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ABSTRACT

In banana plantations, irrigation is managed in a homogeneous way, which is inadequate due to the variability
of the soil in different areas, leading to significant losses in productivity. To address this issue, the delimitation
of agricultural management zones (AMZ) was proposed, based on the spatial variability of the physical and
chemical soil attributes, along with information obtained from spectral indices derived from satellite imagery.
Additionally, the soil-climate-plant relationship was considered to improve the accuracy and reliability of the
information. For this purpose, Sentinel-2 satellite images were processed, and various spectral indices were
calculated using the Sen2R package. These indices allowed the generation of AMZ in QGIS using the Smart Map
plugin. The satellite images facilitated the delimitation of homogeneous zones based on spectral information.
Through a correlation matrix between the mean values of physical and chemical soil variables and the spectral
indices per hectare, a correlation was identified between the water stress index and factors such as sand content,
electrical conductivity, soil texture class, and available water. The geospatial analysis allowed for the accurate
delimitation of irrigation zones, compared to those defined solely by the physical and chemical properties of the
soil. The vegetation’s response to soil characteristics, such as water retention capacity, cation exchange, and
base assimilation in the soil, demonstrated the effectiveness of this delimitation.

Keywords: management zones, spectral indices; Smart map; Sen2r, Sentinel 2.

RESUMEN

En plantaciones de banano, el riego se gestiona de manera homogénea, lo cual resulta inadecuado debido a la
variabilidad del suelo en diferentes zonas, lo que genera pérdidas significativas en la productividad. Para
abordar este problema, se propuso la delimitacién de zonas de manejo agricola (ZM) basadas en la variabilidad
espacial de los atributos fisicos y quimicos del suelo, junto con la informacién obtenida de indices espectrales
derivados de imagenes satelitales. Ademas, se considerd la relacién suelo-clima-planta para mejorar la precision
y confiabilidad de la informacién. Para ello, se procesaron imagenes satelitales del satélite Sentinel-2 y se
calcularon diversos indices espectrales utilizando el paquete Sen2R. Estos indices permitieron generar las ZM
en QGIS mediante el complemento Smart Map. Las imagenes satelitales facilitaron la delimitacién de zonas
homogéneas, basadas en informacién espectral. A través de una matriz de correlacion entre los valores medios
de las variables fisicas y quimicas del suelo y los indices espectrales por hectarea, se identificé una correlacién
entre el indice de estrés hidrico y factores como el contenido de arena, la conductividad eléctrica, la clase textural
y la cantidad de agua disponible. El analisis geoespacial permiti6 realizar una correcta delimitacién de las zonas
de riego, comparada con las zonas definidas exclusivamente a partir de las propiedades fisicas y quimicas del
suelo. La respuesta de la vegetacion a las caracteristicas del suelo, como la capacidad de retencion de agua, el
intercambio catidnico y la asimilacién de bases en el suelo, mostrd la eficacia de esta delimitacién.
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INTRODUCTION

The cultivation of bananas (Musa spp.) is a basic
source of food worldwide (Ghag & Ganapathi,
2017), as well as an important agricultural export
product for many tropical countries, including
Ecuador, where its commercialization in the
international market is one of the country's most
significant economic activities (Evans et al,, 2020)
Annual banana production increases by an average
of 1.37 tons per hectare (Varma & Bebber, 2019),
which is closely related to the increase in
productivity, which is achieved through efficient,
technician management that takes into account
both the physiological needs of the crop and the soil
and climatic conditions of the area in which it is
grown (Panigrahi etal,, 2021).

A good agronomic management of crops can be
achieved with the delimitation of agricultural
management units or agricultural management
zones (MZs), which allow the optimization of
resources; economic, social and environmental (X.
Song et al, 2009). The importance of a
differentiated management is due to the variability
of the physical and chemical attributes of the soil,
but also to irrigation, since in the banana crop, if
managed incorrectly, it can generate losses in fruit
mass of up to 65% (Panigrahi et al,, 2021) or an
increase in the incidence of insect pests and
diseases, especially Black Sigatoka (Mycosphaerella
fijiensis Morelet) (Yonow et al, 2019) In the
province of El Oro, a large part of the irrigation
systems are controlled by a manual operator, who
without specific guidance causes by omission
water wastage and inaccuracy in irrigation control,
affecting crop productivity (Berru-Ayala et al,
2020; Panigrahi et al,, 2021).

As a measure to mitigate these errors, precision
agriculture has facilitated the automation of
several processes in irrigation management with
which the costs for the execution of procedures are
reduced (Vélez et al, 2024), such as the
delimitation of MZs with which the state of the
vegetation and the variation present within a crop
can be identified from spatial information obtained
from satellite images, from which the yield or
health of the vegetation can be estimated (HARRIS
et al, 2005; Kureel et al,, 2022) This information
can be associated to the water conditions of the
crop with which the water management of the crop
can be focused (Erazo-Mesa etal.,, 2024; Gorokhova
& Pankova, 2024). Additionally, it is important to

consider that the water needs must be in function
of the soil, climate and plant relationship, which
will allow to increase the efficiency of irrigation
management (Blum, 2011; Zinkernagel et al,
2020).

With the delimitation of the MZs, the technicians
responsible for field management can make correct
decisions (Sawadogo et al.,, 2023), considering the
spatial variability of the physical and chemical
attributes of the soil (Villegas Santa & Castafieda
Sanchez, 2020), which are related to different
physical properties of the soil such as: porosity,
bulk density, texture and structure that influence
the water retention capacity and availability of
water for the crop (Coelho et al, 2019; Ding et al,,
2020).

The literature reports delimitations of MZs using
satellite images obtained from remote sensors as
instruments to obtain information from an object at
a distance in a manned or unmanned means of
transport (MIAO et al., 2018) have been contrasted
with MZs generated from physical (Igor et al,
2020), chemical (Ayele et al,, 2019), hydric (Priori
et al, 2020) and biological (Priori et al., 2019)
properties, demonstrating their efficiency for the
delimitation of MZs. The processing of remotely
sensed information has been tested in several
crops, including banana (Gomez Selvaraj et al,
2020; Wikantika et al, 2022), allowing the
identification of plants by means of aerial imagery
and machine learning methods and the
identification of vegetation health (Cui et al., 2023;
Wau et al,, 2024). Precision agriculture and spectral
indices obtained from satellite images make it
possible to identify areas with lower productivity
on a farm or to estimate crop yields using the
normalized difference vegetation index (NDVI), the
soil-adjusted vegetation index (SAVI) (Chlingaryan
et al, 2018; El-Hendawy et al, 2019) to estimate
soil moisture at field capacity and permanent
wilting point using the water stress index (MSI)
(Welikhe etal., 2017).

With the considerations described above, the
general objective of this research is delimiting
agricultural management zones (MZs), considering
the spatial variability of soil physical and chemical
attributes and the information of spectral indices
calculated from satellite image data and the soil-
climate-plant relationship to increase the
reliability of the information.

METHODOLOGY

Study area

To define the irrigation management zones for
banana cultivation, we worked with information
from a banana farm in the coastal region of Ecuador
located in the province of El Oro, Machala canton,
farm "Las Mercedes" of the company PACIDEL S.A.
with a surface area of 75 hectares, located at the
geographic coordinates 3°15'59. 1 "S 79°53'43.2
"W the farm has the delimitation of productive lots
according to the characteristics of the soil of
variable texture which are mentioned in (Figure
1.), the period in which the study was developed
was between the months of May to July 2022.

Satellite image processing

The images used were obtained through the
Copernicus programmed of the European Space
Agency, in Geo TIFF format (Level 1) and
downloaded using the sen2r package in R version
4.2.2. The images were processed with the Sen2Cor
package for the correction of the orthorectified
level 2A images with reflectance levels below
atmospheric (BOA). Images with reflectance levels
above atmospheric (TOA) of levels 1C were not
used in order to process information with better
resolution, contrast and structure (Ranghetti et al.,
2020).
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Figure 1. Spatial location of the study area.

our images were selected using a KLM and the
EarthExplorer interface, and a Shapefile was
included to delimit the farm in the download. For
image processing, the image was cropped with a
mask layer on the farm and the resolution between
bands was adjusted to 10 meters. Normalized land
cover index (NDVI), normalized difference
adjusted index (SAVI) and MSI water stress index
(Cohen et al, 2013) were selected using the
following equations:

NDVI=((NIR-RED))/((NIR+RED))

where: NDVI is the Normalized Difference
Vegetation Index; NIR the near-near infrared
region; RED the red region. In Sentinel 2 the NIR
corresponds to band 8 (spectral resolution of 0.78
- 0.90 pm) and RED to band 4 (spectral resolution
of 0.65 - 0.68 um).

The Soil Adjusted Vegetation Index (SAVI) has a
slight variation of the traditional NDVI formula to
avoid distortions in the analysis values when
vegetation is located on exposed soils (Rhyma etal,,
2020). Conditions such as temperature or humidity
can influence the working bands analyzed and thus
the results provided by the indicator. In this case,
the SAVI vegetation index will try to avoid this
influence of the soil on the results by adding an
additional factor (L) in the NDVI equation that will
allow working in scenarios where vegetation
development is incipient.

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

Water Stress Index (MSI) for canopy water deficit
analysis, productivity prediction and biophysical
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modelling (Welikhe et al., 2017). The interpre-
tation of the MSI is reversed relative to other
aquatic vegetation indices; thus, higher values of
the index indicate higher plant water stress and, in
inference, lower soil moisture content. Values of
this index range from 0 to more than 3, with the
common range for green vegetation being 0.2 to 2.

MSI=MidIR/NIR

To avoid errors due to overlapping satellite images
in the study area, spectral index data were filtered
for each situation assessed. Values in a 10 m band
around the perimeter of the area and the areas
where fruit processing and housing takes place,
especially at the edges of the area that were close
to other plantations, were excluded. This
procedure allowed for the normalization of NDVI
and SAVI data, as well as productivity data, and
allowed for an accurate comparison between these
parameters. This methodology was used to ensure
the accuracy and reliability of the results (Damian
etal, 2020).

Delimitation of management zones using sate-
llite images

To define the management zones, a combination of
three spectral indices (NDVI, SAVI and MSI)
obtained from the average of four nearby satellite
images was used. The average values of each index
were processed using the Smart-map plug-in of
QGIS version 3.22.11 (Pereira et al.,, 2022). First,
data including the coordinates extracted from the
image and the index values were loaded. Then, the
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management zones window was reviewed, the data
were interpolated, and the number of classes
generated was identified. In this case, three zones
with several iterations equal to 500 were adjusted
according to the FPI and NCE values. This metho-
dology was applied following the methodology
described in the document (Balafoutis et al., 2017).

Delimitation of Management Zones by physical-
chemical properties

The management zones were determined using the
soil characteristics provided by the company
PACIDEL S.A. For this purpose, the farm was
delimited by means of a planimetric survey and
sampling points were generated within each
hectare. ArcGIS image processing tools, including
kriging-based interpolation models and Voronoi
polygon division, were used to create the
management zones (Villasefior et al.,, 2021).

Soil characteristics and adjustment of water
requirements

To determine the irrigation needs of the banana
crop, the CROPWAT software was used, based on
the crop requirements (30). These calculations
were carried out to compare previous water
applications, as well as to adjust them according to
the climatology of the area and the physical and
chemical properties of the soil. To gather
information on climatology, the meteorological

Table 1
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yearbooks of the nearest meteorological station of
the National Institute of Meteorology and
Hydrology (INAMHI), with station code M0292
(Luna-Romero et al., 2018) were consulted (Table
1). This station is located at an altitude of 5 m above
sea level, at latitude 3.17°S and longitude 79.54°W.
As for the calculation of the effective precipitation
of the crop using the FAO/AGLW method, where
the effective precipitation is calculated by the
formula 0.6*P -10/3 when the monthly preci-
pitation is less than or equal to 70/3 mm and varies
from 0.6 to 0.8*P-24/3 when the monthly precipi-
tation is greater than 70/3 mm implemented in the
same CROPWAT software (Villazén Gémez et al,,
2021) the irrigation programming in the charac-
teristics of the crop was carried out using the data
obtained from the FAO manual 56 (Valle Junior et
al,, 2021) due to the fact that it is a perennial crop
the irrigation programming of the crop was carried
out by calculating the phase of the crop at 365 days,
Kc (crop coefficient) of the crop 1.10 root depth of
the crop of 0.70 m, critical exhaustion level 0.65,
yield response 1.35 and crop height of 3 m, because
the soil characteristics are variants on the farm was
determined to perform the calculations of the sheet
time and frequency of irrigation through the Excel
software package Office, based on this background
is performed pro-average calculation of irrigation
needs per month.

Climatology of the study area station M0292. T °C (Temperature), RH (Relative Humidity), VW (Wind Speed), Evap

(Evaporation), PP (Precipitation), H (Heliophany)

Months T(°C) HR(%) VW (kmh1) Evap(mmmes?) PP(mmmes?!) H(hdial) PP (mm dial)
January 26.83 80.05 1.19 112.55 102.67 3.32 331
February 27.06 79.95 1.19 107.94 164.80 3.55 5.89
March 27.34 79.05 1.26 124.42 130.85 445 422
April 28.69 79.33 1.25 123.57 85.33 4.49 2.84
May 26.63 81.33 1.13 97.43 28.75 3.57 0.93
June 25.19 85.00 1.08 75.57 14.36 2.34 0.48
July 24.33 85.14 1.02 73.94 10.41 2.31 0.34
August 23.60 86.14 1.06 71.18 13.27 2.08 0.43
September 23.95 86.32 1.07 71.39 11.46 1.60 0.38
October 23.94 85.70 1.78 65.36 16.70 1.08 0.54
November 24.47 84.70 1.14 71.91 76.63 1.49 2.55
December 25.89 81.05 1.19 98.43 39.50 2.64 1.27
Table 2

Water requirements as a function of climatic conditions in study area M0292. Kc (crop coefficient), ETc (crop
evapotranspiration), Pref. effect (effective precipitation), Req.irrigation (irrigation requirement)

ETc ETc Prec. efec Req.Riego  Req.Riego
Mot Stage Ke mm dia! mm dec! mm dec! mm dec! mm dia!
January Start 1.1 3.2 33.5 19.4 14.1 1.4
February Start 1.1 3.4 321 36.0 0.3 0.0
March Start 1.1 3.7 38.0 26.9 11.1 1.1
April development 1.1 3.5 35.2 14.7 20.6 2.1
May development 1.1 2.8 29.1 2.5 26.6 2.7
June development 1.1 2.2 22.1 0.0 22.1 2.2
July O I 1.1 2.1 21.4 0.0 21.4 2.1
mediation
August CorEloTe: 1.1 2.1 21.9 0.0 21.9 2.2
mediation
September e 1.1 2.1 21.4 0.0 214 2.1
mediation
October Finish 1.1 21 21.7 0.1 21.6 2.2
November Finish 1.1 2.2 21.7 12.5 9.2 0.9
December Finish 1.1 2.4 25.0 4.7 20.3 2.0
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Based on all these antecedents and mathematical
modelling and the USDA Soil Water Characteristics
(Saxton & Rawls, 2006) the needs for which
irrigation time maps were obtained adjusted to
daily irrigations and time intervals between 30 - 50
minutes depending on the texture every 3 days for
which 15% more or less of the interval obtained
was adjusted so that the irrigation management in
situ is easy to use for the operators and to avoid
making manual mistakes. Additionally, the
adjustment of the irrigation time by textural class
is taken into consideration, to better understand
and manage irrigation.

Statistical analysis and comparison of the
results

Before comparing the results, outliers were
manually removed from the attribute table in each
index by generating raster histograms, due to the
influence of roads, key roads and constructions
within the banana plantations. To identify the

correlation between the chemical physical
variables of the soil with the values determined in
the spectral indices, by means of the Voronoi maps
in the ARCGIS software (Song et al, 2015; Tian,
2021) of the most important properties for
irrigation issues, the data will be extracted by
polygons obtained especially on the textural class
and from these to know what is the relationship
between the data obtained from the satellite
images, The raster images were cut and the values
were extracted for each site in order to locate an
average value for each zone as well as for the
physical and chemical conditions of the soil, and
correlation was carried out using the R software
packages corrplot, tidyverse and their comple-
ments. Additionally, to verify the reported values of
the MSI, the maps were compared with the values
of the volumetric moisture content by means of the
TRD 350 probe of Espectrum Technologie s.Inf
(Adla et al, 2020) and related it to the water
retention capacity of the soil.

RESULTS AND DISCUSSION

The once the average raster files for each index
were elaborated, the image was cut and the values
of each pixel were converted to points and
processed in Smart-map and the outliers, extremes
or oultiers were eliminated (Pereira et al., 2022),
because the outliers were previously eliminated,
the distribution of the data in an exponential
manner was maintained, for each index giving a
representation of the outliers produced by the
constructions eliminated from the zoning.

Prior to data cleaning the data were interpolated
and the semi variance model was fitted to the
exponential model in order to generalize the
isotropic variogram (Figure 2 and Figure 3.), the R2
values were adjusted to 0.91 for the NDVI, 0.81 for
the SAVI index and finally 0.87 for the MS], the data
were homogeneously fitted with a good correlation
coefficient to be able to process the data between
the spectral indices (Pereira et al., 2022).
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Figure 2. Removing outliers and cutting the extension of the farm "Las Mercedes". From left to right the a) NDVI, b) SAVI and
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Based on the models to generate the number of
classes for NDVI, SAVI and MSI were grouped and
intercepted into 3 classes, these results were the
same when generating the management zones by
the physical chemical attributes of the soil in which
the fuzzy K-means test and calculates the FPI
(Fuzzy Performance Index) and NCE (Normalized
Classification Entropy) indices, which are widely
recommended in the literature to define the
appropriate number of MZs found the grouping for
3 clusters with each other (Figure 4.). The spectral
indices allowed estimation of the health of the
vegetation (Cohen et al,, 2013), especially in rela-
tion to the hydric conditions of the crop.

Finally, generated the group number and with
interactions adjusted to 500 between them,
homogeneous zones were generated to the zones
generated by the same kriging interpolation model
from variables and spectral information obtained
from Sentinel 2 satellite images, the variations

between spectral indices were not variants
between them, but they were significantly related
to the management zones (Figure 5). The spectral
indices associated with vegetation health allowed
the generation of management zones (Damian et
al., 2020) contrasted with the results currently
obtained, with NDVI and SAVI being the most
closely related, varying from the zones obtained
from the physical and chemical soil conditions.

An overview of the physical and chemical para-
meters of the soil were better associated with the
spectral indices than with the management zones
generated from the physical and chemical proper-
ties of the soil. This can be verified with the
retention capacity from the spatial behavior of the
usable water in the 60 cm and with the textural
class of the soil as well as with the water stress
index; on-site visits to the farms contrasted the
assumptions reviewed, as the areas of greater wa-
ter stress had greater water infiltration (Figure 6).
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Figure 4. Number of classes or groups generated in each spectral index. From left to right the a) NDVI, b) SAVI and c) MSI

indexes showing the oultiers to be suppressed.
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Figure 7. Irrigation scheduling as a function of soil adjusted to management zones and correlation matrix.

Based on these management zones, better irriga-
tion scheduling can be made by adjusting the level
of depletion based on crop textural classes in order
to allow for efficient crop management adjusted to
daily irrigations (Mndela et al, 2023). However,
once the adjustments were made and applied
within the farm, it was complicated to manage
irrigation due to the process involved for the
irrigators of the farms to be able to move between
valves to open the irrigation modules (Figure 7), so
it would be convenient to automate the opening of
the valves according to a module opening design
that helps to reduce water consumption (Berru-

Ayala et al, 2020). The values were positively
associated with the water stress index, because the
higher the water stress the higher the sand content
in the study area or site, while the clay content
decreases with which the soil conditions can be
related especially to the water retention capacity of
the soil particles, as well as the electrical
conductivity (CE) conditions which will influence
the productivity of the zones (Verheijen et al,
2019), while the NDVI and SAVI spectral indices
were better associated with the EC of the soil and
the pH.

CONCLUSIONS

The management zones generated from the NDV],
SAVI and MSI spectral indices by processing
information from satellite images made it possible
to describe three management zones generated by
comparing the j-means model with the
management zones created by the physical and
chemical properties of the soil. However, these
were more associated with the water assimilation
capacity and physical properties obtained at 60 cm
depth, specifically with the textural class.

The spatial behavior of water use obtained with the
TDR 350 probe resembled better with the zones
generated from satellite images than with the
physical and chemical properties of the soil. The
management zones and the physical characteristics
of the soil associated with the irrigation
requirements could not be managed correctly due
to the difficulty of programming the irrigation
modules manually, so it is recommended that this
process be automated in order to manage irrigation
more efficiently and reduce water consumption.

ACKNOWLEDGEMENTS

The authors would like to thank all the members of
the "GRUPO EMPRESARIAL SANCHEZ" for their
contributions for the collection of information and
the use of physical and chemical analyses provided

by the company PACIDEL S.A., as well as the
Technical University of Machala for the use of
equipment for the development of the research.

REFERENCES

Adla, S, Raj, N. K, Karumanchi, S. H,, Tripathi, S, Disse, M., &
Pande, S. (2020). Laboratory Calibration and Performance
Evaluation of Low-Cost Capacitive and Very Low-Cost
Resistive Soil Moisture Sensors. Sensors, 20(2), 363.
https://doi.org/10.3390/s20020363

Ayele, G. T., Demissie, S. S, Jemberrie, M. A, Jeong, ], &
Hamilton, D. P. (2019). Terrain Effects on the Spatial
Variability of Soil Physical and Chemical Properties. Soil
Systems, 4(1), 1.
https://doi.org/10.3390/soilsystems4010001



J. Zhiminaicela-Cabrera et al. (2024). Manglar 21(4): 443-451 450

Balafoutis, A. T, Beck, B, Fountas, S, Tsiropoulos, Z,
Vangeyte, ], van der Wal, T, Soto-Embodas, 1, Gémez-
Barbero, M., & Pedersen, S. M. (2017). Smart Farming
Technologies - Description, Taxonomy and Economic
Impact (pp. 21-77). https://doi.org/10.1007 /978-3-319-
68715-5_2

Berru-Ayala, ], Hernandez-Rojas, D. Morocho-Diaz, P,
Novillo-Vicuiia, ]., Mazon-Olivo, B, & Pan, A. (2020). SCADA
System Based on IoT for Intelligent Control of Banana Crop
Irrigation (pp. 243-256). https://doi.org/10.1007/978-
3-030-42517-3_19

Blum, A. (2011). Plant Water Relations, Plant Stress and Plant
Production. In Plant Breeding for Water-Limited
Environments (pp. 11-52). Springer New York.
https://doi.org/10.1007 /978-1-4419-7491-4_2

Chlingaryan, A, Sukkarieh, S., & Whelan, B. (2018). Machine
learning approaches for crop yield prediction and
nitrogen status estimation in precision agriculture: A
review. Computers and Electronics in Agriculture, 151, 61—
69. https://doi.org/10.1016/j.compag.2018.05.012

Coelho, E. F,, Santos, M. R. dos, Donato, S. L. R, Cruz, J. L,
Oliveira, P. M. de, & Castricini, A. (2019). Soil-water-plant
relationship and fruit yield under partial root-zone drying
irrigation on banana crop. Scientia Agricola, 76(5), 362-
367. https://doi.org/10.1590,/1678-992x-2017-0258

Cohen, S, Cohen, Y., Alchanatis, V., & Levi, 0. (2013).
Combining spectral and spatial information from aerial
hyperspectral images for delineating homogenous
management zones. Biosystems Engineering, 114(4), 435-
443,
https://doi.org/10.1016/j.biosystemseng.2012.09.003

Cui, X, Han, W,, Zhang, H,, Dong, Y., Ma, W, Zhai, X, Zhang, L.,
& Li, G. (2023). Estimating and mapping the dynamics of
soil salinity under different crop types using Sentinel-2
satellite imagery. Geoderma, 440, 116738.
https://doi.org/10.1016/j.geoderma.2023.116738

Damian, J. M,, Pias, O. H. de C., Cherubin, M. R, Fonseca, A. Z.
da, Fornari, E. Z, & Santi, A. L. (2020). Applying the NDVI
from satellite images in delimiting management zones for
annual crops. Scientia Agricola, 77(1).
https://doi.org/10.1590/1678-992x-2018-0055

Ding, Z., Kheir, A. M. S, Ali, M. G. M,, Alj, 0. A. M., Abdelaal, A. L.
N, Lin, X, Zhou, Z, Wang, B, Liu, B, & He, Z. (2020). The
integrated effect of salinity, organic amendments,
phosphorus fertilizers, and deficit irrigation on soil
properties, phosphorus fractionation and wheat
productivity.  Scientific ~ Reports,  10(1), 2736.
https://doi.org/10.1038/s41598-020-59650-8

El-Hendawy, S, Al-Suhaibani, N. Elsayed, S, Refay, Y.,
Alotaibi, M., Dewir, Y. H., Hassan, W., & Schmidhalter, U.
(2019). Combining biophysical parameters, spectral
indices and multivariate hyperspectral models for
estimating yield and water productivity of spring wheat
across different agronomic practices. PLOS ONE, 14(3),
e0212294.
https://doi.org/10.1371/journal.pone.0212294

Erazo-Mesa, E. Murillo-Sandoval, P. ], Ramirez-Gil, J. G.,
Benavides, K. Q, & Sanchez, A. E. (2024). IS-SAR: an
irrigation scheduling web application for Hass avocado
orchards based on Sentinel-1 images. Irrigation Science,
42(3), 595-609. https://doi.org/10.1007/s00271-023-
00889-0

Evans, E. A, Ballen, F. H, & Siddiq, M. (2020). Banana
Production, Global Trade, Consumption Trends,
Postharvest Handling, and Processing. In Handbook of
Banana Production, Postharvest Science, Processing
Technology, and Nutrition (pp. 1-18). Wiley.
https://doi.org/10.1002/9781119528265.ch1

Ghag, S. B, & Ganapathi, T. R. (2017). Genetically modified
bananas: To mitigate food security concerns. Scientia
Horticulturae, 214, 91-98.
https://doi.org/10.1016/j.scienta.2016.11.023

Gomez Selvaraj, M., Vergara, A.,, Montenegro, F., Alonso Ruiz,
H., Safari, N.,, Raymaekers, D., Ocimati, W., Ntamwira, .,

Tits, L, Omondi, A. B, & Blomme, G. (2020). Detection of
banana plants and their major diseases through aerial
images and machine learning methods: A case study in DR
Congo and Republic of Benin. ISPRS Journal of
Photogrammetry and Remote Sensing, 169, 110-124.
https://doi.org/10.1016/j.isprsjprs.2020.08.025

Gorokhova, I. N, & Pankova, E. I. (2024). Organizational
Problems of Soil Salinization Monitoring on Irrigated
Lands. Arid Ecosystems, 14(1), 17-24.
https://doi.org/10.1134/52079096124010062

HARRIS, A, BRYANT, R, & BAIRD, A. (2005). Detecting near-
surface moisture stress in spp. Remote Sensing of
Environment, 97(3), 371-381.
https://doi.org/10.1016/j.rse.2005.05.001

Igor, B, Leon Josip, T, & Paulo, P. (2020). Agriculture
Management Impacts on Soil Properties and Hydrological
Response in Istria (Croatia). Agronomy, 10(2), 282.
https://doi.org/10.3390/agronomy10020282

Kureel, N, Sarup, ]., Matin, S., Goswami, S., & Kureel, K. (2022).
Modelling vegetation health and stress using
hypersepctral remote sensing data. Modeling Earth
Systems and  Environment, 8(1), 733-748.
https://doi.org/10.1007/s40808-021-01113-8

Luna-Romero, A, Ramirez, I, Snchez, C,, Conde, J., Agurto, L.,
& Villasefior, D. (2018). Spatio-temporal distribution of
precipitation in the Jubones river basin, Ecuador: 1975-
2013. Scientia Agropecuaria, 9(1), 63-70.
https://doi.org/10.17268/sci.agropecu.2018.01.07

MIAO, Y, MULLA, D. ], & ROBERT, P. C. (2018). An integrated
approach to site-specific management zone delineation.
Frontiers of Agricultural Science and Engineering.
https://doi.org/10.15302/J-FASE-2018230

Mndela, Y., Ndou, N.,, & Nyamugama, A. (2023). Irrigation
Scheduling for Small-Scale Crops Based on Crop Water
Content Patterns Derived from UAV Multispectral
Imagery. Sustainability, 15(15), 12034.
https://doi.org/10.3390/su151512034

Panigrahi, N.,, Thompson, A. ], Zubelzy, S, & Knox, ]J. W.
(2021).  Identifying  opportunities to  improve
management of water stress in banana production.
Scientia Horticulturae, 276, 109735.
https://doi.org/10.1016/j.scienta.2020.109735

Pereira, G. W,, Valente, D. S. M., Queiroz, D. M. de, Coelho, A. L.
de F, Costa, M. M,, & Grift, T. (2022). Smart-Map: An Open-
Source QGIS Plugin for Digital Mapping Using Machine
Learning Techniques and Ordinary Kriging. Agronomy,
12(6), 1350.
https://doi.org/10.3390/agronomy12061350

Priori, S., Barbetti, R, Meini, L., Morelli, A, Zampolli, A, &
D’Avino, L. (2019). Towards Economic Land Evaluation at
the Farm Scale Based on Soil Physical-Hydrological
Features and Ecosystem Services. Water, 11(8), 1527.
https://doi.org/10.3390/w11081527

Priori, S, Pellegrini, S, Vignozzi, N., & Costantini, E. A. C.
(2020). Soil Physical-Hydrological Degradation in the
Root-Zone of Tree Crops: Problems and Solutions.
Agronomy, 11(1), 68.
https://doi.org/10.3390/agronomy11010068

Ranghetti, L., Boschetti, M., Nutini, F., & Busetto, L. (2020).
“sen2r”: An R toolbox for automatically downloading and
preprocessing Sentinel-2 satellite data. Computers &
Geosciences, 139, 104473.
https://doi.org/10.1016/j.cageo.2020.104473

Rhyma, P. P,, Norizah, K, Hamdan, O., Faridah-Hanum, I, &
Zulfa, A. W. (2020). Integration of normalised different
vegetation index and Soil-Adjusted Vegetation Index for
mangrove vegetation delineation. Remote Sensing
Applications: Society and Environment, 17, 100280.
https://doi.org/10.1016/j.rsase.2019.100280

Sawadogo, A., Dossou-Yovo, E. R, Kouadio, L., Zwart, S. ],
Traoré, F., & Giindogdu, K. S. (2023). Assessing the
biophysical factors affecting irrigation performance in rice
cultivation using remote sensing derived information.



J. Zhiminaicela-Cabrera et al. (2024). Manglar 21(4): 443-451 451

Agricultural Water Management, 278, 108124.
https://doi.org/10.1016/j.agwat.2022.108124

Saxton, K. E., & Rawls, W.]. (2006). Soil Water Characteristic
Estimates by Texture and Organic Matter for Hydrologic
Solutions. Soil Science Society of America Journal, 70(5),
1569-1578. https://doi.org/10.2136/sss2j2005.0117

Song, T, Cui, X, & Yu, G. (2015). A general vector-based
algorithm to generate weighted Voronoi diagrams based
on ArcGIS Engine. 2015 IEEE International Conference on
Mechatronics and Automation (ICMA), 941-946.
https://doi.org/10.1109/ICMA.2015.7237612

Song, X, Wang, J., Huang, W,, Liu, L., Yan, G., & Py, R. (2009).
The delineation of agricultural management zones with
high resolution remotely sensed data. Precision
Agriculture, 10(6), 471-487.
https://doi.org/10.1007/s11119-009-9108-2

Tian, S. (2021). Vector-Based Realisation of Geographical
Voronoi Treemaps With the ArcGIS Engine. Journal of
Information ~ Technology  Research, 14(1), 37-54.
https://doi.org/10.4018/JITR.2021010103

Valle Junior, L. C. G. do, Vourlitis, G. L., Curado, L. F. A,, Palacios,
R.daS, Nogueira,]. de S, Lobo, F.de A, Islam,A.R. M. T, &
Rodrigues, T. R. (2021). Evaluation of FAO-56 Procedures
for Estimating Reference Evapotranspiration Using
Missing Climatic Data for a Brazilian Tropical Savanna.
Water, 13(13), 1763.
https://doi.org/10.3390/w13131763

Varma, V., & Bebber, D. P. (2019). Climate change impacts on
banana yields around the world. Nature Climate Change,
9(10), 752-757. https://doi.org/10.1038/s41558-019-
0559-9

Vélez, S., Ariza-Sentis, M., Pani¢, M., IvoSevié, B., Stefanovié, D.,
Kaivosoja, ], & Valente, ]. (2024). Speeding up UAV-based
crop variability assessment through a data fusion
approach using spatial interpolation for site-specific
management. Smart Agricultural Technology, 8, 100488.
https://doi.org/10.1016/j.atech.2024.100488

Verheijen, F. G. A, Zhuravel, A, Silva, F. C., Amaro, A., Ben-Hur,
M, & Keizer, J. ]. (2019). The influence of biochar particle
size and concentration on bulk density and maximum
water holding capacity of sandy vs sandy loam soil in a
column experiment. Geoderma, 347, 194-202.
https://doi.org/10.1016/j.geoderma.2019.03.044

Villasefior, D., Cobos, J. D,, Cruz, A., Rivera, W., Mendoza, M. J.,
& Miranda, K. (2021, December 5). Estudio de suelos con
fines de generacion de Unidades de Gerenciamiento
Agronémico. Dia Mundial Del Suelo.

Villazén Gémez, J. A, Noris Noris, P,, & Martin Gutiérrez, G.
(2021). Determinacién de la precipitacién efectiva en
areas agropecuarias de la provincia de Holguin. Idesia
(Arica), 39(2), 85-90. https://doi.org/10.4067/S0718-
34292021000200085

Villegas Santa, L, & Castafieda Sanchez, D. A. (2020).
Multivariate analysis to model yield variability for defined
management zones in a banana agroecosystem. DYNA,
87(214), 165-172.
https://doi.org/10.15446/dyna.v87n214.84827

Welikhe, P., Quansah, J. E,, Fall, S.,, & McElhenney, W. (2017).
Estimation of Soil Moisture Percentage Using LANDSAT-
based Moisture Stress Index. Journal of Remote Sensing &
GIS, 06(02). https://doi.org/10.4172/2469-
4134.1000200

Wikantika, K, Ghazali, M. F, Dwivany, F. M, Novianti, C.,
Yayusman, L. F,, & Sutanto, A. (2022). Integrated Studies of
Banana on Remote Sensing, Biogeography, and
Biodiversity: An Indonesian Perspective. Diversity, 14(4),
277. https://doi.org/10.3390/d14040277

Wu, T,, Zhang, Z, Wang, Q, Jin, W., Meng, K,, Wang, C, Yin, G,
Xu, B, & Shi, Z. (2024). Estimating rice leaf area index at
multiple growth stages with Sentinel-2 data: An
evaluation of different retrieval algorithms. European
Journal of Agronomy, 161, 127362.
https://doi.org/10.1016/j.eja.2024.127362

Yonow, T., Ramirez-Villegas, ], Abadie, C., Darnell, R. E,, Ota,
N., & Kriticos, D. J. (2019). Black Sigatoka in bananas:
Ecoclimatic suitability and disease pressure assessments.
PLOS ONE, 14(8), €0220601.
https://doi.org/10.1371/journal.pone.0220601

Zinkernagel, ], Maestre-Valero, Jose. F. Seresti, S. Y., &
Intrigliolo, D. S. (2020). New technologies and practical
approaches to improve irrigation management of open
field vegetable crops. Agricultural Water Management,
242, 106404.
https://doi.org/10.1016/j.agwat.2020.106404



