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ABSTRACT

Land use/cover mapping is essential in monitoring land resources and consequently for their proper
management strategies. Remotely sensed data play a significant role in mapping land use/cover, however,

some constraints of selecting the data are the cost and resolution in addition to the software availability. The
study area, located in Fayoum Governorate, Egypt, is characterized by fragmented and small parcels, in
addition to the rapid changes in land use particularly during the current decade. Recently, the new sentinel-2
mission provides high-resolution optical imagery with spatial resolutions of 10m, 20m and 60m over 13
spectral bands. Therefore, using such fine resolution bands in land cover classification gives an advantage to
deal with the small parcels problem. The current study aims at exploring the freely available Sentinel-2 data
for land use/cover mapping with the aid of QGIS software (as an open-source). In this regard, different data
fusion techniques; Bayesian fusion (Bayes), the Local Mean and Variance Matching (LMVM), and the ratio
component substitution (RCS) were evaluated followed by image classification using different classifiers;
Support Vector Machine (SVM), Artificial Neural networks (ANN), Decision Tree (DT), and Random Forest
(RF). The results showed that the Bayes and LMVM produced higher spectral and spatial resolutions in

comparison to the original data, respectively. In addition, the results revealed high classification accuracy, as
the SVM produced highest accuracy of 96.8% using LMVM-sharpened data. Further investigation is
recommended to utilize multi-temporal Sentinel-2 data in land use/cover mapping and agricultural monitoring.
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INTRODUCTION

Land use/cover (LU/LC) mapping is interested in the
biophysical cover of the Earth’s terrestrial surface, including
vegetation, inland water, bare soil, and human infrastructure
(Gomez et al., 2016, Steinhausen et al., 2018). In addition, it is
essential in monitoring land resources and consequently for
developing their proper management strategies (Noi and
Kappas, 2018, Steinhausen et al., 2018, Das and Angadi, 2021).
From various points of view, studying land cover is a crucial
issue, i.e., LC interaction with the atmosphere, with a regulation
role of the hydrologic cycle and energy budget. Also, it has a
main role in the carbon cycle acting as both sources and sinks of
carbon. In addition, it is an indicator for some resources such as
food availability, timber, and fuel (Sudhakar and Kameshwara,
2010). In agriculture domain, LU/LC is a vital input for defining
the crop water requirements and irrigation water management
(Demarez et al., 2019, Moumni and Lahrouni, 2021). Many
studies reported that changes in LU/L C affect some soil physical
and chemical properties (Worku et al., 2014). Moreover, Vacca
et al. (2014) used land cover map as relevant data to soil
formation factors in order to generate a soil map.

Remotely Sensed (RS) data play a significant role in
achieving LU/LC mapping (Sudhakar and Kameshwara, 2010,
Steinhausen et al., 2018), where different RS data types (i.e.,
optical and microwave data) have been utilized
(Chatziantoniouetal., 2017, Chenetal., 2017, Noi and Kappas,
2018). Selection of the proper RS data for a particular
application is controlled by some factors such as the cost and
resolutions (Rogan and Chen, 2004, Delincé, 2017, Pan et al.,
2021). The recent progress in RS technologies improves the RS
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data characteristics, i.e., spatial, spectral, and temporal
resolution, in addition to the free availability of some optical
and microwave data (Forkuor et al., 2018, Chrysafis et al.,
2019). Many remotely sensed data that acquired by sensors
such as Landsat, GeoEye, and SPOT have the so-called
“Panchromatic band”, which has higher spatial resolution than
that in the multispectral bands of the same sensor. However, in
case of some sensors i.e., Sentinel-2, and Rapid-Eye, the image
is acquired only in multispectral mode (Duran et al., 2017,
Gasparovic and Jogun, 2018). Therefore, various fusion (pan-
sharpening) methods have been developed in order to enhance
the multispectral bands by combining them with panchromatic
ones (Gasparovic and Jogun, 2018, Wan et al., 2021), which
consequently improves the human visualization (Mercovich,
2015, Orynbaikyzy et al., 2020) in addition to improving the
classification accuracy (Gasparovic and Jogun, 2018, Dibs et
al., 2021). The fusion method is better as much as it could
preserve the spectral characteristics and the spatial information
of the multispectral and the panchromatic data, respectively
(Nikolakopoulos and Oikonomidis, 2017, Wu et al., 2021,
Nguyen et al., 2021).

In arid and heterogeneous landscapes, it is a challenge
to obtain a proper classification accuracy from remotely sensed
data classification. Where fragmented land parcels, variation in
spatial patterns, and variable vegetation cover are the main
problems (Thakkar et al., 2017, Gumma et al., 2020). Several
image classification techniques have been developed; thus,
selection of appropriate classifier is important to improve the
obtained accuracy. Recently, non-parametric techniques i.e.,
support vector machine, decision tree, and neural network, have
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received a great attention and progressively become vital
methods for classifying multisource data (Lu and Weng, 2007,
Noi and Kappas, 2018, Moumni and Lahrouni, 2021, Mazarire
et al., 2020). During the last 10 years, development and
availability of open-source software has increased (Duarte and
Teodoro, 2021), and provide different techniques for image
processing and classification. Moreover, the integration
capabilities maximize the overall benefits from these software
packages (Rapinel and Hubert-May, 2021).

The study area, located in Fayoum Governorate, Egypt,
is characterized by fragmented farms or smallholders, in
addition to the rapid changes in land use particularly during the
last ten years. The new sentinel-2 mission provides high-
resolution optical imagery with resolutions of 10 m (four
bands), 20 m (six bands) and 60 m (three bands). Therefore,
using the fine resolution bands for land cover classification
gives an advantage to work with such small parcels problem
(Steinhausen et al., 2018). In addition, Detailed spectral
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information provides opportunities for improving accuracy
when discriminating between different crop types (Karakus and
Karabork, 2016). The current study aims at investigating the
freely available Sentinel-2 data for land use/cover mapping
with the aid of QGIS software (open-source), where various
pan-sharpening and classification approaches were considered
and evaluated.
MATERIALS AND METHODS

1-L ocation of the study area

The study area is located in Fayoum Governorate, Egypt
(Figure 1), between the latitudes 29.26° N and 29.39° N, and the
longitudes 30.74° E and 30.89° E with an area of about 19600 ha.
This area was selected to represent different land cover types with
various parcels’ size. The main land cover types are crops
(agricultural fields), orchards, bare soil (this class includes both
the area under preparation for cultivation, and the area with spares
vegetation), urban, roads and water bodies.

Figure 1. Location of the study area

2-Remotely sensed data

Sentinel-2A level-1C images used in the current study
were acquired on February 3 and August 121, 2017, with
spatial resolutions of 10 m (Bands: 2, 3, 4 and 8), 20 m
(Bands: 5, 6, 7, 8a, 11 and 12) and 60 m (Bands: 1, 9 and 10).
These data were downloaded from the website of the U.S.
Geological Survey (USGS) (http://glovis.usgs.gov/). These
two acquisition dates were selected to represent two
agricultural growing seasons, namely winter and summer.
3-Image processing

Atmospheric correction was applied using the widely
used Dark Object Subtraction (DOS) method, which is
available in the Semi-Automatic Classification Plugin (SCP) in
QGIS platform, where the digital number (DN) was converted
to reflectance (Congedo, 2020, Valdivieso-Ros et al., 2021).
Then, the two images were clipped to the study area. Different
pan-sharpening methods namely Bayesian, Local Mean and
Variance Matching (LMVM), and Ratio Component
Substitution (RCS) method were applied to enhance the
resolution of the 20 m bands using the 10 m bands. Figure (2)
illustrates the proposed methodology. Additionally, the
graphical modeler in QGIS was utilized to build a model which
applies the pan-sharpening method and then merge the output
with the original 10 m bands in order to get a new layer stack

having 10 bands with spatial resolution of 10 m. This model
was run as a batch process to be applied for all fusion methods.

Sentinel-2 image

Radiometric Correction

Bands: 2, 3,4and 8
(Resolution: 10m)

Bands: 2, 3, 4,8, 5, 6,
7,8a,11and 12

Training / Reference
Samples

using (DOS)
I
R
(Resolution: 10m) assessment
Classification
(SVM, ANN, RF, ID) (RMSE, ERGAS, CC, UIQI, MB, SNR)
!
Land use/cover map
4-Evaluation of sharpened images
In order to evaluate different methods of data fusion, the
and 20 m bands. According to Nikolakopoulos and Oikonomidis
(2017), evaluation of the fusion quality starts with visual
in color tonality, presence of local or global color distortion, linear
distortion in i.e., roads and buildings, in addition to the over-all
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Figure 2. Flowchart of the proposed methodology
obtained fused images were compared to both the original 10 m
assessment, which depends on some parameters such as changes
appearance of the image. Therefore, visual evaluation was
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applied for the false color composites of the fused images against
the original 20 m bands. Moreover, six indices were calculated
for quantitative analysis of the fused images as follows:

RMSE: Root mean square error -as a good indicator of
spectral quality- is used to compare the reference and fused
images (Equation 1) where the variation in pixel values is
computed. The lower RMSE value the closer fused image to
the reference image.

RMSE = | SHy S 1,G) — LG ) Egl

Where M, N: the number of lines and columns of image, respectively, and
Ir, I the reference and fused images, respectively (Jagalingam and
Hegde, 2015).

ERGAS: Erreur Relative Globale Adimensionnelle de

Synthése, English: relative dimensionless global error of

synthesis (Pohl and John, 2017), is one of the widely used

methods to assess the quality of pan-sharpened images (Equation

2). Where the lower value of ERGAS indicates fewer distortion

in the spectral data of the fused image (Ni-Bin and Kaixu, 2018).

_ h (1 oy (RMSE\2
ERGAS =100 Nzkzl(”m) Eq.2

Where h and I: the spatial resolutions of the fine and coarse images,
respectively. N: total number of bands in the coarse image, p(k):
the spectral mean of the kth original band of the coarse image, and
RMSE: root-mean-square error between the kth band of the
original coarse image and the fused image.

MB: Mean Bias calculates the difference between the mean
of the reference and fused images (Equation 3). The value of
zero indicates that fused and reference images are similar.
Mean value refers to the grey level of pixels in reference and
fused images (Jagalingam and Hegde, 2015).

mB ="

rmean™ Irmean

Eq.3

CC: Correlation Coefficient computes the spectral similarity
between the reference and fused images (Equation 4). The
value close to +1 indicates that reference and fused images are
the same, while values less than 1 represent increases in
variation (Jagalingam and Hegde, 2015).
ccu, 1) = S o (rap—T) Urap=Tr)
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SNR: Signal to noise ratio measures the ratio between
information and noise of the fused image (Equation 5).
Similarity between reference and fused image increases as the
SNR value increases.

SNR =10 loglo(

Eq.4
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UIQI: Universal image quality index is used to calculate the
amount of transformation of relevant data from reference
image into fused image (Equation 6). The values range from
-1 to 1, where the reference and fused images are similar if
UIQI value is 1 (Jagalingam and Hegde, 2015).
uIQI = 40510 By iy _

(o8, )[ G, )+ ()]

In order to calculate these indices for all fused images,
a python script was written in QGIS to calculate these indices
for each image, then the script was run for all images with the
capability of batch processing. The script also enables to save
all the results in a text file with a header line for each index
then each line has the corresponding index value in addition
to the name of the analyzed image.
5-Image classification

The classification process was applied for the
different data sets with different band combinations (original

Eq.6

10 m bands only, original 20 m bands, and stack of both
original 10 m bands and pan-sharpened data with different
methods) using different supervised classification methods.
Meanwhile, different regions of interest (ROI) were selected
representing both training and reference data for classification
and accuracy assessment, respectively. The ROI layer which
utilized for the first image was utilized for the second image
after applying the required update, which was mainly in crops
and bare soil classes according to the growing season. A total
number of 498 and 557 polygons (with 1960 and 1980 pixels)
were collected from first and second image, respectively. The
total number of pixels represented by the ROIs were utilized
as 70% for training and 30% as validation data.

The applied classifiers are support vector machine
(SVM), artificial neural network (ANN), random forest (RF),
and decision tree (DT). The classification was applied in
QGIS using the supported classification capabilities by Orfeo
toolbox. The classification and accuracy assessment were
modeled in QGIS, where a graphical model was built to apply
the four classifiers, then it was exported as a python script.
This script was modified and extended to calculate and save
(as a text file) the overall accuracy for each classifier in
addition to the name of the corresponding classified image.
Where the accuracy assessment was calculated from the
confusion matrix obtained by the Orfeo toolbox. Finally, the
model was run in a batch model for all images.

RESULTS AND DISCUSSION

Sentinel-2 images were pan-sharpened using different
techniques; moreover, different classifiers were applied and
evaluated for land use/cover mapping.
1-Evaluation of pan-sharpening methods

Visual evaluation was applied to compare the fused
images with the original 10 m and 20 m bands for spatial and
spectral characteristics, respectively. Comparing with higher
resolution bands, the pan-sharpening methods improved the
resolution of 20 m bands with various qualities as shown in
Figure (3).

10m (RGB:2,4,3)

LMVM_average RCS_average

»
% P

'
10m (RGB:2,4,3 20m (RGB:5,8A,12) Bayes_b4 Bayes_average

LMVM_average

LMVM_b4

RCS_average

RCS_b4

(b)
Figure 3. Pan-sharpening results, (a) first acquisition
(February 3, 2017), (b) second acquisition

(August 12, 2017)
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In the two acquisition dates, it is observable that the
LMVM method using average-image (as panchromatic band)
enhanced the spatial resolution and emphasized the edges;
where, i.e., irrigation canals, roads, urban, and parcels
boundaries are recognized better. Similar findings were
reported by Witharana et al. (2014) where the visual
evaluation of pan-sharpened GeoEye-1 imagery revealed that
the LMVM fusion algorithms showed the best quality. On the
other hand, the spectral evaluation revealed that the quality of
pan-sharpened images varies from one method to another, i.e.,
the “Bayes b8 image expressed spectral details close to the
original 20 m bands more than the other methods.

In the quantitative analysis, the pan-sharpened images
were compared with the original low-resolution bands (20 m
bands) to evaluate how much the pan-sharpening method
maintained the spectral information close to the original data.
The calculated indices (Tables 1 and 2) showed variation
between different fusion methods, in addition to the variation
within each method according to the used high-resolution
band in sharpening process.

Table 1. Quantitative evaluation indices for pan-
sharpening methods (image: 03.02.2017)

Pan- . Quantitative evaluation indices
sharpening Panchromatic
method band RMSEERGA CC UIQI MB SNR
2 0.052 4.668 0.795 0.794 0.0000 18.260
3 0.048 4.482 0.798 0.797 0.0000 19.530
Bayes 4 0.032 3.626 0.809 0.809 0.0000 19.829
8 0.022 3.029 0.813 0.813 0.0000 23.257
Average 0.030 3.512 0.803 0.802 0.0000 19.042
Summation 0.030 3.512 0.803 0.802 0.0000 19.042
2 0.100 6.470 0.720 0.719 0.0019 15.190
3 0.079 5.741 0.748 0.747 0.0007 15.975
LMVM 4 0.101 6.498 0.717 0.716 0.0019 15.289
8 0.074 5.558 0.766 0.765 0.0013 16.334
Average 0.060 5.002 0.777 0.777 0.0008 16.655
Summation 0.060 5.002 0.777 0.777 0.0008 16.655
2 0.124 7.196 0.745 0.730 -0.0005 13.829
3 0.113 6.849 0.759 0.743 -0.0032 14.248
RCS 4 0.276 10.714 0.655 0.624 0.0050 10.826

8 0.129 7.325 0.749 0.728 -0.0025 13.569
Average 0.080 5.786 0.780 0.766 -0.0050 15.401
Summation 0.080 5.786 0.780 0.766 -0.0050 15.401

Table 2. Quantitative evaluation indices for pan-
sharpening methods (image: 12.08.2017)

gz?éening Panchromatic Quantitative evaluation indices
method band RMSEERGA CC UIQlI MB SNR
2 0.016 2.602 0.815 0.815 0.0000 25.703
3 0.015 2478 0.817 0.817 0.0000 35.045
Bayes 4 0.011 2.178 0.820 0.820 0.0000 26.451
8 0.015 2.468 0.798 0.797 0.0000 25.473
Average 0.017 2.652 0.813 0.812 0.0000 24.382
Summation 0.017 2.652 0.813 0.812 0.0000 24.382
2 0.072 5.486 0.626 0.623 0.0014 16.194
3 0.062 5.097 0.660 0.658 0.0016 16.691
LMVM 4 0.072 5491 0.621 0.617 0.0013 16.313
8 0.039 4.043 0.772 0.772 0.0000 18.801
Average 0.033 3.720 0.761 0.761 0.0004 18.537
Summation 0.033 3.720 0.761 0.761 0.0004 18.537
2 0.117 6.978 0.647 0.631 0.0033 13.774
3 0.068 5.339 0.722 0.712 0.0003 15.740
RCS 4 0.200 9.120 0.550 0.522 0.0079 11.821

8 0.069 5.364 0.762 0.727 -0.0029 15.663
Average 0.038 3.995 0.782 0.768 -0.0028 17.855
Summation 0.038 3.995 0.782 0.768 -0.0028 17.855

For both acquisition dates, the Bayesian method
performed better than LMVM and RCS methods, which
means that Bayes method preserved the spectral data as much
close as the original 20 m bands. Also, it is noticeable that the
indices of fused images using both average and summation of
the four 10 m bands are the same, which indicates that in
further work one of them might be enough to be used for pan-
sharpening and quantitative analysis. In general, using the
average for pan-sharpening produced high quality sharpened
image with LMVM and RCS methods, while with Bayesian
method bands 4 and 8 performed better.
2-Land use/cover classification

The classification process was applied for each of the
following datasets: the original 10 m bands, the 20 m bands,
in addition to the images (having 10 bands) obtained from
stacking both 10 m bands and each pan-sharpened image with
different methods. Images were classified without applying
filtering to keep the original data and test the variation resulted
from pan-sharpening methods. However, filtering techniques
might increase the classification accuracy.

Figure (4) shows the variation in overall accuracy
obtained by different classifiers and different fusion
techniques. For the first acquisition date (February 3'), the
accuracy values in case of original 20 m bands were higher
than that of 10 m bands, which might be attributed to the
spectral ranges of the 20 m bands (NIR, and SWIR).
However, in the image of August 12" there was no such trend.
Furthermore, the combined images (original 10 m bands and
pan-sharpened bands) produced higher accuracy as more
spectral regions were included namely VIS, NIR, and SWIR,
in addition to their enhanced spatial resolution. On the other
hand, performance of different classification techniques
showed significant variation. As illustrated in Figure (4),
almost SVM classifier produced higher accuracies among all
classifiers, particularly, in the second acquisition date where
the differences are significantly appearing. Additionally, it is
noticeable that the LMVM pan-sharpened images performed
better with all classifiers in the two imaging dates, however,
the Bayesian method was better in quantitative sharpening
quality.

The results demonstrated that the Sentinel-2 data with
high spatial resolution revealed good classification results for
the small-parcels areas using image of one single acquisition
date. The SVM classification of LMVM pan-sharpened
images using band 8 resulted in six classes (Figure 5) as they
were defined by the training data with overall accuracy of
96.8% and 95.7% for first and second acquisition dates,
respectively. In general, the agricultural area in the first
acquisition data (February) was 13211 ha (including orchard
area of 1763 ha, and field crops as 11448 ha). While in the
second image, the agricultural area represented 12699 ha
(including orchard area of 1306 ha, and field crops as
11393 ha). The difference in orchard areas could be attributed
to the variation in the phenological stage of the fruit trees. The
first acquisition represents the end of winter period with low
soil and plant management, and the orchard areas are more
recognizable from field crops. While the second acquisition
(August 12" followed the spring vegetative growth period
and the trees have received the required management and
fertilizations which enhance the new vegetative growth that
makes some interference with the growing crop in the
classification process. Therefore, the extraction of orchard
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area can be improved through using temporal Sentinel-2 data,
moreover, Sentinel-1 could provide a valuable data for
studying the orchards based on the volumetric scattering
behavior of the microwaves. On the other hand, the fallow
land areas are 2617 ha and 3195 ha in the first and second
image, respectively. The higher area in summer could be
referred to as some areas represent post-harvest areas of some
crops (i.e., Maize) and other areas are under preparation for
the next cropping season.
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The irrigation canals were identified well in some
areas which can be considered as an advantage of using S2
data, however some canals could not be classified in relation
to the canal’s width. The urban areas were estimated in both
images with an area of 2821 ha and 2867 ha in the first and
second acquisition dates, respectively. It is noticeable that, in
some places there is miss-classification between urban areas
and roads, which might be attributed to the nature of both
classes and the reflectance contribution of the roads in urban
areas as mixed pixels.
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Figure 4. Classification accuracy for different classifiers and fusion techniques, data acquired on (a) 03.02.2017 and (b)
12.08.2017. The name of classified image is referred to as abbreviations, i.e., “bayes B02” indicates the
Bayesian fusion method using B02 as the high-resolution band
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Figure 5. Land use/cover map of the study area using SVM and LMVM-b8 sharpened images acquired on (a)

03.02.2017 and (b) 12.08.2017

CONCLUSION

The current study investigated the potential of the
sentinel-2 data for land use-cover classification under the
conditions of arid regions and fragmented agricultural parcels.
Different pan-sharpening techniques (Bayes, LMVM, RCS)
were evaluated, in addition, various classification approaches
(SVM, ANN, DT, RF) were applied and evaluated for land
use/cover classification. The results showed that the Bayesian
method produced higher spectral and spatial information in
comparison to the original data. On the other hand, the results
revealed high classification accuracy, as the SVM produced
highest accuracy with overall accuracy of about 96% using
LMVM-sharpened data. The applied methodology could be
tested with extra datasets to find the proper fusion technique

under similar conditions of the study area. Further
investigation to utilize multi-temporal Sentinel-2 and
Sentinel-1data in land use/cover mapping and agricultural
crops monitoring is recommended.
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