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Artificial Intelligence is an emerging technology in the field of agriculture. Artificial Intelligence-based tools and equipment have
actually taken the agriculture sector to a different level. 'is new technology has improved crop production and enhanced
instantaneous monitoring, processing, and collection. 'e most recent computerized structures using remote sensing and drones
have made a significant contribution to the agro-based domain. Moreover, remote sensing has the capability to support the
development of farming applications with the aim of facing this main defy, via giving cyclic records on yield status during studied
periods at diverse degrees and for diverse parameters. Various hi-tech, computer-supported structures are created to determine
different central factors such as plant detection, yield recognition, crop quality, and several other methods.'is paper includes the
techniques employed for the analysis of collected information in order to enhance the productivity, forecast eventual threats, and
reduce the task load on cultivators.

1. Introduction

Actually, in the agricultural sector, various agricultural
producers are fighting to deal with the dangers and risks
posed by the usage of pesticides in their crops to combat
pests and other illnesses. All these components combine and
present the farmers with a new challenge. Since agriculture
relies on natural forces for most of its produce and rain
uncertainties, every year, farmers are placed under great
pressure because of a shortage of available employees, and
the increasing desire to achieve greater yields [1].'is means
that agriculture needs to expand substantially in the coming
years, and farm efficiency needs to be doubled virtually so
that ranchers can achieve their objectives. 'e automation
industry in agriculture remains at the forefront of the rising
issues and concerns worldwide. 'e population is increasing
enormously and the need for food and jobs is expanding

with this increase. Presently, farmers’ traditional methods
are not able to satisfy these purposes. Consequently, modern
automated procedures have been implemented to make
things simpler and more successful [2]. For various tech-
nological developments, artificial intelligence can be applied
in agriculture. 'ese include consultancy services for arti-
ficial intelligence, data analysis, the Internet, the use of
cameras and other sensors, etc. Artificial Intelligence in
agriculture will become sufficiently competent to offer im-
proved, predicted insights by studying the various sources of
data, such as weather, terrain, crop productivity, and tem-
perature [3]. Such artificial intelligence-powered technology
can assist the farming sector to make greater crops in the
food supply chain and enhance a broad range of agricultural
chores. 'ese new approaches have helped to boost food
requirements and have supplied billions of individuals
throughout the system with work opportunities. 'e

Hindawi
Journal of Food Quality
Volume 2021, Article ID 6242288, 17 pages
https://doi.org/10.1155/2021/6242288

mailto:1karimennouri1@gmail.com
https://orcid.org/0000-0001-6469-6455
https://orcid.org/0000-0002-8839-7377
https://orcid.org/0000-0001-9449-8513
https://orcid.org/0000-0001-7477-6803
https://orcid.org/0000-0002-6884-9305
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/6242288


application of artificial intelligence in agriculture has
defended crop productivity from several causes (such as
population expansion and climate change). In the agricul-
tural sector, there are key challenges:

(i) Every day, the decision to prepare soil, seeds, and
harvest is increasingly challenging for farmers.
Agriculture is strongly related to the variation of
different climate elements such as temperature,
precipitation, and moisture. 'e increase in pol-
lution and degradation also leads to climate change
[4]. For farmers, it is a great issue.

(ii) Each plant requires precise soil nourishment.
Phosphorous, potassium, and nitrogen are the three
basic nutrients needed in soil. 'e lack of any of
these elements can result in poor crop productivity
[5].

(iii) Protection of plants or weeds is also an important
function. It may result in an increase in costs in
addition to absorbing soil nutrients, which, if not
regulated, leads to a lack of nutrition in the soil [6].

Although many applications in agriculture are available,
there is still limited knowledge about the latest technology
worldwide. Artificial Intelligence supports various segments
to improve yield and effectiveness. Artificial Intelligence
results are helping to surmount the conventional difficulties
in each domain. Similarly, Artificial Intelligence in agri-
culture assists cultivators to increase their proficiency and
decrease natural unfriendly effects [7]. 'e farming business
transparently grasped Artificial Intelligence into their
training to modify the general result. Artificial Intelligence is
assisting ranchers in staying up to date with climate pre-
dicting information in a propelled manner. 'e forecasted
information assists ranchers with expanding production and
benefits without hazarding the harvest [8]. 'e examination
of produced information assists the ranchers to avoid po-
tential risk by comprehension and learning with Artificial
Intelligence [9]. Actualizing such an exercise assists to
formulate a smart assessment on reasonable delay.

Moreover, using Artificial Intelligence is an effective
method to distinguish potential imperfections and compo-
nent deficits in soil. With the picture identification approach,
Artificial Intelligence recognizes potential imperfections
through pictures caught by the camera [10]. Deep learning
appliances are being developed with the assistance of Artificial
Intelligence to investigate vegetation models in agriculture.
Such Artificial Intelligence-enabled appliances are helpful in
understanding ground deficiencies, plant nuisances, and ill-
nesses [11]. Ranchers can utilize Artificial Intelligence to
supervise weeds through executing computer visualization,
robotic technology, and machine learning [12]. With the
assistance of Artificial Intelligence, information is assembled
to keep verification records on weeds, which aid the ranchers
to use pesticides exactly where the plants are located [13].'is
diminished the use of the synthetic product splash in a desired
sector [14]. As a result, Artificial Intelligence reduces her-
bicide use in the area relative to the amount of synthetic
substances regularly sprayed [15].

Remote sensing has distinctive benefits over other types
of ecological measurement techniques [16]. 'ese advan-
tages include the ability to evaluate factors and ground/land
characteristics without having a direct connection to the
region of study; the ability to build remote observances,
thereby avoiding risks for the user and lowering field
measurement fees; and the ability to return at any time and
perform repeated data study progresses for the purposes of
observing and conditioning evaluations [17]. 'e domains
related to remote sensing are numerous: marine, risk as-
sessments, and natural resource supervision. Technology is
continuously progressing and offers the foundation for
abundant amounts of innovation and development.

Remote sensing refers to the identification of electro-
magnetic power from a given surface with the assistance of
satellites or airplanes [18]. Spectral detectors can be sepa-
rated into two categories relying upon the quantity of
wavebands with which they evaluate spectral reflectance: (a)
multispectral detectors, which get the reflectance data in
limited (from 3 to 10) broad wavebands only in the per-
ceptible and near-infrared spectral zones (from 400 to
1100 nm) with small impact of atmospheric dispersing [19]
and (b) hyperspectral detectors, which obtain the reflectance
data virtually incessantly (numerous hundred wavebands) in
the perceptible to infrared spectral zone of the electro-
magnetic range (from 400 to 2500 nm).

'e improvement of novel technologies, for example,
high spatial and hyperspectral detectors, made it important
to build up an assortment of new techniques, for example,
multivariate statistical techniques, to explore this kind of
information [20].

2. Applications of Modern
Technologies in Agriculture

Like many industries, agriculture has profited from the
effects of technology. Farmers rely on information tech-
nology for a variety of tasks, not just farm management.
Indeed, the way farmers manage crops and livestock has
been altered by information technology [21].

Farmers may employ Cloud computing to improve the
management of their crops and businesses. 'ey may de-
velop budgets and operating schedules based on their
production plans using some of these programmes. Work
plans can be drawn up and progress tracked in relation to the
weather prediction. Machine activities and production may
be measured with the use of mobile task management
systems and data integration techniques [22].

Furthermore, Radio Frequency Identification (RFID) is
the technology used for agricultural tracking and security.
Livestock, for example, may be tracked using RFID-enabled
“livestock tracking tags.” 'is can be beneficial for tracking
cattle on a daily basis, as well as for health monitoring and
preserving a database of each animal’s health history. Fur-
thermore, through its security tagging, this technology aids
in the reduction of counterfeiting/impure food shipments
during crop shipping, particularly certified organic crops
[23].
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Besides, precision agriculture contains a variety of tools,
including data analytics.'is is known as “smart farming,” and
it is now being used by many food producers to reduce costs
and boost yields. 'e following describes how it works: Crop
yields, fertiliser applications, soil mapping, weather events, and
animal health are among the data that farm offices gather. Even
small producers may collect data from a variety of sources to
aid in decision-making that will help them reduce expenses and
enhance yields.'e use of water sensors, which may be used to
plan future crops and water use, is of great importance here.
'is is especially beneficial in drought regions [24].

'e introduction of Artificial Intelligence algorithms in
cultivated areas as well as in farming products has been
advanced in agriculture. Cognitive information technology in
agriculture has become inventive, knowledgeable, and effi-
cient. Artificial Intelligence can also help producers to esti-
mate needs via providing data such as the trends of historical
data in food commodities, regional main food preferences,
etc. [25]. 'e Artificial Intelligence scope in farming is large
and can serve, for example, in the pesticide spraying via
sensors and other devices installed in drones and robots.
'ese technologies contribute to preventing the overuse of
pesticides, water, and herbicides; maintain soil fertility; and, at
the same time, increase personnel productivity and efficiency
while improving quality [26]. Artificial Intelligence-powered
solutions present many benefits for the agricultural sector.

2.1. Environmental Challenge Management Using Weather
Forecasting. In the increasing domain of precision agri-
culture, weather data play an essential function, as an ag-
ricultural technique that assists control and precise
cultivation. Nevertheless, Artificial Intelligence-powered
systems and information employ smart resource allocation,
which helps farmers to negotiate shifts under changing
environmental conditions, as a result of many environ-
mental issues, such as climate change and other risks to
agricultural productivity [27].

2.2. Surveillance System for Soil and Crops. With new so-
lutions and the installation of Internet of 'ings (IoT)
sensors on farmland, ranchers can immediately detect the
moisture content of the soil and know its chemical structure
and composition. 'ese implanted sensors can be adjusted
so that farmers are automatically informed of insufficient
soil content of substances such as potassium, nitrogen,
phosphorus, or humidity [28]. Remote sensing com-
plemented by a 3D laser scan also helps to provide agri-
cultural land plant metrics that ensure crops are grown
according to the correct soil conditions. Drones additionally
play a major role in identifying and quantifying agricultural
health issues sooner via offering significant insights into
improving production and minimising input costs with
professional multispectral cameras and sensors [29].

2.3. Farming and Predictive Analysis. Predictive analysis by
using innovations acquires the facts and information nec-
essary to decide how production may be improved and to

take all corrective measures to attain the objective. Smart
agriculture, on the other hand, includes a range of strategies
and skills that allow farmers to maximise the yield and
improve soil fertility. When using these technologies, it
becomes possible to interfere properly at the correct time, in
the correct location, in order to respond with excellent
precision to the specific needs of individual crops and dif-
ferent sections of the farm [30].

2.4. Artificial Intelligence-Enabled System for Agricultural
Data Evaluation and Insect Detection. By applying Artificial
Intelligence in agriculture, producers can now evaluate a
number of things in real time. Sensors can detect the
emergence of insects in their territories, and the sensors can
determine what sort of insects they are. It quits and does
nothing if it is a helpful or neutral insect. However, it
provides information from the Cloud if it is a significant pest
or a deadly disease. 'e Artificial Intelligence-driven solu-
tions therefore enable producers to optimise their plans to
generate greater returns through adequate use of resources,
management of crop selection, and much more [31].

2.5. Adequate Irrigation and Sustainable Farming. 'e
growing demand for food has led to farmers improving their
productivity by using various techniques, resulting in soil
abuse. Increasing returns over time reduces land quality,
which generates too low returns to pay even for seeds. Ir-
rigation is a process that is human-intensive. Different
automated systems may now influence Artificial Intelligence
and machinery to evaluate soil fertility, historical weather
patterns, and seed quality to help farmers manage their water
supplies effectively [32]. 'rough seeding the optimum-
planting crop, minimising water waste, and enhancing
yields, the use of Cognitive IoT solutions can contribute to
enhancing water management.

3. Application of Remote Sensing in Agriculture
and Vegetation Inventory

Strategies utilized for investigating vegetation characteristics
with remote detecting can be separated into physical
techniques, empirical techniques, and a combination of both
[33]. Generally, physical techniques are founded on the
radiative exchange hypothesis, and they reproduce plant-
light connections with the assistance of simulation designs
[34]. Empirical techniques depend on the statistical con-
nection involving in situ estimated vegetation properties and
the vegetation reflectance data [35].

Generally speaking, an applied methodology for dis-
covering empirical connections between vegetation char-
acteristics and spectral reflectance includes joining the
reflectance data of at least two individual spectral wavebands
to deduct an indicator called vegetation index (VI). For
example, the Normalized Difference Vegetation Index
(NDVI) utilizes the data from the reduced reflectance in the
red region and elevated reflectance in the near infrared
region [36]. NDVI has been utilized for many years to gauge
different vegetation factors; for example, biomass and yield,
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from restricted to exhaustive degrees [37, 38]. Likewise,
physically based vegetation indicators identified with veg-
etation biophysical characteristics have been built up [39].
Table 1 presents the principal remote sensing vegetation
indicators used in the remote estimation of crop vegetation.

Among these indices, the Enhanced Vegetation Index
(EVI) is similar to the Normalized Difference Vegetation
Index (NDVI) and can be used to quantify vegetation
greenness [52, 53]. However, EVI corrects for some at-
mospheric conditions, canopy background noise, and is
more sensitive in areas with dense vegetation. In addition,
the Soil Adjusted Vegetation Index (SAVI) is structured
similar to the NDVI but with the addition of a soil
brightness correction factor [54]. Moreover, the NDRE
(Normalized Difference Red Edge) is an index that can only
be formulated when the Red edge band is available in a
sensor. It is sensitive to chlorophyll content in leaves (how
green a leaf appears), variability in leaf area, and soil
background effects [55].

Another strategy includes mixing numerous spectral
wavebands into a unique empirical prototype utilizing
multivariate statistical methods [56, 57]. 'e empirical
designs can be additionally separated into linear (for ex-
ample, partial least squares regression) and nonlinear (for
example, support-vector machines) designs.

Empirical techniques are computationally rapid and
recapitulate local information efficiently; however, they also
have some weaknesses [58]. 'ese processes frequently lack
cause-and-effect relationships, making it more difficult to
move a design to a new location, study it at a different time,
or even to a different spectral detector without systematically
recalibrating it. 'e restrictions of empirical techniques can
be partially overcome by utilizing physical techniques [59].
Nevertheless, physical techniques are computer-intensive,

occasionally necessitate several input variables for calibra-
tion, and need rigorous parameterisation before they can be
employed [60].

4. Earth Observation Satellite Systems

Globe inspection satellites fluctuate in accordance with their
orbit, and from the position of the imaging device, the
information categories, spectral traits, and the swath size of
detectors [61].'ese variables are set at the start of operation
and are part of the satellite’s installation. For instance, with
the aim of observing the weather conditions at a big scale
and elevated frequency, it is suitable for a satellite to be on a
geostationary trajectory. Nevertheless, as the trajectory is a
significant length above the globe, it is complicated to attain
an elevated spatial resolution. On the other hand, for ap-
pliances such as the passing of clouds over land, an elevated
spatial resolution is not needed [62].

An elevated spatial resolution device would be required
for projects that require high-resolution images of a specific
region, such as the observation of a glacier river or the
inspection of structures damaged by a natural disaster [63].
Such a detector would usually have a thin swath and be on an
orbiter at Low Earth Orbit (like, for example, the QuickBird
satellite). In such an orbit, it is not feasible to observe
constantly the identical district, due to the continuous
movement of the satellite around the globe [64]. Pictures can
just be obtained on the satellite. For instance, moderate-
resolution Imaging Spectroradiometer (MODIS) pictures
have been employed to plot water bodies at general and local
levels. For local tasks, pictures supplied via the Enhanced
'ematic Mapper Plus (ETM+), the 'ematic Mapper
(TM), and the Operational Land Imager (OLI) from Landsat
satellite series are extensively employed [65].

Table 1: Remote estimation of crop fractional vegetation covers: the main remote sensing vegetation indicators.

Application Symbol Name Formula Reference

Assessment of the general state of
vegetation

TVI Triangular Vegetation Index TVI� 0.5× [120× (R750−R550)−

200× (R670−R550)] [40]

GNDVI Green Normalized Difference
Vegetation Index GNDVI� (R860−R550)/(R860 +R550) [41]

Assessment of the amount of
photosynthesis

REPI Red Edge Position Index REPI� 700 + 40× {[(R670 +R780)/2−R700]/
(R740−R700)} [42]

CTR2 Carter CTR2�R695/R760 [43]

Assessment of nitrogen content NDNI Normalized Difference
Nitrogen Index

NDNI� [LOG(1/R1510)− LOG(1/R1680)]/
[LOG(1/R1510) + LOG(1/R1680)] [44]

Assessment of the amount of light
used in photosynthesis

PRI Photochemical Reflectance
Index PRI� (R531−R570)/(R531 +R570) [45]

ZMI Zarco-Tejada and Miller
Index ZMI�R750/R710 [46]

Assessment of the amount of dry
biomass

PSRI Plant Senescence Reflectance
Index PSRI� (R680−R500)/R750 [47]

NDLI Normalized Difference Lignin
Index

NDLI� [LOG(1/R1754)− LOG(1/R1680)]/
[LOG(1/R1754) + LOG(1/R1680)] [44]

CAI Cellulose Absorption Index CAI� [0.5× (R2000 +R2200)]−R2100 [48]

Assessment of water content

WBI Water Band Index WBI�R970/R900 [49]

NDWI Normalized Difference Water
Index NDWI� (R857−R1241)/(R857 +R1241) [50]

DSWI Disease water stress Index DSWI� (R802 +R547)/(R1657 +R682) [51]
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Hui et al. [66] designed, using multi-temporal Landsat
TM and ETM+pictures, the temporal and spatial modifi-
cations of a studied Lake. OLI pictures were employed by Du
et al. [67] to remove water body charts in subareas. While
evaluated with MODIS, the Landsat TM, ETM+, and OLI
pictures have much greater spatial resolutions (30 meters)
and can extract entities with higher aspect and precision.
Table 2 shows principal spectral properties of Landsat TM/
ETM.

Nevertheless, spatial resolution pictures of Landsat are
still insufficiently elevated to recognize satisfactorily little-
sized masses [68]. Trade satellite structures, such as IKO-
NOS, SPOT6, SPOT7, and Quick-bird, allow these small
entities and bodies to be plotted, though they can be
expensive.

Besides, the European Space Agency initiated a novel
satellite technology with elevated optical spatial resolution,
identified as Sentinel 2 at the end of June 2015. 'is satellite
can offer automatic and general previews of detailed spatial
resolution and multispectral pictures with an elevated
temporal motion, satisfying the needs of the following
genesis of functional products, like for example, soil cover
plots, ground cover detection plots, and transformation as
well as geophysical attributes [69, 70]. 'e Sentinel-2 pic-
tures have the possibility of representing an immense im-
portance for local mapmaking of entities, according to its
interesting characteristics (such as the spatial resolution of
ten meters for 4 different bands and the ten days of fre-
quency expedition) and accessible free records.'e Sentinel-
2 multispectral picture has third-teen bands, in which four
bands (blue, red, green, and near infrared) have a spatial
resolution of ten meters and six bands have a spatial res-
olution of twenty meters. Figure 1 illustrates the geospatial
analytics process.

4.1. 7e Electromagnetic Spectrum. Electromagnetic radia-
tion could be described as the power that moves with the
rapidity of brightness in a harmonic wave model. Visible
brightness is only one class of electromagnetic radiation;
other categories comprise radio signals, gamma rays, as well
as infrared rays. All of these include the electromagnetic
spectrum; the diverse types of electromagnetic radiation
differ across the electromagnetic range regarding frequency
and wavelength [72]. Wavelength can be defined as the
length involving the positions in two wave successions,
whereas frequency is described as the amount of wave se-
quences delivering the identical point in a specified time
phase (1 cycle per s� 1 Hertz, or Hz). 'e numerical as-
sociation between frequency and wavelength is indicated via
the equation: S� wf, where w is the wavelength, f is the
frequency, and S is the brightness speed (which is constant at
300×103 km per second in a vacuum). Visible brightness
symbolizes just a small fraction of the electromagnetic
spectrum. It varies in wavelength starting with 3.9×10−7m
(violet) to 7.5×10−7m (red), and has corresponding fre-
quencies that vary beginning with 7.9×1014 to 4×1014.

In remote sensing, an instrument (i.e., sensor or scanner)
is attached to a satellite or aeroplane that collects data and

information concerning specific entities or districts on the
land. Generally, the data list the stage of electromagnetic
power that the objective has. 'e degree of the selected
geographic region is dependent on the captor’s scientific
requirements and the elevation of the navigation vehicle in
which it is equipped.When electromagnetic radiation comes
into contact with any object or material, such as water, trees,
or atmospheric gases, a variety of interactions can occur,
including the emission, reflection, scattering, or absorption
of electromagnetic radiation by the substance, or the dif-
fusion of electromagnetic radiation through the substance.
Usually, remote sensing is related to the data transcription
and recognition of returned and released electromagnetic
radiation. Each entity or matter has a specific release and/or
reflectance characteristic, jointly identified as its spectral
endorsement, which differentiates it from other entities and
matters. Remote detectors are adjusted to assemble these
spectral endorsements. Spectral records can be collected in
two configurations: analogical, as aerial photographs, or
digital configuration as two-dimensional matrix, or picture
compiled with pixels that accumulate electromagnetic ra-
diation rates collected by means of a satellite-fixed assort-
ment [73]. In addition, sensors can be divided into two
groups: active and passive sensors. 'e passive sensors, the
most known class of sensors currently in function globally,
study naturally happening electromagnetic radiation that is
either returned or released from districts and entities of
importance. Whereas active sensors, like microwave systems
such as radar, transmit artificial electromagnetic radiation
toward the elements of importance and subsequently reg-
ister what quantity of that electromagnetic radiation is
returned to the system [74].

4.2. Data Resolutions. A remotely sensed record is princi-
pally defined via four kinds of resolutions:

4.2.1. Temporal Resolution. 'e temporal resolution indi-
cates the revisiting frequency of a satellite detector for an
objective location.'e temporal resolution is associated with
numerous features, as well as swath overlap, satellite apti-
tudes, and latitude. 'e period of day or month has an
immense effect on satellite pictures [75]. Particular target
organisms can fluctuate quickly at any time, such as the
lunar time periods that influence the oceans, continuously
mounting and diminishing, or else fruit trees can lose their
leaves in winter involving a supplementary difficulty to
differentiate precisely green foliage.

4.2.2. Spectral Resolution. 'e detector’s spectral resolution
provides the quantity of spectral groups (red, blue, green,
near-infrared, mid-infrared, thermic, etc.) in which the
detector can register electromagnetic radiation. Neverthe-
less, the number of bands is not the unique basic attribute of
spectral resolution [76]. 'e band frequencies in the elec-
tromagnetic field are valuable. 'e sensibility of detectors to
unimportant modifications in electromagnetic power is
significant. 'e better the detector’s radiometric resolution,
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the more receptive it is in order to perceive low differences in
returned or released energy.

4.2.3. Spatial Resolution. 'e spatial resolution provides the
pixel measurements of satellite pictures representing the
globe’s surface. In aerial imagery, it is related to picture
characteristics and the stage at which small entities can be
identified within the picture [77]. 'e spatial resolution of
airborne images in white and black (only one band) ranges
from 40 to 800 row pairs per millimetre. 'e greater the
resolution of a sensing structure, the more efficiently the
draft of entities can be monitored on the soil. 'e spatial
resolution of a picture turns on:

(i) 'e picture dimension coefficient: spatial resolution
diminishes as the dimension coefficient rises

(ii) 'e amount of the optical structure
(iii) 'e type of assemblage of the photographic motion
(iv) 'e disparity of single entities and objects
(v) Atmospheric dissemination consequences: can

provoke lower resolution and contrast
(vi) Picture motion: the relative activity involving soil

and detector can provoke distortion

Moreover, it is important to note that the most un-
predictable feature is the atmosphere, which is hard to
predict and usually fluctuates [78].

4.2.4. Radiometric Resolution. 'e radiometric resolution is
defined as the quantity of data in one pixel and is determined
in bits. One bit of data indicates a binary decision of “no” or
“yes,” accompanied by a numeric value of 0 or else 1 [79].
White and Black pictures, called grayscale pictures, from
digital photographic devices are generally in 8 bits, with
estimation between 0 and 255 to designate the data. Col-
oured pictures often have three canals in 8 bits; every canal
has a specified value for blue, green, and red. Simultaneously,
they generate the viewed colour and the intensity of every
canal manages the darkness. It is a method of additive colour
merging.

As an example, a radiometric resolution of 11 signifies
that the pixel has 2048 (equivalent to 211) probable shades of
red, 12 bits symbolize 4096 (equivalent to 212) shades of red,
and 14 bits correspond to 16384 (equivalent to 214) shades of
red. While amplifying radiometric resolution results in a
larger interval for the pixel, this does not imply that it is the
best option.

5. Machine Learning in Remote Sensing

Firstly, machine learning techniques were employed in re-
mote sensing in the nineties. It was founded primarily on
remote sensing as a method to computerize cognition-based
construction. 'e work by Huang and Jensen [80] explained
how a cognition-foundation was built with minimum input
from users, and afterwards, decision trees were grown to
understand the commands from an individual input for the
specialist structure. 'ey concluded that machine learning-
assisted methodology provided greater precision when
compared to traditional techniques. Consequently, analo-
gous improvements in machine learning were made and
were rapidly approved as an essential instrument by remote
sensing experts and scientists. It is presently being employed
in a large assortment of varied tasks, from an unsupervised
satellite picture view categorization to the organization [81].

Table 2: Spectral properties and principal applications (example, in Landsat TM/ETM).

Band Wavelength (μm) Principal applications

B-1 0.45–0.52 (blue) 'is band is practical for mapping coastal water areas, differentiating between soil and vegetation, forest-
type mapping, and detecting cultural features.

B-2 0.52–0.60 (green) 'is band corresponds to the green reflectance of healthy vegetation. It is also practical for cultural feature
identification.

B-3 0.63–0.69 (red) 'is band is practical for discriminating between many plant species. It is also practical for determining
soil boundary and geological boundary delineations as well as cultural features.

B-4 0.76–0.90 (near-
infrared)

'is band is especially responsive to the amount of vegetation biomass present in a scene. It is practical for
crop identification and emphasizes soil/crop and land/water contrasts.

B-5 1.55–1.75 (mid-
infrared)

'is band is sensitive to the amount of water in plants, which is practical in crop drought studies and in
plant health analyses. 'is is also one of the few bands that can be used to discriminate between clouds,

snow, and ice.

B-6 10.4–12.5 (thermal
infrared)

'is band is practical for vegetation and crop stress detection, heat intensity, insecticide applications, and
for locating thermal pollution. It can also be used to locate geothermal activity.

B-7 2.08–2.35 (mid-
infrared)

'is band is important for the discrimination of geologic rock type and soil boundaries, as well as soil and
vegetation moisture content.

A

B B

D

C

E

G

F

Figure 1: 'e geo-spatial analytics process [71].

6 Journal of Food Quality



5.1. Machine Learning Categories. Machine learning can be
allocated to three types, as seen in Figure 2:

(i) Supervised machine learning: the machine learns
via labelled data. 'e prototype is prepared on
existing records before it begins formulating deci-
sions through the novel records. 'e output in
supervisedmachine learning is measured.'e target
variable can be continuous as Linear, Polynomial, or
Quadratic Regressions or categorical as Logistic
Regression, Support Vector Machine, Decision
Tree, Gradient Boosting, Bagging, Random forest,
etc. [82].

(ii) Unsupervised machine learning: the machine is
trained on nonlabelled data and with no suitable
control. It mechanically deduces models and as-
sociations in the records through constructing
clusters. 'e prototype learns by measurements and
presumed constructions in the records. Target is
absent as in principal component analysis, factor
analysis, etc. [83].

(iii) Reinforced learning: the prototype learns by means
of test and error technique. 'is type of learning
implies an operator that will interact with the en-
vironment to make reactions and subsequently
determine errors or reaction consequences [84].

'e distinction involving supervised and unsupervised
learning is present when employing supervised prototypes,
where the operator has constructed a preestablished marker
with a set of traits. While the unsupervised algorithm de-
duces the data set via information classification into various
categories constructed upon the connexion it has identified
among various data [85], reinforcement learning is quite
dissimilar.'e operator gives the algorithm a setting and the
algorithm formulates choices within that setting. It is
constantly enhancing itself with every decision supported by
the outcome of the previous decision.

5.2. Image Processing and Map Production. 'e process of
obtaining land surface data from remotely sensed records
depends on a succession of complex steps, for the reason that
radiance calculated via sensors (expressed in watt per m2)
does not permit for immediate inference of soil cover.
Previously, numerous functional cartographic structures
were established onmonitoring interactive ocular analysis of
some pictures obtained at particular periods of the year, and
principally depended on specialist explanation. Picture
processing devices have gradually sustained this way.

Any plan creation of ground cover includes a succession
of major operating stages. For every stage, numerous al-
gorithmic and theoretical options are feasible. Waldner et al.
[86] have exposed that crop mask precision differs more
from one farming district to another rather than from one
modern technique to another. Obviously, some techno-
logical selections might be more suitable than others.
Nevertheless, in the majority of situations, the quality and
amount of the remote sensing input and adjustment data set
participate in a significant function. 'e solution to

achievement is nearly the sufficiency of technological
choices chosen for the quality and quantity of input globe
inspection and in situ adjustment records, as well as in
relation to the site features to be plotted. Four major levels in
the territory cover sequence making might be recognized
noticeably: (1) picture segmentation; (2) characteristic ex-
traction; (3) categorization; and finally (4) postprocessing,
counting, filtering, and/or combination.

5.2.1. Picture Segmentation. 'e soil is divided into pixels
through satellite descriptions, while visual monitor analysis
defines standardized models. A picture raster composed of
pixels and a vector composed of objects are identified as the
two most important conceptual patterns established in order
to illustrate the spatial aspect of the globe. While the spatial
resolution is more or less than the dimension of the soil
cover components to be represented, ground cover data are
usually treated at the pixel degree and then the segmentation
stage is not required. For high-spatial-resolution captures
offering pixels much less important than the ground cover
components, the prototype of vector is generally desired and
the picture should be segmented into entities through
picture segmentation algorithms. Picture segmentation
collects adjoining pixels into spatially continuous entities in
accordance with the spectral traits and their spatial per-
spectives, with the objective of registering significant spa-
tially isolated ground entities and objects. 'e entity-based
principle is effectively adjusted to picture structure extrac-
tion, has essential appropriate information, and accepts
multiscale analysis because of hierarchical or multi-degree
segmentation [87]. From another point of view, this stage is
an additional origin of error when evaluated with the pixel-
based methodology. In fact, it is mainly suggested to work
with object-based categorization while the pixel dimension
is much less important than the landscape constituents.
Regularly, metric and decametric pictures are frequently
fragmented into objects, while hectometric-resolution pic-
tures are undeniably not fragmented. In unusual cases, pixel-
and object-based making of chains have been planned, and
interactive construction of ground cover plan is carried out
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Clustering/
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Classification/
regression/
estimation

Supervised
learning

Unsupervised
learning

Reinforcement
learning

Machine learning
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Support vector
machine
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networks

(iii)

(ii)

(i) K means
Gaussian
mixture model
Dirichlet
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Mixture model

(i)
(ii)

(iii)

(iv)

Q-learning
R-learning
TD learning(iii)
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(i)

Figure 2: Machine learning categories.
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[88]. Picture segmentation can be performed according two
different methodologies: the angle-based strategies, which
depend on a restricted recognition of edges, and the district
developing techniques, which distinguish spatial groups of
ordered pixels. One of the most known district-developing
calculations in remote sensing comprises the act of as-
sembling objects as long as the standardized variance of pixel
values within mixed object persists under a specified
threshold [89]. Besides spectral homogeneity, the mixing of
objects can likewise be controlled by object form, in order to
increase the coordination with spatial ground cover objects.

5.2.2. Attribute Extraction. 'e attribute extraction stage
entails estimating the most discriminant factors to be used as
contributions for categorization calculation from remote
sensing images or time cycles. 'ese attributes might be of
different natures: (1) spectral, such as multispectral reflec-
tance, or acquired indexes, such as the NDVI or some other
vegetation, chlorophyll, or soil indices; (2) temporal, such as
the lowest, highest, or amplitude of a variable over a specified
time epoch; (3) textural, such as local disparity, entropy, or
some other variable obtained from a co-occurrence matrix;
and (4) a spatial or relevant variable that is especially suitable
for the object-based methodology. Presently, three principal
procedures might be seen in the field of land cover plotting.
Firstly, usual methodologies depend fundamentally on
spectral traits and, eventually, some basic temporal traits
dependent on NDVI time arrangement, taking into account
that these are the origins of all other traits in any circum-
stance. Considering progressively high calculating perfor-
mances and the propagation of Artificial Intelligence
algorithms, numerous remote sensing experts presently
judge that “more is better” and depend on classification
calculations to choose the most discriminant ones. More-
over, information-based approaches intend to incorporate
external specialist cognition through structuring unarranged
attributes as indicated by the classification target and also via
holding just those attributes considered important as per
specialists’ principle [90].

5.2.3. Categorization. 'is stage comprises one or numerous
numerical steps to finally assign each pixel or object to one of
the classes of the ground cover configuration. 'e large
diversity of categorization algorithms can be divided into
two major groups: the supervised group, which utilizes a
training data set to align the algorithm a priori, and the
unsupervised group, which creates bunches of pixels to be
named a posteriori as soil cover category considering in situ
or auxiliary records. Currently, predicting steps of super-
vised categorization are extremely valuable. 'ey comprise
programmed cleaning of in situ training data set, or dynamic
learning to construct a more proficient training data set
through repeatedly increasing the effectiveness of the clas-
sifier design. 'e arrangement of techniques employed to
distinguish pictures in ground cover categories is continually
extending. A survey of these techniques was resumed by
Nitze et al. [91] and is incorporated as follows:

(1) Categorization Based on Maximum Likelihood. Until
lately, the Maximum Likelihood categorization technique
was considered as the most utilized approach for the su-
pervised categorization of remote sensor information [92].
'e Maximum Likelihood principle depends on probability.
In this methodology, preparing information is utilized to
explain statistically the target categories through their
multivariate probabilistic density capacities. Every density
capacity corresponds to the probability that the spectral
model of a class drops inside a specified district in multi-
dimensional spectral space. 'e spectral reference of every
pixel is subsequently allocated to the category of which it has
themost elevated probability of being an element [93], whilst
the essential benefit of the Maximum Likelihood approach is
the complete control that a user has over the soil cover
classes to be utilized in the last categorization. Its application
is constrained by its dependence on the Gaussian distri-
bution of input records, an assumption that is frequently
ignored when employing multitemporal records of nu-
merous spectral traits and multimodal distributions [94].
Furthermore, categorization through Maximum Likelihood
employs the equivalent set of traits for all categories and
needs an elevated number of calculations to categorize the
picture information totally. Especially, this is evident when
an elevated number of attributes is employed as input to the
categorization step, or where a large number of spectral
categories must be separated. In such cases, the usage of the
Maximum Likelihood classifier can be considerably faster
than other supervised categorization methods. 'e different
restrictions related to Maximum Likelihood categorization
convert into the dynamic improvement of new categori-
zation calculations for the field of remote sensing. Of these
novel techniques, artificial neural networks [95], support
vector machines [96], Decision Trees [97], and groups of
classification trees such as Random Forest [98] have shown
enormous hope.

(2) Artificial Neural Networks. 'e utilization of Artificial
Neural Networks for remote sensing categorization is incited
by the fact that the human brain is proficient at handling
high amounts of information and records from a wide range
of sources [99, 100], and that scientific renderings of this
methodology might be valuable for preparing and analysing
picture information.While applied to picture categorization,
an Artificial Neural Network is a hugely equal allocated
processor made up of basic handling items that gains in-
formation from its environment via a self-learning opera-
tion, to adaptively build linkages involving the input records,
as for example, satellite imagery attributes, and the output
records, as for example, target cover groups [101]. Prom-
inent Artificial Neural Networks are the Multilayer Per-
ceptron (MLP) [102], and Kohonen’s Self-Organizing
Feature Map [103] and Fuzzy ARTMAP [104]. While these
methodologies change as far as their definite usage is
concerned, they necessitate training and organization to
separate important data from remotely detected picture
information [105]. Figure 3 represents the Artificial Neural
Network structure [106].
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During the training phase, image data from areas whose
features (or classes) are used as inputs to the system is
collected. 'ese data are used by the system in an iterative
methodology that characterizes the rules that produce the
best organizational outcomes. Showed rules are then utilized
in the organization phase to designate attribute information
to the training class of which it has the most significant
probability of being a component.

'e benefits to Artificial Neural Networks integrate their
capacity to: (1) perform more precisely when input data
involve numerous large data sets that are estimated at
various scales and the frequency distributions of which are
uncommon; (2) learn and constantly update complex
models, as for example, nonlinear connections among input
information and output groups, as more information is
given in a varying domain; (3) give, via generalization,
strong answers in the presence of partial or inaccurate in-
formation; and (4) consolidate a priori understanding and
logical physical restrictions into the investigation [107, 108].
However, the inconveniences to Artificial Neural Networks
have restricted their appropriation to basic applications
[109]. On the other hand, the most important disadvantage
of Artificial Neural Networks is that they are a “black box”
for explanation [110]. In fact, it has habitually been hard to
clarify in a significant manner the procedure through which
the output has been gotten, because the guidelines for
picture organization and analysis learned via the system are
not simply reachable or describable [111]. 'erefore, other
organization strategies with more prompt logical clarifica-
tion abilities will be utilized in general.

(3) Support Vector Machines. Support Vector Machines,
defined as a supervised nonparametric statistical learning
procedure for solving categorization problems [112], show
incredible potential for the categorization of remotely de-
tected picture information [113]. Support Vector Machines
resolve a quadratic optimization problem to decide the ideal

separating limits (hyperplanes) involving two groups in
multidimensional element space [114]. Support Vector
Machines do this task by concentrating on the training data
that lie at the edge of the group disseminations. While
groups cannot be isolated, the training data are assigned into
a higher-dimensional space utilizing core methods, where
the novel record distribution allows the greater fitting of a
straight hyperplane [115]. 'is method is replicated for each
pair of groups to split the information into the pre-selected
number of groups.'e guidelines for best group division are
then utilized to assign all picture information into the
preselected target groups. Figure 4 illustrates the Support
Vector Machine principle [116].

'e basis of the Support Vector Machines’ principle of
categorization is, hence, the idea that just the training
samples that lie on the group limits are required for dis-
crimination [117]. 'e benefit of utilizing Support Vector
Machines is their capacity to surpass conventional organi-
zation techniques when just little training data sets are
accessible [118]. 'e fundamental rule that promotes Sup-
port VectorMachines is that the learning procedure depends
on basic hazard minimization [119]. Under this idea, Sup-
port Vector Machines limit organization errors on hidden
information without making any a priori suppositions on the
statistical distribution of the information [120]. 'e sig-
nificant weakness in utilizing Support Vector Machines
concerns the choice of the most adequate core function type
and its related parameters. Even if various choices exist,
some core functions cannot give the best Support Vector
Machines’ design for remote detecting uses [121]. 'is is
significant because inadequate decisions may prompt
overfitting, which may have a huge negative effect on
Support Vector Machines’ execution and precision of or-
ganization [122]. Furthermore, Support Vector Machines
have not been improved to manage heterogeneous infor-
mation, such as the outlier impacts commonly encountered
in remote sensing data, the addition of which can

Input

Hidden

Output

Figure 3: Artificial Neural Networks [106].
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significantly reduce classifier influence [123]. Regardless of
these issues, Support Vector Machines are a prominent
alternative for land cover organizations.

(4) Decision Tree Classification. Decision Trees, supervised
organization strategies dependent on recursive binary di-
visions agreeing to many upgraded guidelines, have become
an alluring alternative for separating discrete class data for
land cover classification [124]. A Decision Tree accepts many
elements as input, and comes back with an output via an
arrangement of tests [125]. Trees construct the instruction by
recursive binary dividing areas that are progressively ho-
mogeneous concerning their class variable [126]. Decision
Tree classifiers make multivariate designs dependent on
many decision instructions characterized by mixes of pa-
rameters and many linear discriminant equations that are
applied at every test node [127]. Ordinarily, after an ade-
quate number of training tests have been gathered, a De-
cision Tree learning calculation utilizes the training
information to create Decision Trees that are then changed
into another illustration of information representation,
called production instructions. Since production instruc-
tions are uncomplicated, they can be analyzed by specialists
and can be represented easily [128].

'e utilization of Decision Trees for picture organization
has many benefits, for example, the capacity to collect in-
formation at various estimation scales [129], nonordinary
(nonparametric) input information frequency distributions
[130], and nonlinear connections between input information
and groups [131]. 'ese are analogous to those explained by
Artificial Neural Networks. Nevertheless, Decision Trees are
simple to use because fewer numbers of factors are required
to be determined [132] as demonstrated in Figure 5; they
give a hierarchical construction that is clear and simple to
interpret [133]; and they can be trained via making in-
structions and settings directly from training information
with minimal operator collaboration [134].

One of the most important features of decision trees is
that they can adjust when new learning information is
provided and that the system's output can be evaluated to see
how a deduction was reached [135]. 'e disadvantages of
using Decision Trees include their inability to include spaces

with high dimensionality [136], noisy data [137], and
overfitting [112]. A better comprehension of impacts on
Decision Tree organization performance is a part of remote
detecting that is presently experiencing further investigation
[138], and has prompted the advancement of ensemble
Decision Tree-based strategies, for example, the Random
Forest technique, which enhances organization performance
through the mixture of numerous individual Decision Trees.

(5) Random Forests Classification. Random Forest, an im-
proved form of Decision Tree, is an ensemble learning
calculation that consolidates different organizations of
similar information to generate higher arrangement preci-
sions than different types of Decision Trees [98]. Random
Forest works by fitting numerous Decision Tree-based or-
ganizations to a data set, and afterward utilizing a guideline-
based approach to deal with joining the forecasts from all the
trees as illustrated by Figure 6 [139].

During this procedure, singular trees are developed
from differing subsets of training information utilizing a
procedure entitled bagging. Bagging includes the irregular
subsampling (with substitution) of the original infor-
mation for developing each tree. Usually, for each de-
veloped tree, 66% of the training information is utilized to
develop the tree, while the remaining 34% is left unused
for later error evaluation [140]. A classification is sub-
sequently fit to each bootstrap model; nevertheless, at
every node (split), just a few randomly specific indicator
factors are utilized in the binary dividing [141]. 'e
parting procedure proceeds until supplementary

Core

Decision surface

Figure 4: Support Vector Machine.

Root node

Leaf nodes
Decision node

Figure 5: Decision Tree.
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subdivision no longer diminishes the Gini indices [142].
With only one vote, each tree contributes to the task of the
most common class to the input data [143]. 'e common
vote of an observation determines the forecasted group,
with binds division determined at random [144].

'e most important benefit of Random Forest is that it
is conceivably more precise and reliable than usual para-
metric or Decision Tree Artificial Intelligence techniques
[143]. 'is is because the classifiers’ category executes more
precisely than any unique classifier, while dodging classifier
limitations [145]. Furthermore, Random Forest needs the
description of only two factors to construct the forecast
model (that is, the quantity of classification trees required
and the quantity of forecast factors utilized in every node to
develop the tree), and is accordingly judged to be mod-
erately simple to parameterize [143]. Further points of
interest result from the Random Forest’s utilization of
bagging to cause singular tree development from training
information subsets. Completely developed trees are uti-
lized to estimate precision and error rates for every sample
utilizing the Out-Of-Bag forecasts, which are then stan-
dardized over all tests. Since the Out-Of-Bag records are
not employed to fit the trees, the Out-Of-Bag estimates are
basically cross-validated precision estimates [143]. Random
Forest is additionally ready to evaluate the significance of
only one variable. For this reason, Random Forest switches
one of the input factors, preserving the rest invariable, and
determines the reduction in precision that has occurred by
methods for the Out-Of-Bag error [143]. 'is is helpful
when it is critical to realize how each predictive variable
influences the organization design [145]. 'e disadvantage
of using Random Forest is that with a large number of trees,

it becomes more difficult to analyse individual trees and
comprehend their configuration [146], leading to a black
box environment that complicates decision instructions
[147]. Table 3 presents the advantages and limitations of
algorithms employed for area classification of satellite
images.

(6) Postprocessing. 'ese processes can develop the cate-
gorization outputbecause of the option to employ diverse
filtering methods or otherwise to combine diverse catego-
rization outputs. Initially, macroscopic deficiencies are
modified interactively because they are clearly identified via
regular optical examination. Basic filtering parameters over
sliding section of 3 pixels× 3 pixels or 5 pixels× 5 pixels,
such as a majority filter, eliminates the salt-and-pepper
result provoked through pixel-based categorization. Such a
majority filter could moreover be employed for pixel-based
categorization output by objects acquired through multi-
spectral reflectance picture segmentation, therefore offering
a much smoother land cover plan. Fusion methods are
needed to combine outputs from the classifier group. With
majority voting, a unique output chart can be obtained either
when the ensemble selects the category to which all clas-
sifiers agree or when at least half of the classifiers agree.
Weighted majority voting can be employed whilst a number
of classifiers are supposed to execute better than others, or
are weighted via the connected possibility or membership of
the categorization output. It is imperative to remark that the
diverse stages explained above are mostly correlated, and
every choice must consider the total land cover cartography
creation sequence to guarantee that a suitable solution is
realized.

Training data

Sampling with replacement
(bagging)

Bagged sample Bagged sample Bagged sample

Training of decision trees
w/ attribute bagging

Random forest

Figure 6: Random Forest principle [139].

Journal of Food Quality 11



6. Conclusion

Today, these Artificial Intelligence-powered solutions are
used to solve several industrial objectives, such as transport,
banking, medicine, and agriculture. 'e use of this Artificial
Intelligence technology has revolutionised the entire food
process with enormous benefits. In addition to supporting
producers in automatic farming and culture, Artificial In-
telligence in agriculture also leads to precision farming with
better crop yield and better quality while using limited re-
sources. Moreover, remote sensing uses advanced methods,
which assist ranchers to watch their crops without having to
watch the farm physically. Today, several companies look
forward to Artificial Intelligence-enabled agriculture de-
velopment. Artificial Intelligence, combined with remote
sensing, redefines the usual patterns of agriculture and thus
reclassifies the conventional model of farming. In agricul-
ture, the future of Artificial Intelligence is increasingly
evolving with many sophisticated strategies through com-
prehensive transformation.
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[74] C. Toth and G. Jóźków, “Remote sensing platforms and
sensors: aA survey,” ISPRS Journal of Photogrammetry and
Remote Sensing, vol. 115, pp. 22–36, 2016.

[75] M. Claverie, V. Demarez, B. Duchemin et al., “Maize and
sunflower biomass estimation in southwest France using
high spatial and temporal resolution remote sensing data,”
Remote Sensing of Environment, vol. 124, pp. 844–857, 2012.

[76] A. Mei, R. Salvatori, N. Fiore, A. Allegrini, and A. D’Andrea,
“Integration of field and laboratory spectral data with multi-
resolution remote sensed imagery for asphalt surface dif-
ferentiation,” Remote Ssensing, vol. 6, no. 4, pp. 2765–2781,
2014.

[77] Y. Zhong, Q. Zhu, and L. Zhang, “Scene classification based
on the multifeature fusion probabilistic topic model for high
spatial resolution remote sensing imagery,” IEEE Transac-
tions on Geoscience and Remote Sensing, vol. 53, no. 11,
pp. 6207–6222, 2015.

[78] G. Duveiller and P. Defourny, “A conceptual framework to
define the spatial resolution requirements for agricultural
monitoring using remote sensing,” Remote Sensing of En-
vironment, vol. 114, no. 11, pp. 2637–2650, 2010.

[79] L. Bruzzone and F. Bovolo, “A novel framework for the
design of change-detection systems for very-high-resolution
remote sensing images,” Proceedings of the IEEE, vol. 101,
no. 3, pp. 609–630, 2012.

[80] X. Huang and J. R. Jensen, “A machine-learning approach to
automated knowledge-base building for remote sensing
image analysis with GIS data,” Photogrammetric Eengin-
eering and Rremote Ssensing, vol. 63, no. 10, pp. 1185–1193,
1997.

[81] A. Romero, C. Gatta, and G. Camps-Valls, “Unsupervised
deep feature extraction for remote sensing image classifi-
cation,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 54, no. 3, pp. 1349–1362, 2015.

[82] M. J. Cracknell and A. M. Reading, “Geological mapping
using remote sensing data: aA comparison of five machine
learning algorithms, their response to variations in the
spatial distribution of training data and the use of explicit
spatial information,” Computers & Geosciencess, vol. 63,
pp. 22–33, 2014.

[83] X. Lu, X. Zheng, and Y. Yuan, “Remote sensing scene
classification by unsupervised representation learning,” IEEE
Transactions on Geoscience and Remote Sensing, vol. 55,
no. 9, pp. 5148–5157, 2017.

[84] K. Gai and M. Qiu, “Reinforcement learning-based content-
centric services in mobile sensing,” IEEE Network, vol. 32,
no. 4, pp. 34–39, 2018.

[85] X. X. Zhu, D. Tuia, L. Mou et al., “Deep learning in remote
sensing: aA comprehensive review and list of resources,”
IEEE Geoscience and Remote Sensing Magazine, vol. 5, no. 4,
pp. 8–36, 2017.

[86] F. Waldner, S. Fritz, A. Di Gregorio et al., “A unified
cropland layer at 250 m for global agriculture monitoring,”
Data, vol. 1, no. 1, p. 3, 2016.

[87] J. Yuan, D. Wang, and R. Li, “Remote sensing image seg-
mentation by combining spectral and texture features,” IEEE
Transactions on Ggeoscience and Rremote Ssensing, vol. 52,
no. 1, pp. 16–24, 2013.

[88] W. Li, F. Baret, M. Weiss et al., “Combining hectometric and
decametric satellite observations to provide near real time
decametric FAPAR product,” Remote Sensing of Environ-
ment, vol. 200, pp. 250–262, 2017.

[89] M. Li, L. Ma, T. Blaschke, L. Cheng, and D. Tiede, “A
systematic comparison of different object-based classifica-
tion techniques using high spatial resolution imagery in
agricultural environments,” International Journal of Applied
Earth Observation and Geoinformation, vol. 49, pp. 87–98,
2016.

[90] K. Jia, S. Liang, N. Zhang et al., “Land cover classification of
finer resolution remote sensing data integrating temporal
features from time series coarser resolution data,” ISPRS
Journal of Photogrammetry and Remote Sensing, vol. 93,
pp. 49–55, 2014.

[91] I. Nitze, U. Schulthess, and H. Asche, “Comparison of
machine learning algorithms random forest, artificial neural
network and support vector machine to maximum likeli-
hood for supervised crop type classification,” in Proceedings
of the 4th Conference on Geographic Object-Based Image
Analysis, vol. 35, Rio de Janeiro, Brazil, May 2012.

[92] J. R. Otukei and T. Blaschke, “Land cover change assessment
using decision trees, support vector machines and maximum
likelihood classification algorithms,” International Journal of
Applied Earth Observation and Geoinformation, vol. 12,
pp. S27–S31, 2010.

[93] P. S. Sisodia, V. Tiwari, and A. Kumar, “Analysis of su-
pervised maximum likelihood classification for remote
sensing image,” in Proceedings of the International Ccon-
ference on Rrecent Aadvances and Iinnovations in Eengin-
eering (ICRAIE-2014), pp. 1–4, IEEE, Jaipur, India, May 2014.

[94] Y. Ghobadi, B. Pradhan, H. Z. M. Shafri, and K. Kabiri,
“Assessment of spatial relationship between land surface
temperature and landuse/cover retrieval from multi-temporal
remote sensing data in South Karkheh Sub-basin, Iran,”
Arabian Journal of Geosciences, vol. 8, no.1, pp. 525–537, 2015.

[95] L. Wang, X. Zhou, X. Zhu, Z. Dong, and W. Guo, “Esti-
mation of biomass in wheat using random forest regression
algorithm and remote sensing data,”7e Crop Journal, vol. 4,
no. 3, pp. 212–219, 2016.

[96] C. H. Li, B. C. Kuo, C. T. Lin, and C. S. Huang, “A spa-
tial–contextual support vector machine for remotely sensed
image classification,” IEEE Transactions on Geoscience and
Remote Sensing, vol. 50, no. 3, pp. 784–799, 2011.

[97] A. A. Elnaggar and J. S. Noller, “Application of remote-sensing
data and decision-tree analysis to mapping salt-affected soils
over large areas,” Remote Sensing, vol. 2, no. 1, pp. 151–165,
2010.
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