural land cover and crop type mapping. The focus is on a detailed class scheme
encompassing fifteen distinct classes, utilizing Sentinel-2 imagery acquired on a monthly basis
throughout the year. The study’s geographical scope covers a diverse rural area in North Greece,
situated within southeast Europe. These architectures are a Temporal Convolutional Neural Network
(CNN) and a combination of a Recurrent and a 2D Convolutional Neural Network (R-CNN), and
their accuracy is compared to the well-established Random Forest (RF) machine learning algorithm.
The comparative approach is not restricted to simply presenting the results given by classification
metrics, but it also assesses the uncertainty of the classification results using an entropy measure and
the spatial distribution of the classification errors. Furthermore, the issue of sampling strategy for the
extraction of the training set is highlighted, targeting the efficient handling of both the imbalance
of the dataset and the spectral variability of instances among classes. The two developed deep
learning architectures performed equally well, presenting an overall accuracy of 90.13% (Temporal
CNN) and 90.18% (R-CNN), higher than the 86.31% overall accuracy of the RF approach. Finally, the
Temporal CNN method presented a lower entropy value (6.63%), compared both to R-CNN (7.76%)
and RF (28.94%) methods, indicating that both DL approaches should be considered for developing
operational EO processing workflows.

Keywords: crop classification; entropy; land cover mapping; neural networks; random forest; remote
sensing; Sentinel-2 images; uncertainty

1. Introduction

Common Agricultural Policy (CAP), introduced as early as 1957 under the Treaty on
the Functioning of the European Union, is one of the most important EU strategies, not
only for receiving more than one-third of the EU’s budget, but also for supporting a range
of socioeconomic, environmental, and political issues at an EU level and on a national
scale. CAP serves as an instrument for improving agricultural productivity, meeting the
expected demand for affordable, high-quality food provision [1] while preserving the
natural environment [2].

In Europe, implementation of the CAP at national level is facilitated through the Land
Parcel Identification System (LPIS), covering each Member State (MS) terrestrial territory [2].
LPIS is an information system that gathers information relevant to cropland at the parcel
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level [3]. It is regularly used for verifying applications and claims of the farmers through
administrative and on-the-spot checks by responsible authorities, verifying eligibility crite-
ria, and testing compliance with commitments and mandatory requirements [4]. The new
regulation (Regulation (EU) 2018/746) adopted in 2018 for the CAP 2013–2020 transforms
the verification process from the sample-based approach to an all-inclusive monitoring
approach to the declarations.

Earth Observation is not relevant only to the verification of regulatory compliance,
but it is also crucial for providing explicit spatial information essential for rural land
management, food security [5], market trend forecasting, and analysis. The impact of
changes in land use and consequently in land cover over time receives increasing attention
since it concerns climate change, decline of biodiversity, degradation of water resources
and soil, and outbreaks of infectious disease [6]. Not surprisingly, cropland and landcover
mapping, based on EO data over rural areas, has been an active field of research over the
past five decades. Cropland occupies a significant area in most European countries, and its
utilization reflects the evolution towards the sustainable development and management
of environmental resources [7,8]. That is why it is usually chosen to be examined in the
framework of its spatial pattern. Throughout the years, an increasing number of studies
have developed and evaluated diverse methodological approaches aiming to provide
reliable, high accurate agricultural use and land cover information.

The temporal and spatial information of crop distribution is essential [9,10] in order
to face several global challenges, such as climate change and increased food demand [11].
Satellite imagery provides data that allow near-real-time monitoring, serving the early
detection of changes in land [12] and more effective terrain management. Contrary to
manual labor, which demands effort and time and varies depending on the geographical
region, remote sensing allows the creation of more accurate crop maps [9], which gather all
necessary details for the amount and the type of agricultural fields. Spatial and temporal
differences observed in crop growth, health, and yield are easily identified thanks to
the evolvement of technology and the emergence of remote sensing data. Objectivity,
timeliness, and accessibility in less accessible fields are some of the new potential [13]
through aerial imagery. The analysis of these imagery is certainly faster and at a lower cost
than the traditional methods of cropland mapping [14]. The issue of low resolution of the
agricultural data collected by ground surveys is solved by the development and disposal of
satellite observations in medium and high spatial resolution, which can cover broad areas
of land across space and time [10]. Even if the resolution is not sufficient, it is possible to
fuse images in order to augment it and identify ground objects at finer scales [15]. In most
cases, the task of cropland mapping does not extend at a global scale since the classification
algorithms cannot map all the existing types of crops as distinct classes [16].

The earlier paradigm of this domain relied on the use of the spectral information
derived from single-date imagery on critical growth stages and the assumption that land
cover and cropland types have distinct spectral signatures [17]. However, the spectral
behavior of many crops is similar during the peak growing season period, and identifying
the “optimal” sensing time is also challenging due to the crop development dynamics and
the associated spectral changes within short time intervals [18]. To overcome misclassifica-
tions arising from the use of single-date imagery, classification approaches exploiting both
the spectral and temporal information found in multitemporal remote sensing data have
been proposed [17]. Multitemporal image acquisitions can be used to monitor and record
spectral changes along the year, extracting information on the seasonality of vegetation,
growth dynamics, and conditions [19]. Until the launch of the Sentinel-2A and Sentinel-2B
data satellites in 2015 and 2017, respectively, multitemporal time series analysis was used
on crop classification and rural mapping over large areas, mainly relying on the use of
high temporal but low spatial resolution MODIS and medium temporal/spatial resolution
Landsat data [20]. Crop and rural mapping becomes especially challenging with such
data in heterogenous areas, as the Mediterranean rural landscapes are characterized by
high fragmentation, small agricultural holdings, crop diversity, and within-crop spectral
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variability due to local weather conditions and topography [18]. On the other hand, the
Sentinel-2 constellation, acquiring images with 10 m spatial resolution every 5–6 days
around the globe, has the potential to provide detailed maps of agricultural land cover and
is defined as the basic source of EO information in the case of 2020+ Common Agricultural
Policy [20,21].

The improved characteristics of the new satellite systems also necessitate the devel-
opment of new processing workflows that can support analysis of the spectral time series
and streamline information extraction. Machine learning approaches such as the Random
Forest (RF) algorithm have been employed successfully to exploit image time series in
agricultural land cover studies [22,23]. In recent years, deep learning (DL) networks have
been increasingly used by the EO community, increasing automation to multi-level feature
representation and extraction as well as to end-to-end learning and information extraction
without any need from the analyst to know the statistical distribution of the input data [24]
and introduce features or rules manually [25]. It is common to be chosen as the preferred
computing paradigm for several tasks since, in most cases, they can beat human labor in
terms of effectiveness and time [26]. Among the several different DL architectures, such
as deep belief networks [27,28], generative adversarial networks [29], transformers [30]
and autoencoders [31,32], convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) are the most extensively used models for complex remote sensing appli-
cations [33,34]. Prominent examples are satellite image fusion for improved land use/land
cover classification [35], object detection [36,37], and change detection [38,39] in remote
sensing images, as well as the delineation of agricultural fields from satellite images [40].
CNNs are appealing to the remote sensing community due to their inherent nature to
exploit the two-dimensional structure of images, efficiently extracting spectral and spa-
tial features, while RNNs can handle sequential input in continuous dimensions with
sequential long-range dependency, thus making them appropriate for the analysis of the
spectral–temporal information in time series stacks [19,34,41–44].

In line with this evolvement and since the data and the algorithm design are two of
the most significant factors for the success of the classification [45], this paper describes
the development of two different DL models for agricultural land cover and crop type
mapping through a detailed fifteen class scheme in a heterogeneous area in Northern
Greece, using a time series of Sentinel-2 images acquired in 2020. The two DL models,
namely a Temporal CNN and an R-CNN are compared against an RF classifier, a robust
machine learning algorithm used extensively in remote sensing studies. Given the high
dependence of the success of these models on the data representation, a different, not
so-common, type of standardization was tested and finally implemented on the reference
instances. The modeling and predicting in the study area were limited to the spectral
bands’ measurements of the raw data without integrating information from spectral indices
derived from combinations of the existing bands. Overall, this study underlines the whole
process of feature extraction, construction, and reforming using the smallest possible
amount of satellite knowledge. Our study advances the field of remote sensing data
mapping by employing an extended classification scheme in a complex, heterogeneous
area, focusing on multiple crop types. To address known accuracy and reliability errors in
reference data coming from farmers’ declarations [22,46–48] in our study, we relied only on
recently verified ground reference data from the state agency managing such databases.
The reference samples were used with optimized deep learning models to generate reliable
and concrete findings. Finally, the novelty of our work is further reflected in our unique
approach to assessing the results. Instead of relying solely on traditional measures of
classification accuracy, we also calculate the Shannon entropy of class probability estimates.
This approach defines accuracy not merely in conventional terms but also considers the
entropy of all potential probabilities or votes toward different class labels for a pixel,
serving as an innovative uncertainty measure. This dual analysis not only provides a
comprehensive view of the classification but introduces a novel method of interpreting
accuracy within the field.
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The paper is organized as follows: Section 2 presents a brief introduction to the CNN
and RNN architectures. Then, Section 3 presents the region of research, the reference
data, the pre-processing, and the validation approach for the developed DL architectures.
Section 4 reports the performance of the predictive models through certain evaluation
metrics and visual representation of classification, as well as in terms of classification
uncertainty. Section 5 discusses the results of this study in relation to earlier works, and
finally, Section 6 summarizes the main findings and the conclusions of the whole work.

All the classification models were designed, trained, and evaluated efficiently on the
CPU, while the writing and the execution of python code (version 3.8.8) were performed
on Jupyter Notebook.

2. Feedforward and Recurrent Neural Networks

Depending on the flow of signals, NNs are divided into two types of topologies: the
feedforward and the recurrent NNs (Figure 1). In this study, both topologies of neural
networks are examined, with their proposed analytical architectures being presented
in Section 3.
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2.1. Feedforward Neural Networks and Temporal Convolutions

Feedforward neural networks are formed by various layers, known as dense or fully-
connected layers, each of which includes a certain number of units-neurons. Each one of
them is connected with all the units in the following layer, and any such connection is
characterized by a weight.

The output of most of the layers, depending on their type, is produced after applying a
function called the activation function. Non-linear or piecewise linear activation functions
are the most preferred so that the NN is able to learn non-linear and complex mappings
between its inputs and outputs [49].

If we suppose that there are N training instances, then the training set includes all the
pairs of the form

(
x(k), d(k)

)
∈ RT*LxRCl. Thus, we have that

Xtrain =
{(

x(1), d(1)
)

,
(

x(2), d(2)
)

, . . . ,
(

x(N), d(N)
)}

, where T is the length of each L-

variate input time series x(k), k = 1, 2, . . . , N and Cl is the number of classes. On the
contrary, each vector d(k), whose components are all zero except one component that
equals 1, represents the output of a neural network. The unique value of 1 is placed in this
index, which is equal to the class label of the training instance.

The aim of training an NN is the estimation of output vectors y(k), k = 1, 2, . . . , N to
approximate, in the best way possible, the corresponding target vectors d(k). That is why
the criterion used to evaluate the model fitting to training data is the minimization of an
error function, known as Cross-Entropy:

ε = − 1
N
×

N

∑
k=1

Cl

∑
i=1

(
di

(k) × ln
(

yi
(k)
))

. (1)
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For this purpose, the network parameters, i.e., weights and biases of all layers, are
updated after each training step according to an optimization algorithm using a subset of
training data.

In a temporal convolutional layer, a series of filters known as convolutional kernels
are applied to the two-dimensional output of the previous layer. Each filter is a matrix of
weights that slides only across the height of the input of the current layer, being element-
wise multiplied with a patch of a given size. Then, the individual products are summed
together to produce a single number. The output of each filter is a one-dimensional feature
map, whose size is given by

nH
(l) =

⌊
nH

(l−1) + 2× p(l) − fH
(l)

s(l)
+ 1

⌋
. (2)

The variable nH
(l) represents the height of the representation of lth layer, whereas fH

(l)

corresponds to the height of each filter. The width of each convolutional kernel coincides
with that of the layer’s input, which is why there is no reference to it. Furthermore, padding
p(l) and stride s(l) are two additional hyper-parameters for lth layer, from which the first
one is the number of zeros added at the edges of the layer’s input, and the second one is
the step of the filter’s movement across one direction. In the end, the symbol b.c denotes
the floor of the number inside it, i.e., the largest integer that is less than or equal to the
inside value.

Figure 2 depicts the application of three convolutional kernels into a multivariate time
series. The output representation consists of three stacked one-dimensional feature maps.
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Figure 2. Temporal convolution of a multivariate time series. The colors brown, mauve, and yellow
designate three filters comprised of different values of weights and biases.

2.2. Recurrent Layers and 2D Convolutions

Long Short-Term Memory NN (LSTM), a particular class of RNNs, is a type of network
of memory blocks that overcomes the limitation of exclusive learning of the short-term
dependencies. At any given point in time, the LSTM unit consists of a memory cell and
three gates: forget, input, and output. A forget gate establishes how much information
derived from the previous time steps is significant, and an input gate controls the amount
of the total imported input in the LSTM unit, which should pass into the memory cell and
consequently should be memorized and used. On the contrary, an output gate assesses the
content of memory, which will be exposed at the outside of the corresponding LSTM unit.

In recent years, research has begun into the efficiency of those NNs that combine
the forward-backward nature of LSTM NNs and the spatial convolution of 2D Neural
Networks. They have been designed and tested in several remote sensing applications,
from the classification of satellite images [50,51] to change detection in land cover [52].

A filter used in a 2D convolutional layer is a 3D matrix (height ∗ width ∗ depth) and
is element-wise multiplied by the same-sized patches of the layer’s input [53]. Its spatial
dimensions are smaller than the corresponding dimensions of the input of this specific layer,
leading to sliding over both the width and the height of the input volume. The weights
are shared across all convolutions which use the same filter, resulting in a reduction of
parameters compared to the use of a fully-connected layer.
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3. Data and Methods
3.1. Study Area

The study area is located in the Prefecture of Serres in the northeastern part of Greece
and covers diverse ecosystems of about 2341 km2. The landscape is mainly characterized by
a flat agricultural area with various crop types (Table 1) and a hilly part captured by forests
(principally oak and pine trees) and shrubland (Figure 3). Except for agricultural fields,
several urban sub-regions are spread across the study area, while the Strymonas River flows
into the Aegean Sea [54], affecting and contributing significantly to the economic growth of
agriculture and livestock farming [55]. The climate of this region is continental [56], with
dry and hot summers and wet and cold winters [57].
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Figure 3. Location of the study area and Sentinel-2 monthly (January 2020) composite image (R: Near
Infrared, G: Red, B: Green) (EPSG:32634). Yellow rectangular boxes (A, B, C) correspond to subsets
presented in Figure 10 for the visual assessment of the classification results.

For 2019, according to the data of the Hellenic Statistical Authority in Greece, a total
area of 32,165 km2 is covered by cultivated agricultural land. This total area consists of four
main groups of crops, distributed as follows: 52.80% of the cultivated area was used for
arable crops, 1.90% for horticultural cultivations, 33.80% for permanent crops, and 11.50%
were fallow lands [58].

Table 1. Crop frequency (% of parcels) within the Prefecture of Serres [59].

Class Name Percent of Pixels

wheat, barley, cereals 28.68%
fallow land 10.84%

cotton 9.15%
olives 8.76%
maize 8.73%

sunflower/rapeseed/soya 6.86%
nuts 3.23%

horticultural 2.62%
rice 1.02%

vineyards 1.02%
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The phenology of the crops in the investigated area is illustrated in Figure 4. Maize,
sunflower, soya, sugarbeet, cotton, and soya are considered annual crops, and those fields
are covered by dense vegetation during the summer months. On the other hand, class
‘wheat, barley, cereals’ is a spring crop, harvested before June while rapeseed later in July.
Class ‘medicaco, clover’ may have 3–4 cuttings and flowerings per year, usually between
May and September. The cropping pattern of the study area is considered heterogeneous
regarding the agronomic practices and, specifically, the dates of planting, emergence, and
harvesting. In the Table below, the most frequent classes of the Prefecture of Serres, as well
as the percentage of the respective parcels, can be found.
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Figure 4. Phenology of the crops in the study area.

3.2. Image Data

The image dataset consists of 12 Sentinel-2 (S2) monthly composite images generated
through the Google Earth Engine (GEE) cloud platform [60,61]. The composites are formed
upon individual Sentinel-2 level-2A scenes, which are available in Analysis Ready Data (ARD)
format through GEE. The level-2A product provides Bottom Of Atmosphere (BOA) reflectance
images, corrected for atmospheric influences. For each Sentinel-2 image, ten bands, resampled
at 10 m spatial resolution, were used: Blue, Green, Red, Vegetation Red Edge 1, Vegetation
Red Edge 2, Vegetation Red Edge 3, NIR-1, NIR-2, SWIR 1 and SWIR 2 (Table 2) [62].

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

Band Id Band Number Band Name
Sentinel-2A Sentinel-2B

Central Wavelength
(nm)

Bandwidth
(nm)

Central Wavelength
(nm)

Bandwidth
(nm)

1 B2 Blue 492.4 66 492.1 66
2 B3 Green 559.8 36 559 36
3 B4 Red 664.6 31 664.9 31
4 B5 Vegetation Red Edge 1 704.1 15 703.8 16
5 B6 Vegetation Red Edge 2 740.5 15 739.1 15
6 B7 Vegetation Red Edge 3 782.8 20 779.7 20
7 B8 NIR-1 832.8 106 832.9 106
8 B8A NIR-2 864.7 21 864.0 21
9 B11 SWIR 1 1613.7 91 1610.4 94

10 B12 SWIR 2 2202.4 175 2185.7 185
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The original spatial resolution of these bands varies from 10 to 20 m. In detail, four of
these bands-three in the visible (Blue, Green, Red) and one in the near-infrared (NIR-1)-had
spatial resolution of 10 m and six bands-three in the red-edge (Vegetation Red Edge 1, 2
and 3), one in the near-infrared (NIR-2) and two in the short-wave infrared (SWIR 1 and
2)-had spatial resolution of 20 m [63,64]. The presence and availability of three bands in
the red-edge region part of the electromagnetic spectrum are particularly important since
they can capture crop type differences and vegetation status [65,66]. This is another reason
why a Sentinel-2 image time series was selected instead of other free satellite imagery, such
as those provided by Landsat-8 and SPOT-4. Furthermore, 10 m Sentinel-2 data have the
apparent benefit of offering more detailed information in comparison with 30 m or 20 m
multispectral imagery supplied by Landsat-8 [67] and SPOT-4 [68], respectively.

Originally, the bitmask Quality Assessment (QA60) band was used in order to mask
areas covered by clouds. Subsequently, the cloud-free images of 2020 were used to produce
median monthly composites to capture vegetation dynamics required for agricultural land
cover discrimination.

3.3. Reference Instances

Reference samples regarding crop types were extracted from parcels of the Greek LPIS
of 2020 provided by OPEKEPE, the Greek Payment Authority of Common Agricultural
Policy (C.A.P.) Aid Schemes. All the EU Member States are obliged to have a Land Parcel
Identification System (LPIS), which works as a geospatial database of the agricultural
parcels for which subsidies are requested. In Greece, OPEKEPE is responsible for the
management of LPIS, gathering information related to the crop species, the area of the
agricultural parcels, and the identity of the producer. Furthermore, it holds a vector file
within the field boundaries of the declared parcels included [69].

Regarding the study area, the following 15 classes were included in this study:
(1) maize, (2) sunflower, (3) medicaco, clover, (4) wheat, barley, cereals, (5) olives, (6) rape-
seed, (7) cotton, (8) fallow land, (9) soya, (10) sugarbeet, (11) oak, (12) pine trees, (13) shrubs,
(14) water, and (15) urban. The distribution of parcels and pixels in 15 classes is included in
Table 3, proving that there is an imbalance among the number of instances per class, not
only at the parcel level but also at the pixel level, both at training and test sets.
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Table 3. Classification scheme and reference data characteristics.

Class Name Class Color Legend Class Id
Number of
Parcels in

Training Set

Number of
Pixels in

Training Set

Number of
Parcels in
Test Set

Number of
Pixels in
Test Set

maize
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As a second step, the values of 3D inputs of neural networks (number of instances ∗ 

number of time steps ∗ number of bands) are standardized according to a process that 

may be considered as a variant of the min–max normalization. As proposed by [70], the 

values of each band are subtracted by the 2nd percentile of all the values of the corre-

sponding band belonging to training instances, and then the difference is divided by the 

range of the 98th percentile minus the 2nd percentile. The validation and test pixels are 

similarly modified, using the same values of percentiles. This type of standardization (as 

illustrated in Figure 5 for bands 4, 5, and 6) ensures that the temporal profile of spectral 

bands per class does not change. Merely, the order of magnitude changes, with most of 

the new values being within the range [−1, 1].  
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Total - - 1184 138,365 210 34,379

According to the splitting method, pixels included in 15% of the 1394 reference parcels
are used for testing the models (Table 3). These parcels were selected after a stratified
random sampling considering parcel distribution across classes. The remaining parcels
were used for the training and validation of the classification models. Their architectures
have been previously designated and evaluated by using a repeated (five times) stratified
five-fold cross-validation, which aims to preserve diversity and avoid an unwanted loss of
variance. This stratification is based again on the classes of the remaining parcels after the
removal of testing parcels.

3.4. Data Pre-Processing

Each pixel instance, located in any x, y position in the satellite image series, is a
vector composed of 120 components (12 Sentinel-2 images, each containing 10 bands).
To be considered in the DL algorithms, each pixel is reformed into a 2D matrix with
12 × 10 dimensions (time ∗ band), highlighting its evolution over time.

As a second step, the values of 3D inputs of neural networks (number of instances ∗
number of time steps ∗ number of bands) are standardized according to a process that may
be considered as a variant of the min–max normalization. As proposed by [70], the values
of each band are subtracted by the 2nd percentile of all the values of the corresponding
band belonging to training instances, and then the difference is divided by the range of
the 98th percentile minus the 2nd percentile. The validation and test pixels are similarly
modified, using the same values of percentiles. This type of standardization (as illustrated
in Figure 5 for bands 4, 5, and 6) ensures that the temporal profile of spectral bands per class
does not change. Merely, the order of magnitude changes, with most of the new values
being within the range [−1, 1].
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3.5. Temporal CNN Classification Model 

The proposed Temporal CNN architecture has been optimized based on the 25 indi-

vidual training and validation subsets [71]. Figure 6 shows the output dimensions of each 

layer of the Temporal-CNN. As presented below, the architecture is composed of three 1D 

Figure 5. Temporal profiles of 15 classes (a) for band 4 (Vegetation Red Edge 1) before standardization,
(b) for band 4 (Vegetation Red Edge 1) after standardization, (c) for band 5 (Vegetation Red Edge 2)
before standardization, (d) for band 5 (Vegetation Red Edge 2) after standardization, (e) for band
6 (Vegetation Red Edge 3) before standardization and (f) for band 6 (Vegetation Red Edge 3) after
standardization. Original reflectance values are scaled by 10,000.

3.5. Temporal CNN Classification Model

The proposed Temporal CNN architecture has been optimized based on the 25 indi-
vidual training and validation subsets [71]. Figure 6 shows the output dimensions of each
layer of the Temporal-CNN. As presented below, the architecture is composed of three 1D
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convolutional layers with 128 filters of height equal to 3 each, a flattening layer, and two
dense layers with 256 and 15 neurons, respectively. After each layer, except for the output
layer, the technique of Batch Normalization is introduced, normalizing the activations [72],
followed by the ReLU activation function, which is defined as ReLU(x) = max(0, x).
Among others, it has been proved that this function can achieve faster learning of a deep
convolutional neural network than hyperbolic tangent [73]. After the application of the
ReLU function, we integrate a dropout layer with a dropout rate of 0.5 [74]. In the output
layer, the softmax activation function is applied because it has the advantage of converting
the outputs into probabilities that sum to one. In particular, the output unit i for kth instance
is given by the following formula:

yi
(k) = softmax

(
si
(k)
)
=

exp
(

si
(k)
)

∑Cl
j=1 exp

(
sj
(k)
) , i = 1, 2, . . . , Cl, k = 1, 2, . . . , N, (3)

where si
(k) is the ith component of the vector s(k) which contains the output values of the

neural network’s previous layer for the kth instance.
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Figure 6. Optimized temporal convolutional neural network.

We train this network using AMSGrad optimization [75] with hyper-parameter values:
η = 10−4, β1 = 0.9, β2 = 0.999, ε = 10−7 and a batch size of 32. An early stopping
training mechanism is adopted, building on the minimization of loss function for validation
instances and setting the maximum number of training epochs to 20.

3.6. R-CNN Classification Model

The proposed Recurrent-Convolutional Neural Network (Figure 7) is originally com-
posed of a layer with LSTM memory blocks with peephole connections, each giving; as a
result, an output of 32 units. This kind of peephole connection enables the memory cell
at every time step to be linked to the gates [76]. A dropout layer with a dropout rate of
0.2 follows, and then, a time-distributed dense layer of 12 units is applied, maintaining the
multidimensionality of the representations. This type of layer executes the function of a
dense layer, differentiating it on the basis of application to every output of the previous
layer throughout time. The output is reshaped in order to increase the dimension of the
previous output from 2 to 3 and have the potential of extracting volumes through 2D convo-
lutional layers. The first 2D convolutional layer applies 16 filters of size 5× 5, producing an
output volume that is fed in a Batch Normalization layer. The feature map passes through
a dropout layer with the above-mentioned dropout rate, having already been changed due
to the ReLU activation function. Subsequently, we repeat the same type of convolution
in the produced output, using 32 kernels of 8 × 8. The padding is characterized, at both
convolutional layers, as valid, meaning that no artificially generated zeros are added. In
the last stage, we remove the unnecessary dimensions by flattening the feature tensor, and
the result is mapped to 15 probabilities by means of a dense output layer of 15 units and a
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softmax activation function. In both NNs’ architectures, the same optimization algorithm
(AMSGrad) is applied, setting the same values in the appropriate hyper-parameters.
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3.7. Random Forests Benchmark Classification

Several remote sensing studies have reported that RF algorithms can handle high data
dimensionality and provide improved classification results, in particular when working
with multitemporal data [77]. RF is a nonparametric supervised learning method and
consists of an ensemble of individual decision trees. At each tree, a bootstrap dataset
is constructed with random sampling with replacement, evenly sized with the training
dataset [78]. In this way, some instances are repeated in each decision tree. With the
use of the selected training instances of each bootstrap dataset, the corresponding tree
is built, forming decision rules between the inputs and the classes of classification [79].
In addition, each internal node further splits into child nodes based on the values of a
particular feature, which is selected from a random feature subset of a predetermined size.
The splitting criterion (e.g., the minimization of the Gini index) is defined by the user in
view to quantify the quality of each split. This splitting procedure is repeated many times
until each classification tree is fully constructed, ending at its leaves.

In the present study, the original dataset is separated appropriately on the basis of
the reference parcels’ distribution among classes. After several trials, which are differenti-
ated according to the number of trees, number of features, and maximum depth of each
classification tree, we suggest that the RF should establish the outcome of classification
using 400 trees and a maximum depth of 8 splits. This selection was directly related to the
prevention of overfitting maintaining, at the same time, the validation accuracy as high as
possible. Also, each randomly selected subset included 11 candidate splitting features, a
number that is almost equal to the preferred, from theory, square root of the total number of
features. The best splitting feature for each internal node is chosen under the minimization
of Gini impurity, which is given using, for example, feature A, as follows:

Ginisplit(A) =
k

∑
t=1

n(t)
n
×Gini(t), (4)

where k is the number of child nodes arising after the splitting and Gini(t) represents the
Gini index for node t, calculated by

Gini(t) = 1−
Cl

∑
i=1

(pi(t))
2. (5)

We suppose that the set of classes is F = {1, 2, . . . , Cl} and pi(t) is the fraction of the
total number of instances of node t belonging to class i. Moreover, during the building of
each tree, every internal node was split, demanding, at a minimum, two instances. The
proposed architecture of RF was complemented by the introduction of a nonzero complexity
parameter ccp_alpha, which was set to be equal to 10−3.
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3.8. Validation of the Results
3.8.1. Classification Accuracy Metrics

Accuracy assessment of any classification task of Cl classes is commonly based on
the formulation of the confusion matrix–i.e., a square matrix C of dimension Cl ∗Cl. An
element, Ci,j(i, j ∈ F = {1, 2, . . . , Cl}), represents the number of instances of the given set
which truly belong to class i and are predicted to belong to class j. The metric of overall
accuracy (OA) is defined as

overall accuracy =
∑i∈F Ci,i

∑i∈F ∑j∈F Ci,j
. (6)

An additional fundamental evaluation metric is the precision (or user’s accuracy) for a
given class. It is calculated by dividing the number of correctly classified instances into this
class by the number of instances predicted to belong to this class. Thus, the mathematical
formula of its definition for a class k is

precisionk =
Ck,k

∑
i∈F

Ci,k
. (7)

Furthermore, another important metric is the so-called recall (or alternatively the
producer’s accuracy). This is defined as the ratio between the number of correctly classified
instances into a given class and the number of instances whose true class is this class. The
metric of recall for the class k is given as

recallk =
Ck,k

∑j∈F Ck,j
. (8)

By means of recall values for all available classes, we computed macro average recall
as their arithmetic mean:

macro average recall = ∑k∈F recallk
Cl

. (9)

The metric of macro F1 Score, described as the average of F1 Scores produced for each
class, was also used in order to combine the information from precision and recall. The
range of values for all metrics is the closed interval [0, 1], achieving a perfect classification
of the instances when they approach 1.

3.8.2. Classification Uncertainty Evaluation

For the evaluation of the DL architectures, we accounted for the spatial distribution
of the classification errors [80]. First, we compute the Shannon entropy of the discrete
random variable D(k), with k representing each pixel whose class of classification is known.
The possible values of D(k) for each k are numbered in 15 and have a probability of
class membership:

P
(

D(k) = i
∣∣∣x(k)) = yi

(k), (10)

where the variable k belongs to the finite set {1, 2, . . . , 172, 744} and the variable i reflects
the class of classification. In DL models, the values yi

(k) are computed using a normalized
exponential function named softmax, while in RF, they are calculated as the percentage of
tree votes towards each class label.

The normalized Shannon entropy for an instance k is quantified by

normalized entropy
(

D(k)
)
=
−∑14

i=0 yi
(k) × log2

(
yi

(k)
)

log2(15)
. (11)

This value, for each instance, brings together all the appropriate information on mem-
bership values in all classes and demonstrates the uncertainty of its final class prediction.
It varies from 0 to 1, with the ideal scenario occurring when the highest probability is
assigned to the real class.
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Finally, the correlation between values of normalized entropy and correct/incorrect
classified classification of the reference pixels was assessed though the calculation of
a variant of the metric RMSE [80]. A new variable r(k) for the representation of the
classification result of instance k was developed, having two possible values: 0 for correct
classification and 1 for incorrect classification.

The degree of deviation of the classes’ predictions of test pixels from the optimal
behavior was defined as

RMSE =

√√√√∑n
k=1

(
normalized entropy

(
D(k)

)
− r(k)

)2

n
, (12)

where n is the number of test pixels, thus, from the point of uncertainty, the perfect state of
an input is its correct classification with the lowest normalized entropy or its erroneous
classification in parallel with the highest possible normalized entropy value.

4. Results
4.1. Classification Accuracy

Several trials of neural networks’ architectures have been carried out, altering the
batch size, the complexity (associated with the number of layers and the number of the
units in each layer), the filters’ size, the sequence of the above types of layers, the factor
of kernel regularization, the optimization training algorithm’s hyper-parameters and the
introduction or not of intermediate pooling layers of different types (1D average pooling,
1D max pooling, 1D global average pooling, 1D global max pooling). Furthermore, in
the case of the RF, different numbers of trees, splitting features, maximum depth of each
classification tree, weight of classes, and value of the complexity parameter were examined.
The final architecture of each classification algorithm was chosen, taking into account as
the main criterion the maximization of the validation accuracy (Figure 8), the minimization
of the training time, and the trainable parameters (weights and biases) in the case of
neural networks.
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It can be noticed that Temporal CNN and R-CNN have very close values of mean
validation accuracy (Figure 8), with the 25 values being approximately equivalently varied
around their average. More precisely, the Temporal CNN and R-CNN present the best
performance (OA = 90.13% and OA = 90.18%, respectively), while the RF has a statisti-
cally significant difference in mean validation accuracy (Figure 8) in comparison with the
remaining models (i.e., no overlapping of the corresponding standard deviation bars).

The metrics of overall accuracy, macro average recall, and macro average F1 Score [81]
in the test set (Figure 9) also indicate the superiority of the two DL architectures when
considering the test set. The overall accuracy is almost equal (~91.60%), while the R-CNN
approach slightly outweighs in terms of macro average recall (87.44%) and macro average F1
Score (86.03%) the Temporal CNN approach (86.53% and 85.31% respectively). The relative
change of the F1 score for the test set equals +0.84% between the two aforementioned
models, whereas this is at around +15.11% between R-CNN and RF, in favor of R-CNN.
This classification metric has been proven to be more useful and effective than overall
classification accuracy in cases of class imbalance.
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Figure 9. Classification metrics using the test set.

The metric of the F1 Score (Table 4) values per class for classification of the validation
set, averaged by 25 runs of each algorithm, also suggests that Temporal CNN and R-CNN
are almost equivalent. It is important to note that the Temporal CNN has equally good
performance for both classes of limited size (e.g., pine trees) and frequent classes (e.g., cotton).
The RF does not manage to reach the average levels of efficiency of the other two architectures,
having the worst results in classes fallow land and sugar beet.
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Table 4. Averaged F1 Score (%), precision (%), and recall (%) of the validation pixels per class for all
the classification algorithms.

Class Name Temporal CNN R-CNN Random Forest

F1 Score Precision Recall F1 Score Precision Recall F1 Score Precision Recall

maize 83.87 88.59 79.86 84.87 86.19 83.91 76.02 70.43 82.89
sunflower 79.04 71.65 89.02 78.25 73.15 85.17 63.41 58.22 70.49
medicaco, clover 90.72 91.77 89.93 92.00 93.22 91.03 87.51 88.55 86.78
wheat, barley, cereals 93.09 92.08 94.25 92.61 91.18 94.22 81.92 72.51 94.53
olives 79.73 81.12 79.44 76.86 81.30 73.69 55.68 80.78 43.19
rapeseed 94.85 97.16 93.11 95.95 96.64 95.38 89.76 95.05 85.94
cotton 91.95 92.50 91.61 90.28 91.49 89.30 82.73 82.04 83.77
fallow land 59.30 67.27 54.79 59.38 64.88 56.59 14.51 61.40 8.81
soya 87.05 83.64 92.20 90.11 89.64 91.70 69.59 88.57 59.29
sugarbeet 81.34 83.54 80.98 84.50 87.29 83.19 66.83 92.58 53.73
oak 98.65 97.71 99.63 98.92 98.09 99.78 97.66 97.44 97.97
pine trees 91.61 96.84 87.81 92.58 95.45 90.85 77.01 97.07 64.94
shrubs 97.64 96.52 98.83 97.70 97.19 98.31 94.87 91.94 98.10
water 100.00 100.00 100.00 100.00 100.00 100.00 99.49 99.06 99.97
urban 94.30 92.86 96.30 94.42 93.87 95.50 78.42 76.07 84.68

The lowest F1 Score for both DL algorithms is noted in the case of fallow land (59.30%),
while both Temporal CNN and R-CNN provide moderate accuracy in the case of olive
parcels (79.73% and 76.86%, respectively), which is, nevertheless, much higher, compared
to the accuracy attained from the RF model (55.68%). A possible reason for the misclassifica-
tion of fallow land by all the models might be the difficulty of its definition as a distinctive
class [82]. In any case, the RF model seems to perform adequately in the case of agricultural
land cover types, presenting significant phenological (and accordingly spectral) variation
across the year, but its discriminatory ability is much compared to the DL models when it
comes to crop mapping.

With a view to further assessing the efficiency of the three approaches, the classification
results were visually evaluated within three sub-regions of the study area (Figure 10). The
variants of classification schemes generated differentiated land cover products, with large
area deviations being especially observed in the case of RF. Overall, the spatial distribution
of the classes within the maps developed by the two DL models seems very similar,
confirming the accuracy metrics findings. The RF map indicates the limitation of the
approach both in crop-covered areas as well as in the case of more generic land-cover
classes. More specifically, the approach generates more noisy output, underestimating
urban areas (sub-regions B and C) and erroneously identifying pine areas as shrublands
(sub-region C). In addition, the RF approach results in the misclassification (omission) of
fallow land pixels (sub-region B), not exploiting information from the temporal spectral
pattern of the specific class. Instead, these fields are incorrectly classified as wheat, barley,
and cereals. In the case of both DL models, shrubland areas are incorrectly classified as
olive tree parcels, as can be noted in the agricultural natural area fridge in sub-region C.
This confirms the relatively low (Table 4) F1 Score (i.e., 76–79%) achieved for this class.
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Figure 10. Subsets of images covering regions (A–C) depicted in Figure 3. The first row corresponds
to the classification output of Temporal CNN, the second row corresponds to the classification output
of R-CNN, and the third corresponds to the classification output of the RF model. The fourth row
depicts the original Sentinel-2 images of the three sub-regions (R: Near Infrared, G: Red, B: Green).

4.2. Classification Uncertainty

In Figure 11, it is underlined that the erroneous predictions are concentrated within the
areas of increased normalized entropy. Moreover, when the model is one of Temporal CNN
and R-CNN, the entropy’s values are kept at low levels, which is why lighter colors domi-
nate. Moreover, it seems that RF’s architecture fails to produce results of high confidence.
A potential reason might be the absence of a loss function which, in deep neural networks’
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algorithms, takes into account both the predicted and the real distribution of training data.
In addition, the RF’s architecture is the only one among all the proposed architectures that
does not consider the temporal dimension of instances. Table 5 concentrates the values
of averaged normalized entropy and classification accuracy of test pixels per class and
classification model and confirms the superiority of neural networks over RF.
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Figure 11. The images of the first column show the uncertainty evaluation, while images of the second
column display the result of classification (correct/incorrect) for reference pixels of a sub-region of
the study area. First row (a,b) concerns Temporal CNN, second row (c,d) is related to R-CNN, and
third row (e,f) to RF model.
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Table 5. Averaged normalized entropy (%) (left) and averaged classification accuracy (%) (right
column) of the test pixels per class and estimated percentage values (%) of the variant RMSE for test
instances per classification algorithm.

Class Name Temporal CNN R-CNN RF

Entropy
(%)

Accuracy
(%)

Entropy
(%)

Accuracy
(%)

Entropy
(%)

Accuracy
(%)

maize 11.97 81.17 11.16 87.75 45.11 81.67
sunflower 16.61 92.70 20.92 87.96 59.00 78.78
medicaco, clover 6.52 93.77 8.53 94.39 32.61 92.65
wheat, barley, cereals 10.09 89.82 10.28 88.23 47.48 94.45
olives 23.95 64.47 25.07 75.31 71.25 29.31
Rape seed 1.30 100.00 1.56 99.88 32.11 98.37
cotton 5.85 95.19 10.14 88.34 39.45 88.08
Fallow land 28.10 61.00 29.90 51.64 72.70 3.12
soya 7.10 98.57 4.42 100.00 43.92 72.96
Sugar beet 30.53 24.17 29.32 40.63 69.32 11.44
oak 0.26 100.00 0.72 100.00 14.40 100.00
pine trees 3.26 99.12 4.95 100.00 22.44 80.65
shrubs 1.91 99.82 5.85 98.26 18.60 100.00
water 0.00136 100.00 0.14 100.00 0.05 100.00
urban 2.29 98.18 4.16 99.15 63.74 88.35

Average 6.63 91.6 7.76 91.59 28.94 86.31

RMSE of Uncer-
tainty Assessment 22.16 22.78 34.00

Table 5 demonstrates a negative relation between class entropy and class accuracy.
For instance, classes sugar beet, fallow land, and olives demonstrate, at the same time,
the highest uncertainty of classification and the lowest classification accuracy. These are
among the classes which contain the lowest number of instances. Classes pine trees and
urban constitute an exception because, even though they incorporated the least number of
training instances, they do not have high uncertainty of classification. Class fallow land
presents high spectral variability because each parcel may be plowed in a different period
and does not follow a specific temporal pattern of growth.

Average entropy values indicated the Temporal CNN model managed to present
results with lower confidence (entropy = 6.63%) compared to the respective R-CNN model
(entropy = 7.76%).

4.3. Statistical Assessment

McNemar’s test is a statistical test and is commonly used in order to compare two
different classifiers concerning their performance and consistency. It is designed to exam-
ine whether the predictions produced by the models for a given test set are statistically
different [83]. Hence, the null hypothesis of this test claims equal performance between
the two classification algorithms. It is a form of Chi-square test [84] with one degree of
freedom [85], and the test statistic in a continuity-corrected version is computed using the
cells of a 2 × 2 contingency table as follows [86]:

X2 =

(∣∣ni,j − nj,i
∣∣− 1

)2

ni,j + nj,i
. (13)

The variable ni,j represents the number of instances classified correctly by the classifier
i but not by the classifier j, while the variable nj,i is the number of misclassified instances
applying the classifier i but classified correctly by the classifier j.

Table 6 concentrates the estimated values of McNemar’s test applied in the output
classification results for test instances by all the models. Given the selection of the signifi-
cance level at a = 0.05, it is apparent that we cannot reject the null hypothesis in the case
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of Temporal CNN and R-CNN. In other words, the fact that the p-value exceeds the value
of 0.05 asserts that the difference in the performance of these two models is statistically
insignificant. On the other hand, we can easily report that the RF’s algorithm produces
statistically different output in the task of classification from both the neural networks’
architectures (Temporal CNN and R-CNN) since, in these two cases, the p-value is much
smaller than the predefined significance level.

Table 6. Pairwise comparison of the classification algorithms using McNemar’s test.

Classifier 1 Classifier 2 Chi-Square p-Value

Temporal CNN R-CNN 0.00294 0.96
Temporal CNN RF 1244.94 1.04 × 10−272

R-CNN RF 1146.88 2.13 × 10−251

5. Discussion

The post-2020 reform of the CAP is based on the use of Earth Observation (EO)
data in the crop-monitoring and eligibility verification process [20]. The EU’s Copernicus
programme, providing freely distributed data with increased revisit capacity, spatial and
spectral resolution, and systematic and frequent global coverage, is the main source of
information used to support the implementation of the new CAP. The focus of this study
was the development of two supervised DL classification methods for agricultural land
cover mapping and crop classification using a Sentinel-2 image temporal dataset. In
addition, we compared the two structures based on neural networks with a well-established
RF algorithm. This machine learning approach was selected because it has been shown
from prior research to produce successful results [87,88]. Architecture development for
the two DL models was not a trivial task since identifying the optimal type of layers and
the proper network structure (i.e., hyperparameters) is a rather subjective procedure not
following standard approaches [19]. After the determination of the parameters’ values by
means of cross-validation, we trained all three classifiers in order to test, afterward, their
performance on the remaining test pixels.

The complexity of agriculture from the perspective of remote sensing can justify the
implementation of monthly data. Different crop types usually follow diverse phenological
cycles, with the stages and periods of growth not coinciding with one another. Even
land parcels of the same crop type may appear to have dissimilar temporal and spectral
behavior [87]. The selection of specific dates or seasons for the acquisition of image
data [89,90], either being relevant to the phenological stages of the crops or suggested
by certain algorithms, is proposed by many remote sensing studies in order to carry out
the multitemporal classification. However, this fact can prevent the transferability of
methodology to another region because the satellite imagery products downloaded at the
chosen dates may be problematic for the desired task (cloudy conditions, similar spectral
signature of classes) [91]. Thus, in order to facilitate the discrimination of crop types and
support an operational land cover classification, we extended the examined annual time
span to a monthly basis.

The chosen types of neural networks were far from random. It has been proven that
Temporal Convolutional Neural Networks can work well with sequential data, while 2D
CNNs obtain this possibility in parallel with automatic feature extraction after a combina-
tion of their architecture with recurrent layers. In addition, LSTMs learn both short-term
and long-term dependencies, being free of the phenomenon of vanishing gradients. Yet, the
classification scheme adopted in our study is challenging since only 10 out of the 15 classes
correspond to crops. In that case, errors might be induced by DL algorithms focusing only
on temporal feature representation and neglecting the spatial patterns derived from the
10 m data over the complex Mediterranean rural landscape.

The results indicated that both models performed exceptionally well, with a slight
superiority of the R-CNN’s architecture over Temporal CNN’s, while RF appears to be
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unable to reach their classification performance. The combination of LSTM units with
peephole connections and 2D convolutions achieved the highest macro average F1 Score of
86.03% in the validation set compared to 85.31% applying the Temporal CNN’s architecture.
In the study of Zhong et al. [19], for classifying a 13-class crop scheme using enhanced
vegetation index image stacks, a Conv1D-based model achieved higher accuracy compared
to the best accuracy achieved by a model based on LSTM layers, although both models
shared the same settings of dropout and fully-connected layers. Also, in the same study,
the accuracy of both Conv1D and combined LSTM-Conv2D models was superior to the
non-deep learning architecture. Also, Zhao et al. [92], in a study in North China for the
discrimination of six different crops and forested areas using dense Sentinel-2 time series
data, identified that 1D CNN slightly outperformed the LSTM models.

While both models attained similar classification accuracies, the assessment of the
classification uncertainty indicated that the Temporal CNN model managed to assign
individual pixels to be classified with lower uncertainty compared to the R-CNN model. It
should be noted, as earlier studies highlight, that the CNN model presents less computa-
tional and time costs compared to LSTMs [14].

In regard to input features used for the classification task in our study, both models
were developed using only the original bands of the Sentinel-2 images. Since our study
involved different algorithms optimization and comparison, we avoided computing and
using spectral indices, relying on previous research findings that suggested that additional
features increase the input dimension and consequently the computational cost without
significant improvement in classification accuracy [91]. Also, Cai et al. [17] and Xin et al. [93]
identified limited improvement in terms of classification accuracy when using spectral
indices along with the original bands for crop mapping.

However, this might not always be the case, and a significant body of the literature
has identified and underlined the merits of considering spectral indices in the classification
process. Zhong et al. [19] have identified that the use of a single spectral index as input
to Temporal CNN-based models outperformed the result obtained from the full-band
models. Yao et al. [94], through a feature space analysis, identified that spectral information
of original bands was not adequate to distinguish crops, while original and modified
(considering red-edge bands) NDVI indices were important for increasing class separability.
Also, in a European-wide crop-type mapping study, yearly indicators based on spectral
indices were deemed necessary for securing satisfactory classification accuracy compared
to the original bands [95]. The importance of spectral indices as features for crop type
mapping has also been identified in a study involving lower spatial resolution (i.e., MODIS)
time series data for crop classification in the USA [96]. Based on the above findings, in the
future and in order to address this limitation of our study, we will extend our approach
by exploring in detail the importance of the spectral indices as explanatory features for
increasing the classification accuracy of the study.

Earlier studies have developed DL models based on time series stacks of the original
satellite images after cloud filtering (individual image approach) [17,97]. In our study,
in order to minimize the data volume of the medium-high spatial resolution Sentinel-2
images and the associated computational cost, we employed a monthly composite method,
which, based on the classification accuracy metrics, performed similarly to the individual-
image approach. In addition, such a temporal composite approach might include fewer
uncertainties when compared to, for example, the use of gap-filling interpolation methods,
which may introduce erroneous observations in the time series and affect the robustness of
the results [17].

The two DL models evaluated are not based on expert-rules or shape-fitting functions
in order to incorporate information on temporal growth dynamics in the classification
process, providing, thus, a robust, end-to-end approach for agricultural cover mapping [19].



Remote Sens. 2023, 15, 4657 22 of 27

6. Conclusions

Despite the scarcity of training samples and the existing diversity of crops in the study
region, a classification with relatively high values in accuracy was achieved. The perfor-
mance of modern time series forecasting algorithms, such as a Temporal Convolutional
Neural Network and a 2D Convolutional Neural Network consisting of a layer with LSTM
units with peephole connections, was compared with that of one of the most commonly
used machine learning algorithms in remote sensing community, Random Forest. For this
purpose, a novel multilevel methodological approach was proposed for land cover and crop
type classification, including all the steps, starting with downloading and transforming
raw satellite imagery and ending with predicting and monitoring the spatial distribution
of land cover classes in the whole study area.

The way of splitting the reference instances into training, validation, and test subsets
is crucial for the efficiency of feature learning and land cover estimation. In general, it is
more prudent to split the available data on the basis of parcels’ distribution in classes. The
fact that each object consists of pixels of similar spectral signature is a primary reason. In
other words, when the model is trained using a number of pixels inside an object, and
then it attempts to predict the class of another pixel belonging to the same object, the
within-class variability of the pixels’ features in the object is negligible enough to guarantee
the independence between the training and test instances.

Our model, which consists of both recurrent and convolutional layers, outperforms
both the neural network being composed of 1D convolutional layers and the constructed
RF in every measure being explored, except for overall accuracy. The difference in overall
accuracy between the first two models is negligible, while the percentage difference regard-
ing the macro average recall and macro average F1 Score between the R-CNN and each one
of the remaining models is certainly higher.

Through the defined models’ architectures, fine-grained land cover maps were gen-
erated, with each class label being assigned to every pixel of the study area’s image.
Furthermore, the additional representation of the uncertainty’s measurements in maps, in
which the ambiguously classified areas were denoted as red, helped not only to the visual
identification of certain problematic parcels but also to the discrimination of crop types in
the rest sub-regions. It is very significant that the land cover maps can be further extended
and interpreted to a percentage distribution of the classes covering the area, thus offering
an alternative way of qualitative and quantitative evaluation that can be easily generalized
at a global scale. This fact plays a key role in crop mapping, decision-making, and policy
design for sustainable terrain management.

It is worth noting, as mentioned above, that it was attempted to find and capture
possible correlations between the classes’ size, the accuracy per class, and the normalized
entropy per class, with satisfactory conclusions. In test instances, classes such as ‘water’,
‘oak’, and ‘shrubs’ yielded amongst the lowest normalized entropies in conjunction with the
highest accuracies, allowing their easy segmentation between all the classes. In summary,
the RF architecture offered more uncertain predictions at the pixel level compared to those
of neural networks. It seems that the size of the classes itself did not affect the confidence of
the results, but the combination of the type of a class with its size might matter. As a result,
a class containing only a few pixels, with its objects varying at a substantial degree (because
of different agronomic practices), is expected that it will have higher normalized entropy.

Overall, this work integrated multitemporal and multispectral Sentinel-2 images
combined with data from OPEKEPE for the classification of land cover on a particular region
in Greece among 15 classes, most of which concern crop types. This discrimination was far
from negligible since the chosen number was not so large to pose problems of confusion
between similar crop classes (because of close spectral signature) and simultaneously not
so small to lose the desired representative performance of the actual land distribution.
Mapping the current study area was a challenging task due to its unique soil biodiversity as
part of Mediterranean landscaping, especially when the data were generated by medium-
resolution satellites. This area was not wholly within the boundaries of a specific city or a
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regional unit; that’s why its land combined diverse agricultural and management practices.
Moreover, this study described a framework for land cover classification and cropland
mapping, offering, in the end, operational products, such as a classification map at the
pixel level, which are innovative for Greece. Despite the relatively low amount of labeled
reference information, which was opposed to the demand of the developed algorithms, the
results proved that the land distribution was successfully captured. Future research should
consider exploring the discriminatory power of spectral indices as additional features to
the original image bands for increasing the classification accuracy of the DL algorithms.
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