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Abstract

Studies on land use and land cover changes (LULCC) have been a great con-
cern due to their contribution to the policies formulation and strategic plans
in different areas and at different scales. The LULCC when intense and on a
global scale can be catastrophic if not detected and monitored affecting the key
aspects of the ecosystem’s functions. For decades, technological developments
and tools of geographic information systems (GIS), remote sensing (RS) and
machine learning (ML) since data acquisition, processing and results in diffu-
sion have been investigated to access landscape conditions and hence, differ-
ent land use and land cover classification systems have been performed at
different levels. Providing coherent guidelines, based on literature review, to
examine, evaluate and spread such conditions could be a rich contribution.
Therefore, hundreds of relevant studies available in different databases (Science
Direct, Scopus, Google Scholar) demonstrating advances achieved in local, re-
gional and global land cover classification products at different spatial, spectral
and temporal resolutions over the past decades were selected and investi-
gated. This article aims to show the main tools, data, approaches applied for
analysis, assessment, mapping and monitoring of LULCC and to investigate
some associated challenges and limitations that may influence the performance
of future works, through a progressive perspective. Based on this study, despite
the advances archived in recent decades, issues related to multi-source, mul-
ti-temporal and multi-level analysis, robustness and quality, scalability need to
be further studied as they constitute some of the main challenges for remote
sensing.
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1. Introduction

The acquisition of information on the terrestrial surface and its resources has
been accelerated since the launch of the first artificial Earth Observation (EO)
satellite by the Earth Observation System (EOS) program in 1972. It is partly due
to the efforts of World Space Agencies (WSA) that in recent years have provided
several images of remote sensors coupled mainly to aircraft and satellites public-
ly available [1] [2] [3] and to technological advances in the computing field with
powerful and efficient processors to manage large volumes of data, as well as ef-
forts to develop robust algorithms for processing such data [2] [4].

The demand for remote sensing data for land use and land cover mapping has
been growing due to the impact of land use and land cover changes for the terre-
strial ecosystems. Through these spatial data it is possible to understand and as-
sess the effects of landscape changes on the environment. Images with high spa-
tial, temporal, radiometric and spectral resolution, allow the mapping of large
areas in a relatively short time [5] [6] [7] [8], reinforced the improvement of
techniques and algorithms, which allowed the automation of the mapping, with
reliable results for reality.

Countries that still adopt traditional approaches to remote sensing data processing
using commercial image processing software on workstation PC-based systems with
proposals to demonstrate how remote sensing data can be used and presentation
of GIS packages (due to technical, educational and institutional constraints), leav-
ing aside deeper studies, such as subsurface modeling based on GIS [9], present
limited performance in their studies, as related to Big Data management [6] [10]
[11], because no matter how powerful the operating systems are, the entire data
analysis process, including pre-processing over large areas involving thousands
of images, is cumulative, slow and tedious, and it can still be expensive as it re-
quires a lot of resources.

However, in countries which have chosen to change their approach challenges
have been overcome. The advance has occurred thanks to the development and
application of powerful Machine Learning Algorithms (MLAs) in cloud compu-
ting environments, such as Google Earth Engine (GEE), which process images
on a planetary scale and at high spatial resolutions [6] [12]. According to Mu-
tanga and Kumar [7], this new approach can be undertaken by researchers of
less developed countries due to the fact that does not need the large processing
powers of the computers.

Thus, files with several petabytes of referenced data sets (climatic, land use
and land cover, digital elevation models) product or not of earth observation sa-
tellite images and airborne sensors may be combined and integrated into a com-
puting environment in the cloud. However, the remote sensing data processing,
regardless of the approach followed, has limitations associated with the size and
quality of training samples, thematic precision, choice of algorithm and the size
of the study area to be considered [13] [14].

Recently, new trends have stood out in data production and processing, dri-
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ven mainly by cooperation among space agencies around the world. The coop-
eration has resulted in great availability of data (free access), instruments (soft-
ware), and techniques (algorithms) for processing such data [2] [9] [10], pro-
viding to the remote sensing community new applications and tools to conduct
researches. This article aims to provide and highlight main tools, data, approaches
related to Land Use and Land Cover (LULC) mapping issues and investigate
some challenges might arise for evaluating and monitoring land use/land cover
using remote sensing data and provide a critical perspective about LULC issues
achievements in progress.

The article presents the following topics in sequence: 1) it addresses the process
of acquiring and processing remote sensing data obtained at different scales; 2)
presents the main categories of platforms and software’s that can be used to
process such data; 3) addresses techniques for processing geospatial data for pur-
poses of land use and land cover mapping framing them into different approach-
es (pixel, subpixel, object and hybrid); 4) impacts of the application of machine
learning algorithms for the land use and land cover assessment with time-series,
multi-source and multi-scale data; 5) assessment of the accuracy of the maps; 6)

advances achieved, challenges and future perspectives.

2. Remote Sensing Data Acquisition and Processing

Data are the key element in a research, and remote sensing is configured as one
of the main means of acquiring spatial data [15]. Data acquisition in remote
sensing (RS) involves four essential elements: Electromagnetic Radiation (EMR),
light source, sensor and target and an interaction of the EMR with the targets.
To generate relevant information, it involves the fundamental elements in inte-
raction as shown in Figure 1.

For understanding the process, it’s fundamental to know the EMR, sensor
(egg. Resolutions), targets essential characteristics for RS and its properties which
are well documented in [16] [17] [18]. Figure 2 shows the intensity of sun and
earth, the atmosphere transmittance zones and an electromagnetic spectrum hig-
hlighting the visible light.

According to Zwinkels [16], when light interacts with matter, different phe-
nomena can occur depending upon the interaction of the wavelength (frequen-
cy) of the light with the physical size (resonant frequencies) of the interfering
matter. Figure 3 shows spectral reflectance of different targets of the surface.

Considering all the aspects mentioned above, following the steps of remote
sensing data processing, it is possible to generate a product for specific propose.
A list of sources and providers of free remotely sensed data for coarse, medium
and fine scale is extent (Glovis, NASA Earth Observation, USGS Earth Explorer,
ESA’s Sentinel data, VITO Vision, IPPMUS Terra, and so on), and can be ac-
cessed partially in Table 1. The fine scale assessment data are in general pur-
chased.

Recently, data availability problems have been overcome by policies for free
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Figure 1. Remote sensing data acquisition and processing. Source: Authors (2021).
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Figure 2. Electromagnetic spectrum highlighting the visible light, the sun and earth intensity. Source: Authors (2021).
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Table 1. Characteristics of different sensors applied to land cover studies.

Level/ Spatial Spectral Temporal
scale sensors resolution resolution Frequency Provider/website
(m) (bands) (days)
MODIS 250 - 1000 36 1-2 NASA; http://modis.gsfc.nasa.gov/about/
NOAA;
Coarse scale NOAA-AVHRR 1000 6 1-2 https://basedosdados.org/en/organization/national-
assessment oceanic-and-atmospheric-administration-noaa
ESA;
ENVISAT 30 - 1200 1(C) 35 https://earth.esa.int/web/guest/missions/esa-operati
onal-eo-missions/envisat
LANDSAT 30 - 100 411 16 USGS;
MSS/TM/ETM+/OLI https://earthexplorer.usgs.gov/
ISRO-NRSG;
IRS LISS-III 23.5 4 5 https://uops.nrsc.gov.in/MetaSearch/RS2_LIS3_ST
UC00GTD
Medium AIRBUS,
scale SPOT MSS 20 4 26 https://www.intelligence-airbusds.com/imagery/co
assessment nstellation/spot/
ASTER 15-90 14 4-16 NASA; https://terra.nasa.gov/
Sentinel 2 10 - 60 1-13 5-10 ESA; https://scihub.copernicus.eu/dhus/#/home
CSA;
RADARSAT 8-100 1(C 24
© https://www.asc-csa.gc.ca/eng/satellites/radarsat2/
SATIMAGINGCORP;
IKONOS PAN/MS 1-4 1-4 3-5 . ) .
http://www.satimagingcorp.com/gallery/ikonos/
WorldView 4 031 - 1.2 1.4 3 https://www.satimagingcorp.com/gallery/worldvie
PAN/MSS w-4/
SATIMAGINGCORP;
. Quickbird PAN/MS 0.6-2.8 1-3 1-4 . ) o
Fine scale http://www.satimagingcorp.com/gallery/quickbird/
assessment ISRO-NRSC;
IRS LISS-1V 5.8 3 5 https://uops.nrsc.gov.in/MetaSearch/RS2_LIS3_ST
UC00GTD
ESA;
RapidEye 5 5 6 https://earth.esa.int/web/guest/missions/3rd-party-

missions/current-missions/rapideye

Source: Authors (2021).

distribution of remote sensing data initiated by NASA [1] [8] [19]. However, be-
hind benefits, challenges concerning the management of big data emerged such

as complexity, scalability, robustness and quality [11] [20].

Landsat 7 and 8 satellites may collect up to 1200 images per day, demanding

1200 GB storage space per day [2]. In 2019, the volume of the open data pro-
duced by Landsat-7 and Landsat-8, MODIS (Terra and Aqua) and the first three

Sentinel missions (Sentinel-1, -2 and -3) was about 5 PB [10], not counting sev-

eral other programs and remote sensing products available.
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Figure 3. Electromagnetic spectrum highlighting the visible light, the sun and earth intensity. Source: Au-

thors (2021).

The big data sets, in addition to exceeding memory, storage, and processing
capacities of ordinary personal computers, impose substantial limits that lead
users to take advantage of a small part of data available for scientific research
and operational applications [10]. In reference to the demand, several platforms,
software, and data processing algorithms have been developed as addressed in
subsequent topics.

Data use applying the correct techniques by qualified professionals is the key
to the maximum benefit of these tools. However, pre-processing and validation
present challenges in remote sensing technology [13] [21]. Several remote sens-
ing data products are available for specific research and do not satisfy users’
needs for the integrated study of a given phenomenon as their resolutions vary
among themselves [22] [23]. For instance, forest fire assessment needs high spa-
tial and temporal resolution, however, a sensor cannot provide high resolution
for both Moderate Resolution Imaging Spectroradiometer (MODIS) data pro-
vide 1-day high temporal resolution, but low spatial resolution. According to
Sajjad and Kumar [22], hyperspectral sensors offer the solution to the impasse,
due to their capacity of reducing the processing time for numerous spectral
bands. Even though, their spatial resolution must be improved to achieve better

results.

Free and Open Source and Proprietary Software

In the scientific field of GIS and remote sensing, we highlight two categories of
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data processing programs—{free/open source (Free and Open Source—FOSS) and
commercial (Proprietary) Software [24] [25], based on the following criteria: User
platform, Graphical User Interface, support/cost, available tools, effort, com-
pleteness, license, operating system dependency, scalability; maximal control [24]
[26].

Researchers consider the terminologies free (established by the Free Software
Foundation), and open source (established by the Open Source Initiative) as
synonyms [24] [27] [28]. However, the terms differ regarding the restrictions on
modifications and redistribution. According to Anand et al [29] the only re-
striction on free software is that any redistributed version must be distributed
with the original free use, modification, and distribution terms known as copy
left.

The definition of a free software is not related to its cost, but to the freedom of
reuse, modification or not, and distribution, and to execute some of the freedom,
you must have access to the source code [26] [29] [30]. Thus, the categories are
not antagonistic but rather complementary, since their developers have shared
their findings [24] [26]. It is recommended to use the terms free and open source
software together (FOSS) as they allow: 1) to run for any purpose; 2) study how
the program works and adapt it to needs; 3) redistribute copies; 4) improve the
program and make it available to the benefit of the entire community [26] [27]
[29].

The main purpose of developing proprietary software is making monetary
profit. They are developed by individuals or companies that employ engineers
who work on improving them [31]. As a result, they inhibit users from being
able to make copies of the software and redistribute it, sell the license to others
and/or reverse engineer and infringe copyrights and patents [29] [32]. In addi-
tion, it rarely allows end users to purchase or view the source code and may re-
quire annual license fees. It limits users’ understanding of what the code, and/or
tools are doing [25] [31] [32].

Commercial software’s are available in packages (e.g., ERDAS Imagine) and
each package has its limitations requiring users to access to the complete pack-
age to be able to use all its functions. Table 2 presents a list of the most used free
and proprietary software in geoprocessing.

Commercial and open-source software providers have distinct perspectives on
technical support. The lack of support and documentation for users and specific
training skills with technical profile are some disadvantages of FOSS [30]. Com-
mercial software support is a service for licensed users [25].

Although several countries recommend the use of FOSS in public institutions
[30] [32], cost should not be the main factor in the choice. Aspects such as secu-
rity as well as manageability must be considered, due to institutional needs and
capacities. Free software requires national programs to support their develop-
ment and maintenance, training to adapt it to local needs. Conversely, commer-
cial software requires institutional capacity to provide equipment to run the

programs, continuous training of human resources and renewal of licenses.
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Table 2. Characteristics of different free and proprietary software applied to land cover studies.

Software/Release
year/Reference

Development
Platform/
Language support/
Software License

Developed by Useful for application

GRASS, 1982 [33]

ILWIS, 1985 [34]

TerraView, 2001 [35]
SAGA, 2001 [36]

Open Source

QGIS, 2002 [37]

Research institutes, universities, Analysis scientific and visualization,

C, Shell, Tcl/Tk,
cartography, modeling and ell, Tel/

companies, volunteers

Python GPL
worldwide simulation ython
Universities, companies, (Raster) Analysis MS Visual C GPL
Brazilian National Institute ~ Vector and Raster analysis, Statistical

C++, RGPL

for Space Research (INPE) analysis

C++ (MS Visual C++)
LGPL (API), GPL

. . Analysis, modeling, scientific
Universities . ..
visualization

Universities, companies, Viewing, Editing, Analysis,

, Qt4, Pyth PL
Grass-GUL SAGA-GUI, C++, Qt4, Python G

volunteers worldwide

Companies, universities, Viewing, Editing, Analysis (Mobile

SIG, 2003 [38 e AVA GPL
&Y [38] government Applications) J
SPRING, 1991 [39] Brazilian National Institute Digita¥ Image Pr.ocess.ing, .spat.ial GPL
for Space Research (INPE) analysis, modelling, visualization
... Digital analysis and visualization of
IDRISI/TerrSet, 1987 Clark Labs at Clark University, . . .
spatial data, including the remotely C++
[40] Worcester, and Massachusetts. . . .
sensed imagery, in a single package
ERDAS, 1978 [41] Hexagor.l, Leica F}eosystems Digital analysis of remotely sensed C.Cit
Geospatial Imaging data.
R h Syst
eseare ys. ems (now . Processing large multispectral and
ENVI, 1994 [42]  called ITT Visual Information h al ine d IDL
Proprietary Solutions) yperspectral remote sensing data
ER Mapper, 1990 [43] Australian software company Digital image analysis. C, C++
PCI Geomatica, 1982 Headquartered in Toronto, Remote sensing, Digital Pvith
on
(44] Canada photogrammetry, and cartography. A
. Digital analysis and visualization of
Environmental Systems . . .
ArcGIS, 1999 [45] spatial data, including the remotely C++, Python

Research Institute (ESRI) . . .
sensed imagery, in a single package

Source: Adapted from Maurya et al. [24].

3. Remote Sensing Data Processing Techniques for the
Purpose of Land Use and Land Cover (LULC) Mapping

3.1. Mapping Land Use and Land Cover

The terms land use and land cover, although used in associated ways, would ra-
ther be defined in a dissociated way. Land use refers to the way the biophysical
attributes of the land are manipulated and the underlying intention to its mani-
pulation. Land cover refers to the biophysical state of the Earth’s surfaces and

the immediate subsoil [46] [47]. Land use causes changes in land cover, and such
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changes when intense and on a global scale affect the key aspects of the terrestri-
al systems functions.

According to Briassoulis [47], and Nedd et al [48] biophysical factors (cli-
mate, temperature, topography, soil type, surface water, humidity, vegetation, and
fauna) and social (population, technology, socioeconomic, cultural and institu-
tional organization, and political changes) are responsible for such changes and
seen interconnected in a space-time perspective. Gémez et al. [46] highlight that
distinct types of land cover provide specific habitats and determine the energy
and carbon exchange between terrestrial and atmospheric regions. The Know-
ledge and mapping of land use and land cover are essential to plan and manage
natural resources, modeling of environmental variables, and to comprehend the
distribution of habitats [48]. Land cover naturally changes over time, also due to
the influence and result of anthropogenic activities.

According to Gémez et al. [46], Earth Observation (EO) data provide land use
and land cover mapping and monitoring in a consistent and robust manner over
large areas, and results are available by different world space agencies at different
spatial and temporal scales, matching scientific and political information needs.
Geotechnologies have been relevant in the study of land use and land cover as
they have enabled observation, identification, mapping, assessment, and moni-
toring of land cover in spatial, temporal, and thematic scales [46] [49].

Identifying types of land cover provides basic information to generate other
thematic maps, and to establish a baseline for monitoring activities. According
to Rogan and Chen [49] an effective approach to identify changes for a specific
period may maximize exploration in the domains of spatial and spectral resolu-
tions, as using additional data, such as vegetation indexes. On the other hand, 2 sig-
nificant taxon to separate cover from use changes namely: 1) categorical—known
as post-classification comparison, which occurs between a set of thematic cate-
gories of land use and land cover (ie., urban, forest); and 2) continuous—known
as pre-classification enhancement, where changes occur in the quantity or con-
centration of some attribute of the built or natural landscape that may be meas-
ured continuously.

Most approaches to monitoring land use and land cover have used traditional
image classification algorithms that assume: 1) image data is normally distributed,
2) objects of interest on the surface are larger than the pixel size (H-resolution),
and 3) the pixels are composed of a single type of land cover or land use.
However, some approaches argue that objects of interest on the surface are
smaller than the pixel size (L-resolution), and therefore, they used empirical
models to estimate biophysical, demographic and socioeconomic information
[49] [50].

3.2. Remote Sensing Data Processing Techniques for LULC

Over the years, several studies on land cover have been conducted [3] [23] [51]

[52] by using data from various sensors with different resolutions, techniques,
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and methods of data processing with the purpose to map and monitor land use
and land cover. The methods may be grouped into supervised/semi-supervised,
and unsupervised classification, and the classifiers grouped into parametric and
non-parametric, rigid and flexible (diffuse), or based on pixel/subpixel and ob-
ject [21] [46].

The parametric such as maximum likelihood, minimum distance and Baye-
sian classifiers are based on probabilistic theories, modeling the decision boun-
daries between classes from a fixed number of parameters, independent of the
number of samples, using global criteria for the classification [53]. Conversely,
the non-parametric, such as support vector machine (SVM), artificial neural
network (ANN), guide the grouping of classes based on the digital number (sin-
gle band/image) or spectral reflectance (multispectral image) and other charac-
teristics such as shape and textural attributes of the scene. The distribution of the
image values are independent and its focusing on the local data structure, requir-
ing a high set of samples for the classification process [54] [55] [56] [57].

According to Phiri and Morgenroth [55], advances in object pattern recogni-
tion techniques through artificial intelligence and machine learning approaches
have contributed significantly to develop advanced non-parametric classifiers,
commonly used in GIS and Digital Image Processing commercial software, as
well as open source.

The pixel approach, such as Random Forest and spectral matching techniques,
is based on the use of the pixel spectral information to find its most likely class,
plotting a probability that a given pixel belongs to a certain class or not, Ze, the
pixels of a class are more similar from a spectral point of view than the pixels
from other classes [55] [58].

The Object-Based Image Analysis (OBIA) approach uses geographic objects as
basic units to classify land use and land cover reducing variations in targets
within the class and it removes the effects of “salt and pepper” that result from
isolated pixels incorrectly classified. It presents the advantage of incorporating
several sources of information, such as texture, shape, and position as a basis for
the classification [54] [55] [58]. Its main limitation is associated with choosing
the appropriate segmentation scale and dealing with different steps, which may
be a source of variation if not treated properly.

The sub-pixel-based approach was developed to address divergences in pix-
el-based classification, such as the separation of land uses and land cover in
mixed pixels [50] [51] [59]. The approach proved to be suitable from medium to
low spatial resolution sensors, and widely used in regional, continental, or even
global mapping [51] [60]. Statistical algorithms, such as Maximum Likelihood
(Maxver), Linear Mixture Model (LSMM), and those based on set theories, such
as the Possibilistic C-Means (PCM)), and the Fuzzy C-Means (FCM) are some
examples of sub-pixel classification.

These are already incorporated into distinct image processing software availa-

ble on the market, both proprietary and open-source. However, the choice of
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classifier proves to be complex and challengeable, due to each method presents
its strengths and weaknesses as shown in Table 3.

In this regard, Ackom et al [61], Mohammady et al [62] suggest hybrid ap-
proaches to solve the issues which have become more powerful and diversified,
due to the development of powerful and advanced classifiers.

Other strategies can be incorporated such as those which possibility to infer
proportions of vegetation cover, commonly known as vegetation indexes. The
most used are Normalized Difference Vegetation Index—(NDVI)—Normalized
Difference Water Index (NDWI)—Soil-adjusted Vegetation Index (SAVI)—the
Normalized Difference Built Index (NDBI)—Spectral Mixture Analysis Modified
Soil Adjusted Vegetation Index (MSAVI).

Nevertheless, the success of this approach depends on several factors, such as
quality of pre-processing, analyst experience, and classifier performance. How-
ever, depending on the complexity of the subject, Gomez ef al. [46] point out the
following criteria to be considered when choosing the classification algorithm:
type of data, statistical distribution of classes, target accuracy, ease of use, speed,
scalability and interpretability in order to achieve acceptable accuracy and ra-
tionalization of resources (Table 4).

Machine Learning Algorithms
Machine Learning (ML) are algorithms or models built to gain from information
and acts appropriately in future circumstances, being grouped in: Lazy (e.g.
k-nearest neighbour, Case-based reasoning) and eager (Decision Tree, Naive Bayes,
Artificial Neural Networks) and mainly divided into four categories: supervised
learning, unsupervised learning, semi-supervised learning, and reinforcement
learning [81] [82].

According to Galvén et al [81] most of the machine learning algorithms
(MLAs)—based on trees, rules, functions, etc.—are eager learning methods, in the
sense that the generalization is carried out beyond the training data before observ-

ing the new instance. They are a powerful tool for training Artificial Intelligence

Table 3. Advantages and disadvantages of some classification algorithms framed in distinct approaches.

Classification
Algorithm Advantages Disadvantage Reference
approach
o Manage well large feature space; Needs parameters for network design;
Artificial ) .
. Indicate strength of class membership; Tends to overfit data; Black box (rules
Pixel-Based Neural . o . . [46]
Networks Resistant to training data deficiencies- are unknown); Computationally
requires less training data than DT intense; Slow training
Clear physical meaning and being able Hard to find a proper endmember in
Sub-pixel Based Spectral Unmixing .p ¥ ) g o & prop [60]
to estimate fractional distribution larger scale
Support Manages well large feature space;
PP g . 8 p Needs parameters: regularization and
. Vector Insensitive to Hughes effect; Works .
Object Based . . . kernel; Poor performance with small [46]
Machines well with small training dataset and ] )
feature space; Computationally intense
(SVM) does not overfit
Source: Authors (2021).
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Table 4. Distinct approaches and algorithms for handling spatial data.

Classificati Soft
assitication Method Algorithm Data/product/Place oftware/ References
Approach Platform used

Sentinel-2, Cartosat-DEM,
SVM entneie, Lartosa , GEE, OBT [63] [64]
Multi-temporal, Vietnam India

MKNN Landsat, single date, India Not reported [65]
Supervised
Landsat, Time series, Turkey IDRISI, ArcGIS [66]
ML Landsat/sentinel, Time series, Not reported (67] [68]
Ethiopia Vietnam Envi/ArcGIS

ISODATA IRS-P5, Single date, India ERDAS IMAGINE [69]

Landsat 8/Sentinel2/ALOS 2
Pixel Based Unsupervised Hierarchical Clustering PAL:I;IijiMultei:ielrl;eporal, Finland Forestry TEP [70]
K-Mean Sentinel, time-series, Australia GEE [71]

ERDAS IMAGINE,
ML-ISODAT Landsat, Multi-temporal, India [72]
ENVI, ArcGIS
CA-Marcov Chain Landsat, Multi-temporal, Ghana QGIS [61]
Hybrid
ISODATA-Decision .
Landsat, Multi-temporal, Iran ArcGIS [62]
Rule Based
LP-SVM (SMCEF) Hyperspectral (not specified), China Matlab [57]
Landsat/MODIS/SRTM,
LSMA an .sa / . / . Not reported [60]
Time series, Brazil
SMA
Hyperspectral (APEX)/Sentinel-2,
i MESMA LAStool 59
Sub pixel Single date Belgium 00 [59]
Fuzzy Rule Based IRS-P6, India Erdas IMAGINE [73]
Fuzzy analysis

Fuzzy C-Mean (FCM) IKONOS, single date, Netherlands Not reported [74]

L Landsat/IRS/ASTER-GDEM, .
Decision Rule . . eCognition developer [75]
Multi-temporal, India

Nearest Neighbor Landsat, Malawi Not reported [76]
OBIA
Landsat/MODIS/Google Earth, Trimble eCognition (77]
Object Based RF Time Series, USA Developer
Landsat, Time Series, Brazil GEE [78]
Gaofen (GF-1)/Ziyuan
Knowledge Expert rule (ZY-3)/ASTER-GDEM, China Not reported [79]
Based
Expert-Knowledge WorldView-2, Multitemporal. Italy Not reported [80]

ML-Maximum Likelihood; MKNN-Modified k-nearest Neighbors; TEP-Thematic Exploitation Platform; SMCF-Superpixel and
Multi-Classifier Fusion; MESMA-Multiple Endmember Spectral Mixture Analysis; APEX-Airborne Prism Experiment; LSMA-
Linear Spectral Mixture Analysis; NN-Nearest Neighbor; GEE-Google Earth Engine. Source: Authors (2021).

(AI) models that can help increase automation or optimize the operational effi-
ciency of sophisticated systems such as robotics, autonomous driving tasks, man-
ufacturing and supply chain logistics [82].

Classification methods in ML can be Binary, which refers to the classification
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tasks having two class labels such as “true or yes and false or no”; multiclass—
which refers to those classification tasks having more than two class labels; and
multi-label—which represent the generalization of multiclass classification, where
the classes involved in the problem are hierarchically structured, and each ex-
ample may simultaneously belong to more than one class in each hierarchical
level [82] [83].

Several works on land use and land cover mapping using machine learning
classifiers have been carried out [3] [6] [21] [56] [84]—Classification and Re-
gression Trees (CART), Random Forest (RF), kNearest Neighbor (k-NN), Sup-
port Vector Machine (SVM), Artificial Neural Network (ANN), Multinomial Lo-
gistic Regression (MLR), C5.0, J48 (Decision Tree) have shown more efficient
compared to conventional ones.

According to Shetty [21], while some of these classifiers such as SVM find a
subset of training data as support vectors by fitting a hyperplane that separates
twos classes in the best possible way, CART build simple decision tree from the
given training data, ANN follow a neural network pattern and build multiple
layer of nodes to passes input observations back and forth during the learning
process (Multi-Layer Perceptron) until it reaches a termination condition, RF
uses random subset of training data to construct multiple decision trees. Figure
4 and Figure 5 illustrate respectively some Machine Learning Methods hig-

hlighting supervised learning and machine learning workflow.

Machine Learning
Methods

v

v v v

Reinforcement Semi-supervised Unsupervised Supervised
Learning Learning Learning Learning
Negative Positive Unlabeled and Unlabeled i l
(Penalty) (reward) Labeled Data Data Target Var. Target var.
(Continuous) (Discrete)

Classification =| Clustering ‘ ¢

| Regression | Classification

[owere Joo (———— !

Logic Statistical Perceptron Instant SVM

Learning Set N .
of rules Naive Bayes Bayesian K-Nearest
( ) Classifier Network Neighbor (KNN)
Decision Sinale L
S ingle Layer |<4—

Multi-Layer |[€—

RBF Network [€—

Figure 4. Machine learning methods highlighting some supervised learning techniques in gray. Source: Authors (2021).
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STEP 01
Data acquisition
from different
sources

STEP 02
Clearing data to

Machine Learning
Flow ave homogeneit;

STEP 04
Gaining insights
from results of
the model

STEP 03
Model building -
electing the right
ML algorithm

[

STEP 05
Data visualization -
ransforming results
into visual graphics

Figure 5. A machine learning workflow. Source: Authors (2022) created in
https://www.canva.com/.

They register improvements of 10% to 20% higher accuracy when confronted
with complex data related to large areas [46]. The success of the classifiers for
the theme is due to their unlimited assumptions of parametric statistics, and
therefore, more suitable for: 1) analyzing multimodal, noisy and/or absent data;
2) analyze combinations of categorical and continuous auxiliary data; 3) reduc-
tion of pre-processing steps required in traditional approaches; 4) performance
in cloud computing environments, such as Google Earth Engine (GEE).

GEE is a cloud-based platform with multiple petabytes which provides parallel
computing and data catalog services for geospatial analysis on a planetary scale
[5] [85]. The calculations are automatically parallelized, and data sets ready for
public use. The calculations come from several geospatial data development
agencies, such as the United States Geological Survey (USGS) and the European
Space Agency (ESA), reflection data sets from Landsat surface to Sentinel data
sets, various global land cover data, climate data sets, among others. It provides
several integrated methods that support pre-processing images, in addition to
having a repository of vast functions, such as masks, logical operators, sampling
data, etc., and they perform various operations on images and vectors [21].

An example of machine learning applications can be found in Li et al. [86], ar-
ticle published in Remote Sensing Journal. In this article, it’s proposed to gener-
ate a land cover map of the whole African continent at 10 m resolution utilizing
machine learning algorithms, and multi-source data in the GEE platform. A
workflow designed for on it is shown in Figure 6 where it’s highlighted the 5

steps of machine learning workflow.
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Sentinel-2 Landsat-8 GHSL SRTM Reference samples repository
Cloud masking Sampling and balance
Feature calculation
(NDVI, NDBI, MNDWI)
Resampling

10-m multi-source data composite Evaluation samples
(time span 1, time span 2, time span 3

Selection of inpuf configuration
v

Data input selection

.

Random forest classifier Training samples

Random forest classifier
African Land cover map FROM-GLC 10 product

Visual comparison

City-wise hold out cross validation Sample-wise cross validation

African Land cover map

Figure 6. Flowchart of the proposed framework highlighting the machine learning workflow steps. Source: Li et al
[86]. Edited by authors.

DOI: 10.4236/jgis.2022.141001 15 Journal of Geographic Information System


https://doi.org/10.4236/jgis.2022.141001

L. S. Macarringue et al.

Through this study it was possible to generate a map of land cover of all Afri-
ca, obtaining an accuracy of 81% for 5 classes, which is relatively superior to the
existing 10 m land cover product (e.g., FROM-GLC10) in detecting urban class
in city areas and identifying the boundaries between trees and low plants in rural
areas. Part of the results of this study are shown in Figure 7 (more details can be

found in the original article).

3.3. Time Series/Multi-Temporal, Multi-Scale /Multi-Source

Time series of medium spatial resolution optical data present significant results
compared to a single scene. It presents high capacity to characterize environ-
mental phenomena describing trends, as well as discrete events of change in cha-
racterization and identification of nature changes in land use and land cover [51]
[87] [88].

3y

-).' 738 ) ; " . ;
(a) Casablanca (Google Earth imagery) (b) Casablanca (Land cover map)

.

(g) Niamey (Google Earth imagery) (h) Niamey (Land cover map)
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= water

Figure 7. Visual results of experiments of “city-wise holdout cross validation” in A and
Visual mapping results of the whole continent of Africa in B. Source: Li et al. [86]. Edited
in https://www.canva.com/.

Landsat data is considered the appropriate/standard to classify land use and
land cover changes [55], due to its spatial resolution (30 m), temporal (16/8
days), covered area (185 x 185 km), rigorous calibration, and consistency in the
radiometry of sensors (TM/ETM+/OLI).

For Chi et al [20] traditionally, data fusion can be carried out in terms of pix-
el-level fusion, feature-level fusion, and decision-level fusion. However, big data
in remote sensing usually comprise different scales and/or formats.

According to Huang and Wang [11] Big Spatial Data (BSD) can integrate data
from various sources, providing a more comprehensive picture and when doing
so, a huge amount of data is pulled from different formats, devices or systems
and given a geographic context to facilitate building a complete picture or analy-
sis, but it’s important to wonder how to integrate the data from various sources,
where data features are significantly different (e.g., spectral signatures in optical
remote sensing data, electromagnetic radiation in microwave data, structural fea-
tures of texts, unstructured features of images by a digital camera, etc.).

The use of multi-source data, also provides land use and land cover mapping,
and improve classification accuracy [6] [23] [54] [86] by collecting samples with
high resolution sensors and fusing different sensor products (optical/optical or
optical/radar) allowing clear target differentiation.

In this regard, Hime ef al [70] used the Hierarchical Clustering method to
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detect and identify changes in land cover using paired data Sentinel-2/Sentinel-2,
Landsat-8/Sentinel-2, and Sentinel-2/ALOS 2 PALSAR in an area of 12,372 km’
in Finland. Joshi ef al [89] reviewed 112 studies on fusing optical and radar data,
which offer unique spectral and structural information, for land cover and use
assessments were they assessed advantages of fusion for land use analysis in 32
studies, and a large majority (28 studies) concluded that fusion improved results
compared to using single data sources. MateoGarcia ef al [90] proposed and
implemented a methodology to mask clouds (Cloud Mask) using GEE to map a
type of biome based on data from OLI/Landsat-8. The algorithms used (FMask
and ACCA), showed relevant quantitative performance, improving from 4% to
5% in classification accuracy, and 3% to 10% in commission errors. Adamo et al.

[80], Samal and Gedam [75] present others applications.

3.4. Validation and Accuracy Assessment

Monitoring and managing the territory requires accurate information on land
cover. Attempts to obtain accurate land use and land cover maps will always ac-
company professionals in the area [21]. The validation of land cover products is
essential to show the quality of remote sensing products for decision making.
Evaluating and reporting with appropriate information metrics is essential for
the community of users [46]. Thus, factors such as size and quality of training
samples, thematic accuracy, choice of classifier, and the size of study area affect
the accuracy of classified maps [13] [14] [21] [91].

Comprehending these factors aids to find the appropriate accuracy classifica-
tion for a given problem studied [21]. Selecting samples must comply with sta-
tistical criteria, such as the type and method of sampling. Mastella and Vieira
[56], Shetty [21] states that in remote sensing, simple and stratified random sam-
pling are largely used, with most validation indexes based on simple random.
However, authors who employ and recommend systematic sampling methods to
study land use and land cover, due to their accurate results, despite the absence
of an unbiased estimate of the variance [21].

Accuracy assessment is the key component to have maps with remote sensing
data, as it supports evaluating the performance of various classifiers and the ef-
fect of sampling [6]. The literature recommends the inclusion of an error or con-
fusion matrix [13] [14] to assist the identification of confusion between classes, as
well as potential sources of error [21] [46] [56]. Furthermore, quantitative me-
trics derived from confusion matrix provide significant support, such as global
accuracy, which expresses how close the classified map is to the original, as well
as weighted metrics (producer accuracy and user accuracy, Kappa index, Tau,

statistical Z, among others) by area and confidence intervals.

4. Future Perspectives and Challenges

The world has experienced a remarkable and rapid advance in the field of re-

mote sensing, acquisition of geospatial information and mapping. Cloud archi-
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tectures, open-source software, creative image processing developers, and a mar-
ket eager to integrate data sets based on Earth observation and location to verify
assumptions and predict trends continue to drive the industry.

In 2005, The Global Earth Observation System of Systems (GEOSS) was created,
and a new era started for the geotechnologies and remote sensing. The new tech-
nological advances have been characterized by the flow of information, interna-
tional cooperation, interconnection between current and future observation sys-
tems with impacts on cost reduction in the generation of remote sensing and
geoprocessing products. It has revolutionized the ability to study and manage
our planet [92].

The reuse of rockets, the launch of multiple satellites from a mission, the use
of low orbits in the constellations of the satellites [15] are successful examples
that have revolutionized the space sciences.

NASA and ESA developed the Landsat-8 and Sentinel2 (HLS) data harmoni-
zation project, whose objective was to provide a single data from the 2 satellites
with a temporal resolution of 3 to 5 days depending on latitude.

According to Aubrecht [93], the efforts presented here, associated with the
improved combined use of new types of space-based data with data from dy-
namic networks of sensors in situ, and the policies of free data distribution high-
lights an inevitable path towards to dynamic (almost) real-time monitoring, es-
pecially in application domains involving social and population activities. In ad-
ditional, states that the benefits of the new trend are obtaining a substantially
high spatio-temporal resolution capable of monitoring living species. Table 5
summarizes some progress achieved in the scope of production and processing
spatial data for distinct purposes.

Although all this scenario seen above, the challenges of remote sensing persist,
some of them are rolled below:

1) Allocate sensors with every high resolution, in a single platform since the
LULC characteristics occur at finer spatial scales compared to the resolution of
primary remote sensing satellites.

2) Improve MLAs based on the sub-pixel in order to attenuate the spectral
mixtures of the LULC-related targets, especially in regions with very fragmented
uses and coverage.

3) Definition of the number of samples: according to the Shetty [21], due to
the small number of training samples and the diversity of the spatial and spectral
distributions of land covers, the existing spectral classification methods and spec-
tral-spatial classification methods usually perform better for certain land cover
types and relatively worse for others.

4) Understaffed qualified personnel associated with the financial, political and
economic constraints can be considered as a challenge in the developing coun-
tries. According to Cerbaro et al. [94], these could limit the capacity of institu-
tions to develop the qualified personnel and infrastructure to benefit from the
acknowledged gains that EO data and information can bring to their environ-

mental and sustainability management roles.
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Table 5. Some progress achieved in the scope of production and processing spatial data.

Time series Initiatives

2005 GEOSS initiative

Events
Interconnecting existing and future Earth observation systems.
Reduces costs, promotes international cooperation and serves the public good.

One user may require many data sets, while one data set may serve many users.

EO Open-data

INPE becomes a pioneer by making CBERS-2 images available free of charge from 2004.

In 2008, the USGS adopted a free and open Landsat data policy which led to a

2004-2013 initiatives substantial increase in the use of Landsat data.
(INPE/NASA/ESA) ESA’s Sentinel-2 data product become publicly available at no cost through accessible
web portals.
Planet Labs Inc. operates a constellation of more than 100 cubes (doves) to capture daily
Commercial high-resolution images (3 - 5 m).
microsatellite
constellations The TripleSat/DMC3 Constellation successfully launched in 2015 which makes it

possible to target anywhere on earth once per day.

Rockets Reuse

Last decade (2nd

Launching multiple satellites from one mission, and the use of low orbit in the
constellations of the satellites.

Rocket reuse by Space X in 2017, with the possibility of simultaneously launching many
satellites.

millennium)
Spatial Data

Infrastructure (SDI)

Developments.

Harmonized
Landsat 8 and
Sentinel-2 (HLS)

Functionalities for big EO data management, storage and access.

Provide a more complete solution for big EO data management and analysis by
integrating different kinds of technologies.

Application Programming Interfaces (API) and web services.
Global observations of the land every 2-3 days at moderate (<30 m) spatial resolution.

Uses a set of algorithms to obtain seamless products from OLI and MSI: atmospheric
correction, cloud and cloud-shadow masking, spatial co-registration and common
gridding, illumination and view angle normalization and spectral band pass adjustment.

Source: Authors (2021).

In general, the possibility of using all the data simultaneously, combine all
available information about the areas studied regardless of their media and take
advantage of complementarity of heterogeneous methods; opportunity of new
kinds of analysis and incremental new methods; need to strengthen the links
between geographer and computer scientists; use of unsupervised (or guided)
approaches and rethink the algorithms; define algorithm and method able to
take into account error/inaccuracies in data and so does in knowledge; remain
the remote sensing challenges. More details, on a systematized way of these and
other challenges can be found in Nedd et a/. [48].

5. Conclusions

The present study aimed to address the advances achieved in the field of acquisi-
tion and processing of remotely sensed data for the purpose of land use and land

cover mapping. Advances in data acquisition techniques were presented, such as
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reusing satellite and rocket launch bases; software and algorithms to treat spatial
data, as well as approaches for processing such data. Several approaches were
developed due to the limitations presented by each one, as well as the algo-
rithms. Thus, it has been proposed to use sub-pixel learning algorithms to solve
problems with mixed pixels found in the pixel-based approach, since they disin-
tegrate the pixel spectrum into its constituent spectra.

Relatively to Big Data, cloud processing using platforms, such as GEE is pro-
posed and recommended. However, since it is not possible to find a universal
approach for data processing on land use and cover, due to, the classification
systems which, for example, incorporate remotely sensed data and land observa-
tions as an essential function for analysis and assessment of land use and land
cover maps, several studies point to hybrid or improved approaches, because
there are certain classes, little highlighted using a certain technique.

The world is interconnected, joining synergies in order to find solutions to the
challenges proposed, such as the combined improved use of new types of space-
based data from dynamic sensor networks in situ, making essential updates.
Nevertheless, issues related to multisource, multi-temporal and multilevel analy-

sis, robustness and quality, scalability, remain challenging the remote sensing.
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