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Abstract: Remote sensing (RS) technologies provide a diagnostic tool that can serve as an
early warning system, allowing the agricultural community to intervene early on to counter
potential problems before they spread widely and negatively impact crop productivity. With
the recent advancements in sensor technologies, data anagement and data analytics,
currently, several RS options are available to the farm community
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1. INTRODUCTION

The term sensor first appeared in the year (1960) and it constitutes a translation Remote
sensing is known to the assembly-seeking aircraft here must be a presence in the whole
picture And between the sensor also known as: the science, art and technology of obtaining
body measurements After the shock? Cameras Shortwave devices, spectrophotometers and
electronic scanners multilateral. The first remote sensing technology was imaging from
aircraft, and after the invention of satellites, it developed to imaging from space, and then
radar imaging. Electromagnetic rays are used in remote sensing. When this energy falls on an
object, it interacts with it, part of it is absorbed and another part is reflected. The reflected
energy is what is used to explore or survey the body, and it is received by remote sensors.
Sometimes the body itself is a source of electromagnetic radiation, depending on its
properties and temperature.

Remote sensing technologies

Remote sensing is defined as the science, art, and technique for obtaining measurements of a
specific body It is a remote phenomenon, and without direct contact with it, cameras and
short wave devices are consideredRadiometers, spectrophotometers, multispectral electronic
scanners, as well as the eye human resources, systems for collecting information (acquisition
data or collection data), and means for remote sensing. Remote sensing is often associated
with measuring the reflected electromagnetic energy From 15.0 - 3.0 um (Emitted) and
Emitted ( 3.0 - 0.3 um) (Reflected) Before objects that receive solar energy and reflect it back
or re-radiate it to the sensor Muhammad Al-(Khuzamy Aziz ,2004) .Remote sensing (RS) is
the process of inferring surface parameters from distant measurements of the upwelling
emitted or reflected electromagnetic radiation from the land surface. The radiation reflected
or emitted by soil varies according to a range of chemical and physical characteristics of the
soil matrix (Schmugge et al., 2002; Barnes et al., 2003; Anderson and Croft, 2009; Mulder et
al., 2011;). Therefore, it is possible to discriminate between different soil surfaces and to
infer soil properties based on the measured radiation (Dewitte et al., 2012). In this document,
we use the term “remote sensing” (RS) for airborne and spaceborne acquisitions, whereas
“proximal sensing” (PS) refers to ground-based laboratory and field measurements. Soil PS
generally measures soil surface properties in a high spatial and spectral resolution from a
short range. Depending on the source of energy utilized in the data acquisition. Remote
sensing refers to various observation and exploration activities of the environment
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involving humans and photoelectronic devices carried by satellites, spacecraft (including
space shuttles), aircraft, near-space vehicles, and various terrestrial platforms. Artificial
satellites that carry sensors to capture images of Earth’s surface are referred to as remote
sensing satellites. Satellites can successively observe the whole globe or an assigned part of
it within a defined time period (Guo et al., 2016). Remote sensing is a measurement or
acquisition of information of some property of an object or phenomena, by a recording device
that is not in physical or intimate contact with the object or phenomena under study (Mladen
Todorovic, 2016). Remote sensing technology remote sensing is a technique to observe the
earth’s surface or the atmosphere from out of space using satellites (space space-borne borne)
or from the air using aircraft (airborne). Remote sensing uses a part or several parts of the
electromagnetic spectrum. It records the electromagnetic energy reflected or emitted by the
carth’s surface. The amount of radiation from an object (called radiance) is influenced by
both the properties of the object and the radiation hitting the object (irradiance). The human
eyes register the solar light reflected by these objects and our brains interpret the colors, the
grey tones, and intensity variations. In remote sensing, various kinds of tools and devices are
used to make electromagnetic radiation outside this range from 400 to 700 nm visible to the
human eye, especially the near-infrared, middle-infrared, thermal-infrared, and microwaves.
Remote sensing imagery has many applications in mapping land-use and cover, agriculture,
soils mapping, forestry, city planning, archaeological investigations, military observation, and
geomorphological surveying, land cover changes, deforestation, vegetation dynamics, water
quality dynamics (Shefali Aggarwal ,2021)

Remote sensors can be classified depending on the power source into:

1-passive remote sensing

2- Active Remote Sensing

Active sensors produce

their own energy for sensing objects, whereas the passive satellite sensors depend on external
energy sources (e.g., sun or earth)

Remote sensing plays an increasing role in near real-time soil, crop, and pest management in
precision agriculture (Mulla, 2013). Remote sensing systems are divided into passive and
active remote sensing. Passive remote sensing data are mainly optical imagery with a usually
high spatial resolution and rich texture information. It helps to easily identify the type and
status of the ground object through visual interpretation Jensen et al. (2008) Passive remote
sensing sensors have a wide spectrum range, which can comprehensively observe ground
features, however, optical images are easily affected by cloud conditions (Hosseini et al.,
2015; Gargiulo et al.,, 2020) Active remote sensing sensor emits a certain form of
electromagnetic waves to a target, and then the sensor receives and records the reflected
waves, such as synthetic aperture radar (SAR) (Santi et al., 2017) and Light Detection and
Ranging (LIiDAR) (Shi et al., 2020)

A number of applications related to Remote Sensing. Some of them are listed as follows:
 Forest monitoring and assessment Of factors related to plants and animals Inglada et
al.2015, Addabbo,2016, , Lippitt et al,2016

« Agriculture monitoring and assessment of soil quality, water quantity Lakhankar et al.,
2009.Lakshmisudha,et al., 2016. Daponte et al., 2018. Fisher et al.,2018. Doshi, et al
2019.Kayad,et al.,2020, Ullo, and; Sinha,2020, Syrovy, et al.,2020. Syrovy.,2020,. Sishodia
et al.,2020.

* Industrial monitoring. (Balogun, 2020).Syrovy et al., 2020n and Yekeen 2020

« Data monitoring (Lakhankar et al., 2009.Inglada et al., 2015.Koo et al., 2016; Shaf.et al.,
2019; Di Napoli et al., 2020;; Corradini, et al., 2020).
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* Security and surveillance applications (Brown; 2018; Samaras et al., 20 19 Avrias, et al.,
2020. Elahi, et al.,2020

The applications employing smart sensors and dealing with the environment monitoring are
described based on the evaluation of various factors, as discussed ahead

Its Uses In The Agricultural Field

In agriculture, some of the variables of interest include the characteristics of crops (e.g.,
morphological, biochemical, and physiological), soil properties (e.g., soil moisture, organic
matter, pH, drainage), and topography (e.g., elevation, slope), and how they vary in space and
time( Nock et al.,2016 ). Use of remote sensing is indispensable in the monitoring of
agricultural field, crop & soil health, water management, and its quality, and atmospheric
conditions with emphasis to yield. During the last two decades, remote sensing techniques are
applied to explore agricultural applications such as crop.

discrimination, crop acreage estimation, crop condition assessment, soil moisture estimation,
yield estimation, precision agriculture, soil survey, agriculture water management, agro-
meteorological, and agro advisories. The application of remote sensing in agriculture, i.e. in
crops and soils is extremely complex because of the highly dynamic and inherent complexity
of biological materials and soils (Myers, 1983).In agriculture, some of the variables of
interest include the characteristics of crops (e.g., morphological, biochemical, and
physiological), soil properties (e.g., soil moisture, organic matter, pH, drainage), and
topography (e.g., elevation, slope), and how they vary in space and time Nock et al. (2016).
Since none of these traits can be measured directly through RS, they are often estimated by
integrating spectral measurements with ground-truth data via empirical or mechanistic
approaches or a combination of both Baker (2018). For example, nitrogen (N) stress in crops
has been linked to RS observations through empirical approaches by comparing spectral
signatures in a target field with a reference spectral signature in a well-fertilized plot
representative of the target field (Bushong.,2016), or mechanistically by combining RS-based
leaf area index and chlorophyll content with crop models Baret, F.; Houlés, V.
Guéri.,2007)Similarly, crop yield can be related to RS observations, but this involves the
further consideration of other auxiliary variables such as weather (e.g., solar radiation,
temperature, precipitation), vegetation conditions, and soil properties (Prasad, et al., 2006).
Remote Sensing and Vegetation Indices. Remote sensing of vegetation is mainly performed
by obtaining the electromagnetic wave reflectance information from canopies using passive
sensors. It is well known that the reflectance of light spectra from plants changes with plant
type, water content within tissues, and other intrinsic factors (Chang and Liu, 2016). Yuan et
al. (2017) used high spatial resolution (Worldview 2) and medium-spatial resolution (Landsat
8) satellite images to monitor the distribution of wheat disease and pest, achieving a
monitoring accuracy of more than 71.0%.Remote sensing offers a non-destructive means of
providing recurrent information from the local to the global scale in a systematic way,
thereby enabling the characterization of spatiotemporal variability within a given area (Weiss
et al., 2020). In this respect, satellite imagery has been used to monitor crops for a long time.
Traditionally the Landsat constellation has been used both to determine land cover types and
to keep track of agricultural production. At present, it is still used to determine the crop area
adjustment policy in terms of the magnitude and direction of agricultural land-use change
(Yang et al., 2019). Over the past decades, the Earth’s surface has witnessed major changes
in land use and land cover. These changes are likely to continue, driven by demographic
pressure and by climate change. As part of the Earth’s spheres, the pedosphere is responding
and contributing to these environmental changes (Macias and Arbestain, 2010). Observed
changes in the functioning of the pedosphere renewed the recognition that soil resources
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provide key ecosystem services and play a fundamental role in assuring Grunwald, 2011,
Mulder, 2013). In this context, monitoring tools are needed for maintaining a sustainable
ecological status and improving soil conservation. The implementation of sustainable
agricultural, hydrological, and environmental management requires an improved
understanding of the soil, at increasingly higher resolutions. Information on spatial and
temporal variations in soil properties are required for use in conservations efforts, climate and
ecosystem modelling, as well as engineering, agricultural, forestry applications, erosion and
runoff simulations (King et al., 2005); Soils are a vital natural resource that provides multiple
ecosystem services. Conventional soil sampling and laboratory analyses cannot efficiently
provide the needed information, because these analyses are generally time-consuming, costly,
and limited in retrieving the temporal and spatial variability. In this context, remote sensing
(RS) is now in a strong position to provide meaningful spatial data for studying soil
properties on various spatial scales using different parts of the electromagnetic spectrum.
Digital soil mapping The advent of new technologies along with vast amounts of data and the
need for effective soil characterization led to digital soil mapping (DSM). Digital soil
mapping is defined as: the creation and population of spatial soil information by the use of
field and laboratory Remote sensing communities have long used spectrum or spectral
vegetation indices to estimate plant biochemical and morphological properties, which also
presents huge potential in assessing the photosynthetic capacity of plants quickly and non-
destructively at different scales (ground, airborne, and satellite) (Gamon et al. 2019). Razz et
al. (2020) effectively utilized the high-resolution of Plant Scope imagery (3 m) to detect
soybean sudden death syndrome and rice diseases, respectively Data for this study were
collected from an ongoing soybean field experiment located at Iowa State University’s
Marsden Farm in Boone County, lowa Food security and agriculture is probably not the first
thing that comes to mind when you think about satellites being launched into space and
orbiting planet Earth. You might even be surprised to learn that NASA, best known for its
space exploration, actually has over a dozen satellite missions dedicated to monitoring food
production, land changes, and vegetation. Truth be told, the data provided by these Earth-
observing satellites provide critical information for analyzing the state of food production and
food security around the world. From space, we can see things like the NDVI (namely, green
light reflectance) of plants which is indicative of crop health, crop damage resulting from
natural disasters (such as the 2020 lowa derecho and even the amount of moisture stored deep
within farmland soil. However, compiling these large satellite datasets into deep time series
to monitor internal and within-season changes in vegetation requires a lot of skill,
computational power, and time.

Agriculture:

crop classification

estimation of crop yield

determination of soil conditions

resource management v monitoring of the EU Common Agricultural Policy quotas (SPOT)
wildlife habitat assessment (Mladen Todorovi¢, 2016)

Its uses in the field of soil and land classification

Soil is one of the most important resources and vital components of the earth'ss critical zone.
There are extraordinary pressures on soil due to urbanization, industrialization, or
degradation; soils are reducing their quality that is unbalancing the agricultural practices and
food production. Consequently, soil quality and its management with planning are essential to
preserving the soil its quality for future generations (Rossel, et al., 2016).GIS and Remote
Sensing technologies provide more efficient, economic, and rapid tools and techniques for
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soil salinity assessment and soil salinity mapping. As well, in Uzbekistan, the research
institutes and projects, are responsible for soil salinity assessment using GIS tools in high lev-
el. Currently, two main organizations are doing soil salinity assessments in the study area.
They are Soil composition and Repository, Quality analysis center” The State Unitary
Company and Hydrologic ameliorative expedition of central Fergana valley. Both
organizations are using GIS tools only for mapping and visualization of data. The
methodology for soil salinity assessment has been developed by the State Scientific Research
Institute of Soil Science and Agrochemistry. SSRISSAC is the main research institute for soil
surveys in the Republic of Uzbekistan Isaev and Rakhmonov (2020) and (Nguyen, et al.,
2020). Wang et al. (2020) analyzed the patterns of land degradation and restoration during
1990-2015 by using fine-resolution land cover data in Mongolia.Field exposure of salts can
be well identified by using the multispectral satellite data due to the high reflectance of salts
that depend on characteristics such as color, mineralogy, surface smoothness, and type of
salts (Bannari et al., 2018; Al-Hemoud et al., 2020). Remote sensing data is the most
common source for detection, quantification, and mapping of LULC patterns due to its
repetitive data acquisition, suitability for processing, and accurate geo-referencing (Chen et
al., 2005).As for the use of remote sensing in the study of land use, it is one of the tools
Active in the process of studying the land cover and observing the changes in it during
different periods, it is also an effective tool for decision makers- in countries. Satellite visuals
have also become a means important used in land cover analysis at the local, regional, and
international levels, thus Land use and land cover classifications can be made predicting the
degradation process based on GIS technology allows not only to estimate soil loss, but also to
predict the area of degradation distribution (Alikhanov et al., 2020) .GIS technologies play an
important role in the identification and mapping of lands at high risk of degradation, as well
as in the development of the necessary measures to prevent degradation (Vrieling, and Sterk,
2002) Studies conducted by the above scientists have proven that remote sensing of the Earth
and GIS technology can be successfully used in accurate and high-quality mapping of land
degradation processes M. (Abrams, 2003; Bayramin, 2006; Parlak 2007; Zhu, 2001).
observational methods coupled with spatial and non-spatial soil inference systems
(McBratney et al., 2003)(Lagacherie et al., 2007) (Carre et al., 2007). DSM relies on
quantitative methods to integrate diverse soil observations from field, laboratory and remote
sensing and proximal sensing data (Grunwald, 2010) for inferring spatial patterns of soils
across various spatial and temporal scales. Using a broad range of data sources and methods,
DSM aims to provide up-to-date and accurate soil maps to meet the current and future needs
for soil information (Mulder, 2013)Such data help to interpret not only crop vitality
(chlorophyll content) (Delegido et al., 2011; Clevers, 2013) and productivity (biomass)
(Verrelst, 2012) but also soil properties, including physical (texture) (Ballabio,2016)
chemical (pH value or nutrient contents) (Ballabio, 2019) and biological (soil organic
carbon) (Yigini, 2016) properties.

Land use studies:

land use mapping

urban and suburban land use (urban growth)

categorization of land capability

land degradation and erosion

change of land use - map updating (Mladen Todorovié¢, 2016)

Global environmental changes are currently altering key ecosystem services that soils
provide. Therefore, it is necessary to have up to date soil information on local, regional and
global scales to monitor the state of soils and ensure that these ecosystem services continue to
be provided. In this context, digital soil mapping (DSM) aims to provide and advanced
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methods for data collection and analyses tailored towards detailed large-scale mapping and
monitoring of soil properties. In particular, remote and proximal sensing methodologies hold
considerable potential to facilitate soil mapping at larger temporal and spatial scales as
feasible with conventional soil mapping methods (Mulder, 2013). Existing remote and
proximal sensing methods support three main components in DSM: (1) Remote sensing data
support the segmentation of the landscape into homogeneous soil-landscape units whose soil
composition can be determined by sampling. (2) Remote and proximal sensing methods
allow for inference of soil properties using physically-based and empirical methods. (3)
Remote sensing data supports spatial interpolation of sparsely sampled soil property data as a
primary or secondary data source (Mulder, 2013) Overall, remote and proximal sensed data
are an important and essential source for DSM as they provide valuable data for soil mapping
in a time and efficien-cost manner Detecting land use through remote sensing methods has
already developed (Town et al. 2018

The importance of remote sensing in the study of soil

* Soil is divided and graded.

» Making climate maps of the soil

* Studying the possibility of soil conservation and improvement.

* Monitoring the drying up of lands and lakes

Land use and land cover are classified using remote sensing.

Is used in the agriculture sector is highlighted with the help of typical applications such as
crop disease Marcuet al.2019 Sishodia et al.,2020 diagnosis, soil fertility analysis (Doshi, et
al., 2019) erosion analysis, pesticide and fertilizer control (Doshi, J et al., 2019. Sishodia et
al., 2020) crop quality assessment, optical irrigation (Ayaz, et al., 2019 ; Madushanki et al.,
2019; Sishodia et al., 2020; Lakhankar, et al 2009 Lakhankarm et al., 2020) seed quality (1)
and smart lo T-based alarm systems for the control of the agriculture production at various
stages. All the results of image analyses were validated through field and laboratory studies.
The study of laboratory spectra of evaporite minerals namely gypsum, anhydrite, and halite
present in the salt crusts and gypsiferous soil flats showed their unique spectral absorptions in
between 1.4-1.5 pm and 1.9-2.0 pum whereas, the calcite and dolomite minerals of the
carbonate formations exhibited deep absorptions near 2.345 and 2.495 pm respectively
(Rajendran et al., 2021)

Vegetation Indices

Vegetation indexes are of important algorithms which are able to extract canopy conditions
by means of remote sensing (Salas and Henebry, 2014). Or are mathematical expressions that
combine measured reflectance in many spectral bands to produce value that helps assess crop
growth, vigor, and several other vegetation properties such biomass and chlorophyll
content ( McKinnon, 2017)

1-VIs named Ratio Vegetation Index (RVI), which is based on the principle that leaves
absorb relatively redder than infrared light; RVI can be expressed mathematically as
RVI=R/NIR................ (1)

where NIR is thenear-infraredd band reflectance and R is red band reflectance. According to
the spectral characteristics of vegetation, bushy plants have low reflectance on the red band
and have shown a high correlation with LAI, Leaf Dry Biomass Matter (LDBM), and
chlorophyll content of leaves (Quan and Miao, 2011). The RVI is widely used for green
biomass estimations and monitoring, specifically, at high-density vegetation coverage, since
this index is very sensitive to vegetation and has a good correlation with plant biomass.
However, when the vegetation cover is sparse (less than 50% cover), RVI is sensitive to
atmospheric effects, and their representation of biomass is weak. VIs is widely used for
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agricultural applications including estimations of leaf area, canopy analysis, plant nutrients
(nitrogen status), biomass estimations, crop yield, etc. Researchers have estimated agood
relationship of VIs with measured plant nutrients (Walsh et al., 2018). Vegetation Indices
(VIs) obtained from remote based-sensing canopies are quite simple and effective algorithms
for quantitative and qualitative evaluations of vegetation cover, vigor, and growth dynamics,
among other applications. These indices have been widely implemented within RS
applications using different airborne and satellite platforms with recent advances using
Unmanned Aerial Vehicles (UAV). Up to date, there is no unified mathematical expression
that defines all VIs due to the complexity of different light spectra combinations,
instrumentation, platforms, and resolutions used. Therefore, customized algorithms have been
developed and tested against a variety of applications according to specific mathematical
expressions that combine visible light radiation, mainly green spectra region, from
vegetation, and nonvisible spectra to obtain proxy quantifications of the vegetation surface. In
real-world applications, optimization VIs are usually tailored to the specific application
requirements coupled with appropriate validation tools and methodologies in the ground.
(Jinru Xue, Baofeng Su.,2017) .Vegetative Indices (V1) enable the acquisition of ecological
information from satellite and drone data through the analysis of multi- or hyperspectral
imagery bands. The reflectance of light changes with chlorophyll content, plant type, sugar
content, water content within tissues and other factors. Due to this fact, the spectral reflectance
responses captured by satellite imagery can reflect the interaction and coupling of carbon,
nitrogen, and water cycles (Chang et al., 2016; Xue et al., 2017).

2- Difference Vegetation Index (DVI) was proposed

later (Richardson and Weigand.1977) and can be expressed as

DVI=NIR-R.............. )

The DVI is very sensitive to changes in soil background; it

can be applied to monitoring the vegetation ecological environment. Thus, DVI1 is also called
Environmental Vegetation

Index (EVI).

Index Explanation Equation

The difference vegetation index is used to
distinguish between soil and vegetation; however, it
does not take into account the effect of atmosphere
reflectance or shadows (Naji, 2018). The DVI index
DVI ranges from 1 to 0 for marine and non-vegetated NIR-R
areas and from 0 to 0.07 for unhealthy vegetation
and from 0.07 to higher value (often 1) for areas
with healthy plants (Vani, Mandla, 2017).

3- The Perpendicular Vegetation Index (PVI)

Richardson and Weigand.1977)is a simulation of the Green Vegetation Index (GVI) in R,
NIR 2D data. In the NIR — R coordinate system, the spectral response from soil is presented
as a slash (soil brighten line). The latter effect can be explained as the soil presents a high
spectral response in the NIR and R bands. The distance between the point of reflectivity (R,
NIR) and the soil line has been defined as the Perpendicular VI, which can be expressed as
follows:

5412



International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

\2 2
‘ ] (3)

PVI = "\‘ (.f’snil ~ Preg J;l | [._Fsc-ii " Feg ).\'IR‘

where psoil is the soil reflectance; pveg is the vegetation
reflectivity; PVI characterizes the vegetation biomass in pred
the soil background; the greater the distance, the greater the
biomass.

PVI can also be quantitatively expressed as

PVI = (DNyg - b) cos 8 - DN, # sin, (4)

where DNNIR and DNR are the radiation reflected luminance values from the NIR and R,
respectively; b is the intercept of the soil baseline and the vertical axis of NIR reflectivity;
and 6 is the angle between the horizontal axis of R reflectivity and soil baseline. PVI filters
out in this way the effects of soil background in an efficient manner; PVI also has less
sensitivity to atmospheric effects and it is mainly used for the inversion of surface vegetation
parameter (grass Yyield, chlorophyll content), the calculation of LAI, and vegetation
identification and classification (Wenlong, 2009). However, PVI is sensitive to soil
brightness and reflectivity, especially in the

case of low vegetation coverage and needs to be adjusted for this effect (Major, 1990)

4- Normalized Difference Vegetation Index (NDVI)
The NDVI is one of the most common indices widely applied for monitoring dynamics at
regional and global scales (Vrieling et al., 2013; Zhu et al., 2013). This index was introduced
by Tucker (1979) and varies between — 1 and 1 in which the values less than zero during the
growing season indicate no vegetation cover, such as desert, bare earth, cloud, snow, icepack,
water body, and glacier; while values more than zero in the gowning season describe
available vegetation cover. The NDVI was calculated using the following formula (Choubin
et al., 2017b; Sajedi-Hosseini et al., 2018). NDVI was calculated based on the reflectance
values in red (visible) and infrared-near ranges, where high values of NDVI indicate good
soil quality and vice versa. NDVI is formulated as follows: NDVI=NIR—Red/NIR+Red
where NIR represents near-infrared reflectance and R represents visible red reflectance. Four
dates of NDVI were determined to track the change of vegetative density, which included the
initial growth stage, then vegetative growth, flowering stage, and maturity and harvest stage
SPSS were used to analyze the statistical relationship between soil salinity and NDVI. The
preprocessing of OLI images was conducted using the FLASH model according to (Felde et
al. 2003). In addition, NDVI can also be an effective indicator of the vegetation moisture
condition Ji,(2003). LST, in turn, mirrors soil moisture conditions, evapotranspiration, and
vegetation water stress. Normalized Difference Vegetation Index (NDVI) is the most widely
used as VI; it was proposed by Rouse Jr. et al. 1974 which can be expressed as

NDvI = Pm PR (5)

PNIR

Since the index is calculated through a normalization procedure, the range of NDV1 values is
between 0 and 1, having a sensitive response to green vegetation even for low vegetation-
covered areas. This index is often used in research related to regional and global vegetation
assessments and was shown to be related not only to canopy structure and LAI but also to
canopy photosynthesis Gamon et al., 1995However, NDVI is sensitive to the effects of soil
brightness, soil color, atmosphere, cloud and cloud shadow, and leaf canopy shadow and
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requires remote sensing calibration. NDVI is used as a predictor of plant attributes, plant
physiological status, yield predictions and crop distribution, and can also be used to detect and
monitor aquatic vegetation (Pettorelli, 2013).

Index Explanation Equation

The normalized difference index vegetation indicates
how many green leaves exist. NDVI is calculated using
the measured light intensity only at two wavelengths, (NIR-R)/
NDVI e.g., near-infrared (NIR, 780-890 nm) and red (R, (NIR+R)

650—680 nm) using (NIR+R)/(NIR-R) equation

(Robinson et al. 2017). The NDVI index ranges for
aquatic or non-vegetated areas (mountains or boulders)
from -1 to O, for areas with unhealthy or contaminated

vegetation from 0 to 0.33, and for areas with healthy

plants from 0.33 up to 1 (GIS Geography 2019).
However, it should benoted that the magnitude of
changes in this index for both healthy and unhealthy
vegetation areas can be reduced by 0.1% in the cold
season due to lower image contrast and in the hot
season it should be increased by 0.1 due to higher
image contrast.

The main drawback of NDVI is that it is sensitive to the effects of soil (brightness and color),
atmosphere (cloud cover and cloud shadow) and leaf canopy shadow (Xue et al., 2017).

5-Atmospherically Resistant Veg etation Index (ARVI).

proposed the Atmospherically Resistant Vegetation Index (ARVI). This index is based on the
knowledge that the atmosphere affects significantly compared to the NIR. Thus, Kaufman
and Tanré modified the radiation value of by the difference between the blue (B) and(R) .
Therefore, ARVI can effectively reduce the dependence of this VI on atmospheric effects,
which can be expressed as

ARVI=(NIR — RB)/ (NIR + RB)

,pxrb=pxT—y (pxb—px ), (6)

Where is the difference between and, is the reflectivity related to the molecular scattering and
gaseous absorption for ozone corrections, and represents the air conditioning parameters? The
ARVI is commonly used to eliminate the effects of atmospheric aerosols. The aerosols and
ozone effects in the atmosphere still need to be eliminated by the 5S atmospheric transport
model.( Tanre et al.,1990).

6-Soil-Adjusted Vegetation Index (SAVI),

Sim0es et al. (2005) studied the patterns of SAVI and other vegetation indices in sugarcane.
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Index Explanation Equation

The soil-adjusted vegetation index is one of the most
common indices that is only slightly different from the
NDVI index. The difference lies in a factor that can be

used to moderate the effect of background soil. The
SAVI NDVI index is affected by soil reflectance in some (R+L)/(NIR-
areas. It overshadows the recorded reflectance for )/ NIR+R+L)
vegetation. SAVI index solves this problem in the
NDVI index. This index uses a factor called L to
moderate the effect of background soil. The value of
this parameter is a function of the amount of vegetation
available in the area and prior knowledge the user has
of the vegetation density status in the area and is
calculated using (1+L){(NIR-R)(NIR+R+L) equation

(Garcia, Perez 2016). The amplitude of changes in the

SAVI index for aquatic and non-vegetated areas is the
same as for the NDV|1 index from 1 to O, for areas with
unhealthy vegetation from 0 to 0.15 and for areas with
healthy vegetation from 0.15 to 1; by the way, L factor

is set at 0.5 (Vani, Mandla 2017). This parameter
reduces the field-effect index and reflects a lower plant
cover percentage.

Masoud and Koike (2006) used SAVI indicator to prepare a vegetation cover map of the
Siwa Region of Egypt, paying attention to the desertification of area, this was done by
reducing the afterward influence of soil and assuming a value of the soil coefficient of 0.5.
SAVI contains a constant “L”, which has the function of minimizing the soil effect on the
vegetation signal, especially in less dense areas (Santos et al., 2014). The L factor varies
according to the vegetation density and the reflectance characteristic of the soil. The value of
L = 1 is suggested for use in low density vegetation areas, L = 0.5 for intermediate vegetation
and L = 0.25 for large density vegetation areas. After considerations made by Huete (1988),
the L constant was estimated and included in the experimental measurements using the
reflectance values in the red and near infrared bands (PONZONI et al., 2012) The Soil-
Adjusted Vegetation Index (SAVI) is a vegetation index that attempts to minimize soil
brightness influences using a soil-brightness correction factor. This is often used in arid
regions where vegetative cover is low.
SAVI=((NIR-Red)/(NIR+Red +L))x (1L +1L)

NIR = pixel values from the near-infrared band

Red = pixel values from the near red band

L = amount of green vegetation cover
NIR and Red refer to the brands associated with those wavelengths. The L value varies
depending on the amount of green vegetative cover. Generally, in areas with no green
vegetation cover, L=1; in areas of moderate green vegetative cover, L=0.5; and in areas with
very high vegetation cover, L=0 (which is equivalent to the NDVI method). This index
outputs values between -1.0 and 1.0.
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7- Soil-Adjusted Vegetation Index (OSAVI)

Index Explanation Equation
Optimized soil Disease [153]; crop yield [159]; biomass, i
adjusted vegetation N-uptake [28,142]; soil moisture [148]; FleleFgEg:?F; di%ef%
index (OSAVI) water stress [158] '

OSAVI « OSAVI - Optimized Soil Adjusted Vegetation Index

OSAVI =(1+L)*(NIR - RED)/ (NIR + RED + L)

where L =0.16

OSAVI has the same formula as SAVI but has a fixed L factor value

of 0.16. Inputs should have reflectance values between 0 and 1.

8-the amount of vegetation present to obtain the optimal adjustment for the soil effect. Thus,
a modified SAVI (MSAVI)

MSAVI2 - Modified Soil Adjusted Vegetation Index

MSAVI2 = [2*NIR + 1 - sgrt( (2*NIR+1)2 - 8*(NIR - RED))] / 2

This is a modified version of SAVI with parameter values derived by iterative analysis of
images over a range of L factor values and soil line slopes/intercepts in near-infrared versus
red scatterplots. MSAVI2 is the simplified version of the MSAVI algorithm. It was created to
deal with the soil brightness problem, which is one of NDVT’s largest limitations. Whenever
MSAVI is used, it is almost always the MSAVI2 version, which does not require a soil line
(slope). It is mainly used in the analysis of plant growth, desertification research, grassland
yield estimation, LAI assessment, analysis of soil organic matter, drought monitoring, and the
analysis of soil erosion (Xue et al., 2017). In comparison to SAVI and TSAVI (below), the
resulting equation does not require an estimate of soil cover percentage or a determination of
the soil line slope and intercept values. Inputs should have reflectance values between 0 and
1. Reference: (Qi et al., 1994).

Index Explanation Equation
Modified soil Biomass [153]; crop yield [159]; 2RNIR+1- q(2RNIR+1)2-
adjusted vegetation N ke [142]- 8(RNIR-Rred
index (MSAVI) “uptake [142]; (RNIR-Rred)
chlorophyll content [112,160] 2

6- The Bare soil Index (BI):

The Bare Soil index (Bl) enhances the identification of bare soil areas and fallow lands. The
Thermal Index (TI) is the calibrated values of the thermal band and increases as the vegetation
quantity increases. It is lower inside the canopy of a forest due to blocking and absorption of
the sun's rays and because of the cooling effect of evaporation from leaves. The Tl is therefore
used to further differentiate bare soil from grassland and forest. The below figure demonstrates
the interaction of the four different indices in the FCD model (Azizia et al., 2008; Rikimaru et
al., 2002; Baynes, 2004).

The Transformed Soil Adjusted Vegetation Index (TSAVI) isa
vegetation index that B+ B2)- B3 attempts to minimize soil brightness
influences by assuming the (B4 4 B2)+ B3 soil line has an arbitrary slope and
intercept. TSAVI=(s(NIR-s*Red-a))/(a*NIR+Red-
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a*s+X*(1+s2))

NIR = pixel values from the near-infrared band

R = pixel values from the red band

s = the soil line slope

a = the soil line intercept

X = an adjustment factor that is set to minimize soil noise

where XSAVI is the soil adjustment factor of SAVI. Reference: Baret, F. and G. Guyot,
1991, "Potentials and limits of vegetation indices for LAl and APAR assessment,” Remote
Sensing of Environment, Vol. 35, 161-173." (ESRI, 2018).

TSAVI is defined as:

TSAVI=a-(N—a-R—-—b)a-N+R—-a-b+ XTSAVI: (1 +a?2)(3)where a and b are the
slope and interception of the soil line, respectively. Here these two parameters were set as the
constant value of 1.2 and 0.04, respectively, which are considered global soil line parameters
Baret, et al.1991XTSAVI is the soil adjustment factor of TSAVI, recommended to be equal
to 0.08 in the original paper (Baret, et al.1991). The Enhanced Vegetation Index (EVI) is the
most common alternative vegetation index which addresses some of the issues with NDVI
(soil and atmosphere limitations).(Brecht,2018)

8- simple ratio SR

SRI is mainly relating with crop physiology (Wan et al., 2018).

Index Explanation Equation

The solar reflectivity is composed of a simple ratio between two
SR bands, one with the highest and the other with the lowest reflectance | (NIR/R)
concerning vegetation. This index is calculated using the (NIR/R)
equation (Melillos, Hadjimitsis 2020). The range of SR index
variations for aquatic and non-vegetated zones is from 1 to 1, for
regions with unhealthy vegetation from 1 to 2.2 and for regions with
healthy plants from 2.2 to higher values (Robinson et al. 2017)

plant health index PHI

Index Explanation Equation

The plant health instructor index is also used to determine
the health condition of the plants in some regions and can be | 1.4 x LN(DVI)
PHI calculated using the equation 1.4 x LN(DVI) + 1.298. This | +

index is mostly used to identify the health status and the | +1.298

regions of water without vegetation.

The amplitude of changes in the PHI index for aquatic and
vegetation-free regions is pixel-free.

It is shown as NaN, for the unhealthy vegetation from -n to -
18 and for the regions with healthy vegetation from -8 to -0
(Asadi et al. 2016).

The objective of the study of remote sensing: to enable the collection of

Information, analysis, classification, provision of services and provision of services This
information, including

Prepare files for images, various satellite images, and images, and present

Economical box

5417



International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

2.REFERENCE:

[1] Abrams, M. (2003). The Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER): data products for the high spatial resolution imager on NASA’s
Terra platform. International Journal of Remote Sensing, 21(5):847-859.

[2] AghaKouchak, A.; Farahmand, A.; Melton, F.S.; Teixeira, J.; Anderson, M.C.;
Wardlow, B.D.; Hain, C.R. Remote sensing of drought: Progress, challenges and
opportunities. Rev. Geophys. 2015, 53, 452-480. [CrossRef]

[3] Al-Hemoud, A., Al-Dousari, A., Al-Dashti, H., Petrov, P., Al-Saleh, A., Al-Khafaji, S.,
Behbehani, W., Li, J., and Koutrakis, P.: Sand and dust storm trajectories from lraq
Mesopotamian flood plain to Kuwait, Science of The Total Environment, 710, 136291,
2020

[4] ALMeida, A.Q. et al. Empiric relations between dendrometric characteristics of the
Brazilian dry forest and Landsat 5 TM data. Pesquisa Agropecuaria Brasileira. v.49,
n.4, p.306- 315, 2014. Available from: . Accessed: Jun. 06, 2021. doi: 10.1590/ S0100-
204X20140004000009.

[5] Anderson K and Croft H (2009) Remote sensing of soil surface properties. Progress in
Physical Geography 33(4): 457-473.

[6] Arias, M.; Campo-Bescos, M.A.; Alvarez-Mozos, J. Crop classification based on
temporal signatures of Sentinel-1 observations over Navarre province, Spain. Remote.
Sens. 2020, 12, 278, doi:10.3390/rs12020278

[7] Asadi H., Esmailzadeh O., Hosseini S.M., Asri Y., Zare H. (2016): Application of
cocktail method in vegetation classification. Journal of Taxonomy and Biosystematics,
8:21-38.

[8] Avyaz.H,izzetoglu M., lzzetoglu K.,et al(2019). The use of functional near-infrared
spectroscopy in neuroergonomics. In: Hasan A., Frederic D., editors. Neuroergonomics,
London: Elsevier,

[9] Azizia, Najafia , Sohrabia. “Forest canopy density estimating, using satellite images”,
Natural Resources and Marine Sciences Faculty of Tarbiat Modares University — The
International Archives of the Photogrammetry, Remote Sensing and Spatial Information
Sciences. Vol. XXXVII. Part B8. Beijing 2008

[10] Baker, R.E.; Pefia, J.M.; Jayamohan, J.; Jérusalem, A. Mechanistic models versus
machine learning, a fight worth fighting for the biological community? Biol. Lett. 2018,
14, 1-4. [CrossRef]

[11] Ballabio, C.; Lugato, E.; Fernandez-Ugalde, O.; Orgiazzi, A.; Jones, A.; Borrelli, P.;
Montanarella, L.; Panagos, P. Mapping LUCAS topsoil chemical properties at
European scale using Gaussian process regression. Geoderma 2019, 355, 113912.
[CrossRef]

[12] Ballabio, C.; Panagos, P.; Monatanarella, L. Mapping topsoil physical properties at
European scale using the LUCAS database. Geoderma 2016, 261, 110-123. [CrossRef]

[13] Balogun, A.L.; Yekeen, S.T.; Pradhan, B.; Althuwaynee, O.F. Spatio-Temporal
Analysis of Oil Spill Impact and Recovery Pattern of Coastal VVegetation and Wetland
Using Multispectral Satellite Landsat 8-OLI Imagery and Machine Learning Models.
Remote Sens. 2020, 12, 1225. [CrossRef]

5418



International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[14] Bannari A, El-Battay A, Bannari R, Rhinane H (2018) Sentinel-MSI VNIR and SWIR
bands sensitivity analysis for soil salinity discrimination in an arid landscape. Remote
Seningsing 10, 855 . https://doi.org/10.3390/rs10060855

[15] Baret, E., Guyot, G., (1991): Potentials and limits of vegetation indices for LAl and
APAR assessment. Remote Sensing of Environment 35, p. 161-173.

[16] Baret, F.; Houles, V.; Guérif, M. Quantification of plant stress using remote sensing
observations and crop models: The case of nitrogen management. J. Exp. Bot. 2007, 58,
869-880. [CrossRef] [PubMed]

[17] Barnes EM, Sudduth KA, Hummel JW, et al. (2003) Remote- and ground-based sensor
techniques to map soil properties. Photogrammetric Engineering and Remote Sensing
69(6): 619-630

[18] Baynes, Jack. “Assessing Forest Canopy Density in a Highly Variable Landscape Using
Landsat Data and FCD Mapper Software.” Australian Forestry, vol. 67, no. 4, 2004, pp.
247-253., d0i:10.1080/00049158.2004.10674942.

[19] Brown, A.; Bethel, G.; Koehler, S. Threats to Precision Agriculture; Public-Private
Analytic Exchange Program (AEP): Washington, DC, USA, 2018; p. 25

[20] Bushong, J.T.; Mullock, J.L.; Miller, E.C.; Raun, W.R.; Brian Arnall, D. Evaluation of
mid-season sensor based nitrogen fertilizer recommendations for winter wheat using
different estimates of yield potential. Precis. Agric. 2016, 17, 470-487. [Google Scholar]
[CrossRef]

[21] Carré, M., 2007. EI mes de recoleccion de la macha (Mesodesma donacium)
determinado por sus lineas de crecimiento: aplicaciones arqueoldgicas. Bulletin de
I'Institut Francais d'Etudes Andines 36, 299-304

[22] Chang, Liu, et al. “A Review of Plant Spectral Reflectance Response to Water
Physiological Changes.” Chinese Journal of Plant Ecology, vol. 40, no. 1, 2016, pp. 80—
91., doi:10.17521/cjpe.2015.0267.

[23] Chen Y, et al. (2005) Identification of mitogen-activated protein kinase signaling
pathways that confer resistance to endoplasmic reticulum stress in Saccharomyces
cerevisiae. Mol Cancer Res 3(12):669-77

[24] Choubin B, Malekian A, Golshan M (2016b) Application of several data-driven
techniques to predict a standardized precipitation index. Atmdésfera 29(2): 121-128.
https://doi.org/10.20937/ATM.2016.29.02.02

[25] Clevers, J.G.; Gitelson, A.A. Remote estimation of crop and grass chlorophyll and
nitrogen content using red-edge bands on Sentinel-2 and-3. Int. J. Appl. Earth Obs.
Geoinf. 2013, 23, 344-351.

[26] DaPonte, D., Talbot, F., Titov, N., Dear, B., Hadjistavropoulos, H., Hadjistavropoulos,
T., & Jbilou, J. (2018). Facilitating the Dissemination of iCBT for the Treatment of
Anxiety and Depression: A Feasibility Study. Behaviour Change, 35(3), 139-151. doi:
10.1017/bec.2018.14

[27] Delegido, J.; Verrelst, J.; Alonso, L.; Moreno, J. Evaluation of sentinel-2 red-edge
bands for empirical estimation of green LAI and chlorophyll content. Sensors 2011, 11,
7063-7081. [CrossRef]

[28] Dewitte, S., Janssen, E., & Mekaoui, S. 2012, in AIP Conf. Proc. 1531, Science Results
from the Sova-Picard Total Solar Irradiance Instrument (Melville, NY: AlIP), 688

[29] Di Napoli, M.; Marsiglia, P.; Di Martire, D.; Ramondini, M.; Ullo, S.; Calcaterra, D.
Landslide susceptibility assessment of wild- fire burnt areas through Earth-observation
techniques and a machine learning-based approach. Remote. Sens. 2020, 12, 2505,
doi:10.3390/rs12152505.

5419


https://scholar.google.com/scholar_lookup?title=Evaluation+of+mid-season+sensor+based+nitrogen+fertilizer+recommendations+for+winter+wheat+using+different+estimates+of+yield+potential&author=Bushong,+J.T.&author=Mullock,+J.L.&author=Miller,+E.C.&author=Raun,+W.R.&author=Brian+Arnall,+D.&publication_year=2016&journal=Precis.+Agric.&volume=17&pages=470%E2%80%93487&doi=10.1007/s11119-016-9431-3
https://dx.doi.org/10.1007/s11119-016-9431-3
https://doi.org/10.20937/ATM.2016.29.02.02

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[30] Doshi, J.; Patel, T.; Bharti, S.K. Smart farming using IoT, a solution for optimally
monitoring farming conditions. Procedia Com- put. Sci. 2019, 160, 746-751,
doi:10.1016/j.procs.2019.11.016.

[31] Elahi, H.; Munir, K.; Eugeni, M.; Atek, S.; Gaudenzi, P. Energy harvesting towards
self-powered 10T devices. Energies 2020, 13, 5528, doi:10.3390/en13215528

[32] Felde, G.W.; Anderson, G.P.; Cooley, T.W.; Matthew, M.W.; Berk, A.; Lee, J. Analysis
of Hyperion data with the FLAASH atmospheric correction algorithm. In Proceedings
of the 2003 IEEE International Geoscience and Remote Sensing Symposium, Toulouse,
France, 21-25 July 2003; pp. 90-92

[33] Fisher, J. R. B. et al. (2018) ‘Impact of satellite imagery spatial resolution on land use
classification accuracy and modelled water quality’, Remote Sensing in Ecology and
Conservation, 4(2), pp. 137-149.

[34] Gamon JA, Field CB, Goulden M, Griffin K, Hartley A, Joel G, Penuelas J, Valentini
R. 1995. Relationships between NDVI, canopy structure, and photosynthetic activity in
three Californian vegetation types. Ecological Application 5: 28-41.

[35] Gamon JA, Somers B, Malenovsky Z, Middleton EM, Rascher U, Schaepman ME.
2019. Assessing Vegetation Function with Imaging Spectroscopy. Surveys in
Geophysics 40, 489-513

[36] Garcia P., Perez E. (2016): Mapping of soil sealing by vegetation indexes and built-up
index: A case study in Madrid (Spain). Geoderma, 268: 100-107.

[37] Gargiulo, M.; Dell’Aglio, D.A.G.; lodice, A.; Riccio, D.; Ruello, G. Integration of
sentinel-1 and sentinel-2 data for land cover mapping using W-Net. Sensors 2020, 20,
2969. [CrossRef] [PubMed]

[38] GISGeography (2019): What is NDVI (Normalized Difference Vegetation Index).
Available at: https://gisgeography.com/ ndvi-normalized-difference-vegetation-index/
Google Scholar

[39] Grunwald, A. (2010): From Speculative Nanoethics to Explorative Philosophy of
Nanotechnology. NanoEthics VVolume 4, Issue 2 (2010), S. 91-101

[40] Guo, F., Yu, J., Jung, H.J., Abruzzi, K.C., Luo, W., Griffith, L.C., and Rosbash, M.
(2016). Circadian neuron feedback controls the Drosophila sleep—activity profile.
Nature 536, 292-297.

[41] Honkavaara, E.; Saari, H.; Kaivosoja, J.; Pélonen I.; Hakala, T.; Litkey, P.; Makynen,
J.; Pesonen, L., 2013. Processing and Assessment of Spectrometric, Stereoscopic
Imagery Collected Using a Lightweight UAV Spectral Camera for Precision
Agriculture. Remote Sensing, vol. 5, pp. 5006- 5039. D0i:10.3390/rs5105006. ISSN
2072-4292.

[42] Hosseini M., Movahedi Naeini S.A., Dehghani A.A., and Khaledian Y. 2016.
Estimation of soil mechanical resistance parameter by using particle swarm
optimization, genetic algorithm and multiple regression methods. Soil Tillage Res. 157:
32-42.

[43] Hosseini, M.; McNairn, H.; Merzouki, A.; Pacheco, A. Estimation of leaf area index
(LAI) in corn and soybeans using multipolarization C- and L-band radar data. Remote
Sens. Environ. 2015, 170, 77-89. [CrossRef]

[44] HUETE, A.R. A soil-adjusted vegetation index (SAVI). Remote Sensing of
Environment, 25 v.3, p.295-309, 1988. Available from: Hyperspectral signatures
properties of a newly discovered anhydrite soil in United Arab Emirates and accepted
by USDA soil taxonomy

[45] IEEE-IGARSS-2018, Valencia, Spain (2018) Indices gallery". ArcGIS Pro, ESRI.
2018.

5420


https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=FedCoin:+A+Peer-To-Peer+Payment+System+for+Federated+Learning2020+February+01,+2020:%5BarXiv:2002.11711+p.%5D&btnG=

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

http://pro.arcgis.com/en/pro-app/help/data/imagery/indices-gallery.htm.
Accessed February 1, 2019.

[46] Inglada, J., Vincent, A., Arias, M., & Marais-Sicre, C. (2016). Improved Early Crop
Type Identification 729 By Joint Use of High Temporal Resolution SAR And Optical
Image Time Series. Remote Sens., 8(5), 730 362

[47] Inglada, J.; Arias, M.; Tardy, B.; Hagolle, O.; Valero, S.; Morin, D.; Dedieu, G.;
Sepulcre, G.; Bontemps, S.; Defourny, P.; et al. Assessment of an operational system
for crop type map production using high temporal and spatial resolution satellite optical
Imagery. Remote. Sens. 2015, 7, 1235612379, doi:10.3390/rs70912356

[48] International Journal of Environmental Research and Public Health, 17 (2020),
p. 4826, 10.3390/ijerph17134826

[49] Isaev S, Begmatov I, Goziev G, Khasanov S 2020 In: IOP Conference Series: Materials
Science and Engineering 883(1) 68-80

[50] Jensen, J.L.; Humes, K.S.; Vierling, L.A.; Hudak, A.T. Discrete return lidar-based
prediction of leaf area index in two conifer forests. Remote Sens. Environ. 2008, 112,
3947-3957. [CrossRef]

[51] Ji, JC (2003) Stability and Hopf Bifurcation of magnetic bearing system with time
delays. Journal of Sound and Vibration 259: 845-856.
Google Scholar | Crossref | ISI

[52] Kayad, A.G.; Al-Gaadi, K.A.; Tola, E.; Madugundu, R.; Zeyada, A.M.; Kalaitzidis, C.
Assessing the spatial variability of alfalfa yield using satellite imagery and ground-
based data. PLoS ONE 2016, 11, e0157166. [CrossRef]

[53] King JE Weiss AFarmer KH (2005) A chimpanzee (Pan troglodytes) analogue of cross-
national generalization of personality structure: zoological parks and an African
sanctuary Journal of Personality 73:389-410.

[54] Koo, D.D.; Lee, J.J.; Sebastiani, A.; Kim, J. An Internet-of-Things (IoT) system
development and implementation for bathroom safety enhancement. Procedia Eng.
2016, 145, 396403, d0i:10.1016/j.proeng.2016.04.004. 3.

[55] Lagacherie, P., McBratney, A. B. and Voltz, M. (eds.) 2007. Digital soil mapping an
introductory perspective. Developments in soil science. Vol. 31. Elsevier, New York,
NY. 595 pp

[56] Lakhankar, T., Ghedira, H., Temimi, M., Sengupta, M., Khanbilvardi, R. and Blake, R.:
Non-parametric Methods for Soil 20 Moisture Retrieval from Satellite Remote Sensing
Data, Remote Sens. 1, 3-21, doi:10.3390/rs1010003, 2009.

[57] Lakhankar, T.; Krakauer, N.; Khanbilvardi, R. Applications of microwave remote
sensing of soil moisture for agricultural ap- plications. Int. J. Terraspace Sci. Eng. 2009,
2,81-91

[58] Lakshmisudha, K., Hegde, S., Kale, N., lyer, S., (2016), Smart Precision Based
Agriculture Using Sensors, International Journal of Computer Applications, 146(11),
36-38.

[59] Lippitt, C.D., D.A. Stow, and P.J. Riggan. 2016. Application of the remote-sensing
communication model to a time-sensitive wildfire remote-sensing system. International
Journal of Remote Sensing Vol. 37 No.14, 3272-3292.

[60] Macias F, Camps Arbestain M (2010) Soil carbon sequestration in a changing global
environment. Mitigation and Adaptation Strategies for Global Change 15, 511-529.
| Soil carbon sequestration in a changing global
environment.Crossref | GoogleScholarGoogle Scholar |

[61] Major, D. J., Baret, F., Guyot, G., (1990): A ratio vegetation index adjusted for soil
brightness. International Journal of Remote Sensing 11 (5), p. 727-740.

5421


http://pro.arcgis.com/en/pro-app/help/data/imagery/indices-gallery.htm
https://doi.org/10.3390/ijerph17134826
http://scholar.google.com/scholar_lookup?hl=en&volume=259&publication_year=2003&pages=845-856&author=JC+Ji&title=Stability+and+Hopf+Bifurcation+of+magnetic+bearing+system+with+time+delays
https://journals.sagepub.com/servlet/linkout?suffix=bibr12-1077546316651769&dbid=16&doi=10.1177%2F1077546316651769&key=10.1006%2Fjsvi.2002.5125
https://journals.sagepub.com/servlet/linkout?suffix=bibr12-1077546316651769&dbid=128&doi=10.1177%2F1077546316651769&key=000180658900007
https://scholar.google.com/scholar?q=%22author:King+JE%22
https://scholar.google.com/scholar?q=%22author:Weiss+A%22
https://scholar.google.com/scholar?q=%22author:Weiss+A%22
https://scholar.google.com/scholar?q=%22author:Weiss+A%22
https://doi.org/10.1111/j.1467-6494.2005.00313.x
https://doi.org/10.1111/j.1467-6494.2005.00313.x
https://doi.org/10.1111/j.1467-6494.2005.00313.x
https://doi.org/10.1007/s11027-010-9231-4
https://doi.org/10.1007/s11027-010-9231-4
https://scholar.google.com/scholar_lookup?title=Soil%20carbon%20sequestration%20in%20a%20changing%20global%20environment.&journal=Mitigation%20and%20Adaptation%20Strategies%20for%20Global%20Change&volume=15&pages=511-529&publication_year=2010&author=F%20Mac%C3%ADas&hl=en&doi=10.1007/s11027-010-9231-4

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[62] Marcus, L., Lemery, S. J., Keegan, P., and Pazdur, R. (2019). FDA Approval Summary:
Pembrolizumab for the Treatment of Microsatellite Instability-High Solid Tumors. Clin.
Cancer Res. 25 (13), 3753-3758. d0i:10.1158/1078-0432.CCR-18-4070

[63] Masoud, A.A., Koike, K., 2006. Arid land salinization detected by remotely-sensed
landcover changes: a case study in the Siwa region, NW Egypt. Journal of Arid
Environments 66 (1), 151-167

[64] Matsushita, B.; Yang, W.; Chen, J.; Onda, Y.; Qiu, G. Sensitivity of the Enhanced
Vegetation Index (EVI) and Normalized Difference
Vegetation Index (NDVI) to topographic effects. Sensors 2007, 7, 2636-2651.
[CrossRef] [PubMed]

[65] McBratney AB, Mendonca Santos ML, and Minasny B

(2003) On digital soil mapping. Geoderma 117(1-2):
3-52.

[66] McKinnon, T.; Hoff, P. Comparing RGB-based vegetation indices with NDVI for drone
based agricultural

sensing. AGBX 2017, 021, 1-8. Available online: https://agribotix.com/wp-
content/uploads/2017/05/AgribotixVARI-TGI-Study.pdf (accessed on 23 September
2020)

[67] Melillos G., Hadjimitsis D.G. (2020): Using simple ratio (SR) vegetation index to
detect deep man-made infrastructures in Cyprus. In: Proc. 15th Conf. Detection and
Sensing of Mines, Explosive Objects, and Obscured Targets, April 27-May 8, 2020:

114180E.

[68] MODIS NDVI and NDWI for vegetation drought
monitoring using Oklahoma Mesonet soil moisture data. Geophys. Res. Lett. 2008, 35.
[CrossRef]

[69] Muhammad Al-Khuzamy Aziz (2004): Integration between geographic information
systems and e-government, and was in the first office, the fifth conference, the period in
Cairo on September 6-7, 2004, at the Nile Hotel, and organized by the Decision Support
Systems Center in the Egyptian Council of Ministers, conference volume, Titled Arab
map 2004, pp. 3-12.

[70] Mulder VL, de Bruin S, Schaepman ME, and Mayr TR (2011) The use of remote
sensing in soil and terrain mapping — a review. Geoderma 162: 1-19.

[71] Mulla, D.J. Twenty five years of remote sensing in precision agriculture: Key advances
and remaining knowledge gaps. Biosyst. Eng. 2013, 114, 358-371. [CrossRef]

[72] Myers, V. I, 1983. Remote Sensing Applications in Agriculture. Manual of Remote
Sensing, (R. N. Colwell, editor), American Society of Photogrammetry, Virginia.

[73] Naji T.A: (2018): Study of vegetation cover distribution using DVI, PVI, WDVI indices
with 2D-space plot. Journal of Physics Conference Series, 1003: 012083.

[74] NGUYEN, S. N., NGUYEN, V. D. H.,, NGUYEN, L. T., & MURPHY, R. W. 2020. A
new skink of the genus Scincella Mittleman, 1950 (Squamata: Scincidae) from southern
Vietnam. Zootaxa 4868 (3): 423-434 - get paper here

[75] Nock, C.A.; Vogt, R.J.; Beisner, B.E. Functional Traits. eLS 2016, 1-8. [CrossRef]

[76] Nock, C.A.; Vogt, R.J.; Beisner, B.E. Functional Traits. eLS 2016, 1-8. [Google
Scholar] [CrossRef]

[77] Parlak, N. (2007). 2000-2006 vyillari arasinda ogrenci secme sinavinda cikan biyoloji
sorularinin konulara gore dagilimi ve orta ogretimden yuksek ogretime geciste biyoloji
ozelinde yasanan sorunlar[Between the years of 2000-2006, student’s choice of
questions on the topic of gonorrhoeae biology questions gore distribution and middle

5422


https://doi.org/10.11646/zootaxa.4868.3.6
https://scholar.google.com/scholar_lookup?title=Functional+Traits&author=Nock,+C.A.&author=Vogt,+R.J.&author=Beisner,+B.E.&publication_year=2016&journal=eLS&pages=1%E2%80%938&doi=10.1002/9780470015902.a0026282
https://scholar.google.com/scholar_lookup?title=Functional+Traits&author=Nock,+C.A.&author=Vogt,+R.J.&author=Beisner,+B.E.&publication_year=2016&journal=eLS&pages=1%E2%80%938&doi=10.1002/9780470015902.a0026282
https://dx.doi.org/10.1002/9780470015902.a0026282

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

education to high school graduate biology] (Unpublished master’s thesis). Gazi
Universitesi Egitim Bilimleri Enstitusu, Ankara, Turkey.

[78] Pettorelli, N. The Normalized Difference Vegetation Index; Oxford University Press:
Oxford, UK, 2013

[79] PONZONI, JF. et al. Sensoriamento remoto da vegetacdo. Sdao
Paulo: Oficina de Textos, 2012

[80] Prasad, A.K.; Chai, L.; Singh, R.P.; Kafatos, M. Crop yield estimation model for lowa
using remote sensing and surface parameters. Int. J. Appl. Earth Obs. Geoinf. 2006, 8,
26-33. [CrossRef

[81] Qi, J., Chehbouni, A ., Huete, A.R., Kerr, Y.H., Sorooshian, S., (1994): A modified soil
adjusted vegetation index. Remote Sensing of Environment 47, p. 1-25.

[82] Quan Z., Z. Xianfeng and J. Miao. 2011. “Ecoenvironment variable estimation from
remote sensed data and eco-environment assessment: models and system,” Acta
Botanica Sinica. vol. 47,pp: 1073- 1080.

[83] Rajendran, S., Obeid, J. S., Binol, H., D Agostino, R., Foley, K., Zhang, W., et al.
(2021). Cloud-Based Federated Learning Implementation across Medical Centers. JCO
Clin. Cancer Inform. 5, 1-11. doi:10.1200/CCI.20.00060

[84] Rajendran, S., Obeid, J. S., Binol, H., D Agostino, R., Foley, K., Zhang, W., et al.
(2021). Cloud-Based Federated Learning Implementation across Medical Centers. JCO
Clin. Cancer Inform. 5, 1-11. doi:10.1200/CC1.20.00060

[85] Raun, W.R.; Solie, J.B.; Stone, M.L.; Martin, K.L.; Freeman, K.W.; Mullen, RW,;
Zhang, H.; Schepers, J.S.; Johnson, G.V. Optical sensor-based algorithm for crop
nitrogen fertilization. Commun. Soil Sci. Plant Anal. 2005, 36, 2759-2781. [CrossRef]

[86] Raza, M.M.; Harding, C.; Liebman, M.; Leandro, L.F. Exploring the Potential of High-
Resolution Satellite Imagery for the Detection of Soybean Sudden Death Syndrome.
Remote Sens. 2020, 12, 1213. [CrossRef]

[87] Rikimaru, P.S. Roy and S. Miyatake, 2002. Tropical forest cover density mapping.
Tropical Ecology Vol. 43, Nel, pp 39-47.

[88] Robinson N.P., Allred B.W., Jones M.O., Moreno A., Kumball J.S., Naugle D.E.,
Erickson T.A., Richardson A.D. (2017): A dynamic Landsat derived normalized
difference vegetation index (NDVI) product for the conterminous United States.
Remote Sensing, 9: 863

[89] Rossel, R.V., Behrens, T., Ben-Dor, E., Brown, D.J., Dematté, J.A.M., Shepherd, K.D.,
Shi, Z., Stenberg, B., Stevens, A., Adamchuk, V., Aichi, H., Barthés, B.G.,
Bartholomeus, H.M., Bayer, A.S., Bernoux, M., Bottcher, K., Brodsky. L., Du, C.W.,
Chappell, A., Fouad, Y., Genot, V., Gomez, C., Grunwald, S., Gubber, A.; Guerrero, C.,
Hedley, C.B., Knadel, M., Morras, H.J.M., Nocita, M., Ramirez-Lopez, L., Roudier, P.,
Campos, E.M.R., Sanborn, P., Sellitto, V.M., Sudduth, K.A., Rawlins, B.G., Walter, C.,
Winowiecki, A., Hong, S.Y., Ji, W., 2016. A global spectral library to characterize the
world’s soil. Earth Science Reviews 155, 198-230.

[90] Rouse, J.W., Haas, R.H., Schell, J.A. and Deering, D.W. (1974) Monitoring Vegetation
Systems in the Great Plains with ERTS. Third ERTS-1 Symposium NASA, NASA SP-
351, Washington DC, 309-317. Jensen, J. Introductory Digital Image Processing: A
Remote Sensing Perspective, Third Edition. Environ. Eng. Geosci. 1996, 13,
89-90. [CrossRef]

[91] Rouse, J.W.; Haas, R.H.; Schell, J.A.; Deering, D.W. Monitoring the Vernal
Advancement and Retrogradation (Green Wave Effect) of Natural Vegetation; Remote
Sensing Centre, TEXAS A&M University: College Station, TX, USA, 1973.

5423



International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[92] Sajedi-Hosseini, F., Choubin, B., Solaimani, K., Cerda, A., & Kavian, A. (2018).
Spatial prediction 532 of soil erosion susceptibility using FANP: Application of the
Fuzzy DEMATEL approach. Land 533 Degradation & Development. DOI:
10.1002/1dr.3058 .

[93] Samaras, S.; Diamantidou, E.; Ataloglou, D.; Sakellariou, N.; Vafeiadis, A,
Magoulianitis, V.; Lalas, A.; Dimou, A.; Zarpalas, D.; Votis, K.; et al. Deep learning on
multi sensor data for counter UAV applications—A systematic review. Sensors 2019,
19, 4837, d0i:10.3390/s19224837

[94] Santi, E.; Paloscia, S.; Pettinato, S.; Fontanelli, G.; Mura, M.; Zolli, C.; Maselli, F.;
Chiesi, M.; Bottai, L.; Chirici, G.; et al. The potential of multifrequency SAR images
for estimating forest biomass in Mediterranean areas. Remote Sens. Environ. 2017, 200,
63-73. [CrossRef]

[95] SANTOS, F.A. et al. Albedo Seasonal Behavior and vegetation
indices in the upper basin Paraiba River. Revista Brasileira de
Geografia  Fisica. v07, nb5, p. 1015-1027, 2014. Available from:
<https://periodicos.ufpe.br/revistas/rbgfe/article/view/233416>.

Accessed: Jun. 06, 2021. doi: 10.26848/rbgf.v7.5
[96] Schmugge, T. J, W. P. Kustas, J. C. Ritchie, T. J

Jackson, and A. Rango (2002), Remote sensing in
hydrology, Advances in Water Resources, 25(8-12),
1367-1385

[97] Schneider A, Friedl MA, Mclver DK, and Woodcock CE (2003) Mapping urban areas
by fusing multiple sources of coarse resolution remotely sensed data. Photogrammetric
Engineering and Remote Sensing 69(12): 1377-1386.

[98] Sci. Total Environ., 710 (2020), p. 136291, 10.1016/j.scitotenv.2019.136291

[99] Shafi, U.; Mumtaz, R.; Garcia-Nieto, J.; Hassan, S.A.; Zaidi, S.A.R.; Igbal, N. Precision
agriculture techniques and practices: From considerations to applications. Sensors 2019,
19, 3796, doi:10.3390/s19173796.

[100]Shefali Aggarwal,(2021 Satellite Remote Sensing and GIS Applications in Agricultural
Meteorologypp. 23-38

[101]Shi, Y.; Wang, T.; Skidmore, A.K.; Heurich, M. Improving LiDAR-based tree species
mapping in Central European mixed forests using multi-temporal digital aerial

[102]Simdes. et al., 2005 C. Simdes, S. Dibb, R. Fisk Managing corporate identity: an
internal perspective Journal of the Academy of Marketing Science, 33 (2) (2005),
pp. 153-169

[103]Sishodia, R.P., Ray, R.L., and Singh, S.K. (2020). Applications of Remote Sensing in
Precision  Agriculture: A Review. Remote  Sensing, 12, 3136.
Crossref, Google Scholar

[104]Sishodia, R.P.; Shukla, S.; Graham, W.D.; Wani, S.P.; Jones, J.W.; Heaney, J. Current,
and future groundwater withdrawals: Effects, management and energy policy options
for a semi-arid Indian watershed. Adv. Water Resour. 2017, 110, 459-475.

[105]Syrovy, D. (2020). Translation, transmission, irony: Benoit de Sainte-Maure and the
trope of the fictional source text in Western literature before Cervantes. In N.
Bachleitner, A. Holter & J. A. McCarthy (Eds.), Taking stock—twenty-five years of
comparative literary research (pp. 447-492). Leiden: Brill-Rodopi

[106] Tanré, D.; Deroo, C.; Duhaut, P.; Herman, M.; Morcrette, J.J.; Perbos, J.; Deschamps,
P.Y. Description of a computer code to simulate the satellite signal in the solar
spectrum: The 5S code. Int. J. Remote Sens. 1990, 11, 659-668. [Google Scholar]

[CrossRef]

5424


https://doi.org/10.1016/j.scitotenv.2019.136291
https://www.sciencedirect.com/science/article/pii/S0970389615000439#bbib0540
https://www.wageningenacademic.com/servlet/linkout?suffix=atypb11&dbid=16&doi=10.3920%2F978-90-8686-916-9_49&key=10.3390%2Frs12193136
http://scholar.google.com/scholar?hl=en&q=Sishodia%2C+R.P.%2C+Ray%2C+R.L.%2C+and+Singh%2C+S.K.+%282020%29.+Applications+of+Remote+Sensing+in+Precision+Agriculture%3A+A+Review.+Remote+Sensing%2C+12%2C+3136.
https://scholar.google.com/scholar_lookup?title=Description+of+a+computer+code+to+simulate+the+satellite+signal+in+the+solar+spectrum:+The+5S+code&author=Tanr%C3%A9,+D.&author=Deroo,+C.&author=Duhaut,+P.&author=Herman,+M.&author=Morcrette,+J.J.&author=Perbos,+J.&author=Deschamps,+P.Y.&publication_year=1990&journal=Int.+J.+Remote+Sens.&volume=11&pages=659%E2%80%93668&doi=10.1080/01431169008955048
https://dx.doi.org/10.1080/01431169008955048

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[107] Todorovic M., 2006. An Excel-based tool for real time irrigation management at field
scale. Proc. Int. Symp. on Water and Land Management for Sustainable Irrigated
Agriculture, Adana, Turkey. 4-8 April, 2006. Cukurova University, Adana, Turkey.

[108] Tucker C.J. (1979) Red and photographic infrared linear combinations monitoring
vegetation. Journal of Remote Sensing Environment, 8(2), 127-150. doi:10.1016/0034-
4257(79)90013-0

[109]Ullo, S.L.; Zarro, C.; Wojtowicz, K.; Meoli, G.; Focareta, M. LIDAR-based system and
optical VHR data for building detection and mapping. Sensors 2020, 20, 1285,
d0i:10.3390/s20051285

[110]Vani V., Mandla V.R. (2017): Comparative study of NDVI and SAVI vegetation
indices in Anantapur district semiarid areas. International Journal of Civil Engineering
& Technology, 8: 287-300.

[111]Verrelst, J., Romijn, E., Kooistra, L. (2012). Mapping vegetation structure in a
heterogeneous river floodplain ecosystem using pointable CHRIS/PROBA
data. Remote Sensing, 4(9), p. 2866

[112] Verrelst, J.; Mufioz, J.; Alonso, L.; Delegido, J.; Rivera, J.P.; Camps-Valls, G.; Moreno,
J. Machine learning regression algorithms for biophysical parameter retrieval:
Opportunities for Sentinel-2 and-3. Remote Sens. Environ. 2012, 118, 127-139.
[CrossRef]

[113]Vrieling, A., De Leeuw, J. & Said, M.Y. (2013) Length of growing period over africa:
Variability and trends from 30 years of NDVI time series. Remote Sensing, 5, 982—-1000

[114]Vrieling, A., Sterk, G. and Beaulieu, N. (2002) Erosion Risk Mapping: A
Methodological Case Study in the Colombian Eastern Plains. Journal of Soil and Water
Conservation, 57, 158-163.

[115]Wan Kim-Sang et al. 2018. Monitoring The Risk of Large Building Collapse Using
Persistent Scatterer Interferometry and GIS. Terr. Atmos. Ocean. Sci., Vol. 29, No. 5,
535-545, October 2018. doi: 10.3319/TA0.2018.03.07.01

[116]Wang, J., Wei, H., Cheng, K., Ochir, A., Davaasuren, D., Li, P., et al. (2020). Spatio-
temporal pattern of land degradation from 1990 to 2015 in Mongolia. Environ.
Dev. 34:100497. doi: 10.1016/j.envdev.2020.100497

[117]Weiss, M., Jacob, F., & Duveiller, G. (2020). Remote sensing for agricultural
applications: A meta-review. Remote Sensing of Environment, 236, 111402.
doi:10.1016/j.rse.2019.111402

[118]Wenlong, X. D. L., (2009): Vegetation index controlling the influence of soil reflection.
http://www.paper.edu.cn/releasepaper/content/200906-376

[119]Jinru Xue, Baofeng Su, "Significant Remote Sensing Vegetation Indices: A Review of
Developments and Applications”, Journal of Sensors, vol. 2017, Article ID 1353691, 17
pages, 2017. https://doi.org/10.1155/2017/1353691

[120]Yang, L., Wang, L., Huang, J. , Mansaray, L. R., & Mijiti, R. (2019). Monitoring
policy-driven crop area adjustments in northeast China wusing Landsat-8
imagery. International Journal of Applied Earth Observation and Geoinformation ,
82, 101892. https://doi.org/10.1016/].jag.2019.06.002 [Crossref], [Web of  Science
®], [Google Scholar]

[121]Yekeen, S.T.; Balogun, A.-L. Advances in remote sensing technology, machine
learning and deep learning for marine oil spill detection, prediction and vulnerability
assessment. Remote. Sens. 2020, 12, 3416, doi:10.3390/rs12203416.

[122]Yigini, Y.; Panagos, P. Assessment of soil organic carbon stocks under future climate
and land cover changes in Europe. Sci. Total Environ. 2016, 557, 838-850. [CrossRef]

5425


http://www.mdpi.com/2072-4292/4/9/2866
http://www.mdpi.com/2072-4292/4/9/2866
http://www.mdpi.com/2072-4292/4/9/2866
https://doi.org/10.1016/j.rse.2019.111402
http://www.paper.edu.cn/releasepaper/content/200906-376
https://doi.org/10.1016/j.jag.2019.06.002
https://www.tandfonline.com/servlet/linkout?suffix=cit0035&dbid=16&doi=10.1080%2F22797254.2020.1858723&key=10.1016%2Fj.jag.2019.06.002
https://www.tandfonline.com/servlet/linkout?suffix=cit0035&dbid=128&doi=10.1080%2F22797254.2020.1858723&key=000484871800006
https://www.tandfonline.com/servlet/linkout?suffix=cit0035&dbid=128&doi=10.1080%2F22797254.2020.1858723&key=000484871800006
http://scholar.google.com/scholar_lookup?hl=en&volume=82&publication_year=2019&pages=101892&author=L.+Yang&author=L.+Wang&author=J.+Huang&author=L.+R.+Mansaray&author=R.+Mijiti&title=Monitoring+policy-driven+crop+area+adjustments+in+northeast+China+using+Landsat-8+imagery

International Journal of Aquatic Science
ISSN: 2008-8019

Vol 12, Issue 02, 2021

[123]Yuan, L.; Bao, Z.; Zhang, H.; Zhang, Y.; Liang, X. Habitat monitoring to evaluate crop
disease and pest distributions based on multi-source satellite remote sensing imagery.
Opt. Int. J. Light Electron. Opt. 2017, 145, 66—73. [CrossRef]

[124]Zhang, Q. X., Chen, S. L., Wen, X. P., and Du, G. L. (2019). Effect of "Guizhi", a Key
Medicine of Wuling San, on Renal protection of Rats with Adriamycin Nephropathy. J.
Traditional Chin. Med. 60, 150-154.

[125]Zhu, J.K. (2001) Plant Salt Tolerance. Trends in Plant Science, 6, 66-71.
http://dx.doi.org/10.1016/S1360-1385(00)01838-0

[126]Zhu, W.; Jia, S.; Lv, A. A Universal Ts-VI Triangle Method for the Continuous
Retrieval of Evaporative Fraction From MODIS Products.J. Geophys. Res.
Atmos. 2017, 122, 10206-10227. [Google Scholar] [CrossRef]

5426


https://scholar.google.com/scholar_lookup?title=A+Universal+Ts-VI+Triangle+Method+for+the+Continuous+Retrieval+of+Evaporative+Fraction+From+MODIS+Products&author=Zhu,+W.&author=Jia,+S.&author=Lv,+A.&publication_year=2017&journal=J.+Geophys.+Res.+Atmos.&volume=122&pages=10206%E2%80%9310227&doi=10.1002/2017JD026964
https://dx.doi.org/10.1002/2017JD026964

