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Abstract: Banana (Musa sp.) is one of the world’s most planted and consumed crops. Analysis of
plantations using a geospatial perspective is growing in Costa Rica, and it can be used to optimize
environmental analysis. The aim of this study was to propose a methodology to identify areas
prone to water accumulation to quantify nitrate concentrations using geospatial modeling techniques
in a 40 ha section of a banana plantation located in Siquirres, Limén, Costa Rica. A total of five
geomorphometric variables (Slope, Slope Length factor (LS factor), Terrain Ruggedness Index (TRI),
Topographic Wetness Index (TWI), and Flow Accumulation) were selected in the geospatial model.
A 9 cm resolution digital elevation model (DEM) derived from unmanned aerial vehicles (UAVs)
was employed to calculate geomorphometric variables. ArcGIS 10.6 and SAGA GIS 7.8.2 software
were used in the data integration and analysis. The results showed that Slope and Topographic
Wetness Index (TWI) are the geomorphometric parameters that better explained the areas prone
to water accumulation and indicated which drainage channels are proper areas to sample nitrate
values. The average nitrate concentration in high-probability areas was 8.73 & 1.53 mg/L, while
in low-probability areas, it was 11.28 £ 2.49 mg/L. Despite these differences, statistical analysis

revealed no significant difference in nitrate concentrations between high- and low-probability areas.
leI’;Je(f :tfg; The method proposed here allows us to obtain reliable results in banana fields worldwide.
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agriengineering6030147 1. Introduction

Banana (Musa sp.) is one of the world’s most important crops planted in the tropics. It
is produced in more than 130 countries worldwide and provides food and income to families
of all continents [1]. According to the statistical database of the Food and Agriculture
Organization of the United Nations (FAO) [1], in 2019, there was an approximate global
production of 116 million tons of banana in a plantation area of 5 million hectares. In Latin
America, the countries of Ecuador, Colombia, and Costa Rica lead the market and supply

nearly 70% of the imports made by the European Union [2]. Extensive tropical banana
plantations, like those in Costa Rica, share several common environmental characteristics.
These plantations are typically located in flat lands near coastal regions (less than 100 km
from the sea) and are known for their well-drained soils, high temperatures, and substantial
This article is an open access article  annual precipitation. These conditions are not unique to Costa Rica but are prevalent in
distributed under the terms and  Other major banana-producing regions such as Ecuador, Colombia, parts of Central America,
conditions of the Creative Commons ~ and Southeast Asia. Therefore, the findings and methodologies proposed in our study can
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chemical compounds such as nitrate (NO3; ™). Nitrogen (N) is one of the most important
nutrients for crops, and NO3 ™~ is the main source of nitrogen available for plants [3]. The
use of fertilizers is necessary to provide enough NO3 ™ to increase crop yield and maintain
production according to the needs of the crop market [4]. Low nitrogen use efficiency in
plants can be a potential source of contamination for the atmosphere, soil surface, and deep
waters, resulting in eutrophication and polluting potable water [5-7].

To control concentrations of chemical compounds applied in the water and soil matrix,
adequate environmental monitoring must be defined to ensure that nutrients are not lost
in other natural processes, such as surface runoff and leaching [4,5]. Sampling these
areas would allow banana producers to define alternatives to prevent or mitigate and,
thus, reduce the environmental impact that their industry may cause without losses in
the profitability of production [8]. Advances in current technology, such as precision
agriculture, Geographic Information Systems (GISs), and geospatial models, allow for
managing territory and agriculture with the aim of reducing the impacts that minerals may
have on the environment, as well as determining cultivation areas, estimating productivity,
and diagnosing diseases [9,10].These types of research are well known around the world;
in India and Tanzania, GIS techniques were used in the optimization of banana crop
fertilization [11-13]; in Australia and Africa, for the detection of banana plants [14,15]; in
Kenya, to estimate erosion [16]; and others. The strategy of analyzing the crops with GIS
technologies has also been implemented in different crops like fruits [17,18], rice [19,20],
cereal crops [21], and others.

The novelty of this study lies in the integration of high-resolution digital elevation
models (DEMs) derived from unmanned aerial vehicles (UAVs) with geomorphometric
variables to develop a geospatial model specifically for identifying areas prone to water
accumulation and nitrate concentration in banana plantations. While existing geospatial
methods have been applied to other crops, this study uniquely addresses the context
of banana plantations, offering tailored insights and practical recommendations for this
important crop.

In this study, we aimed to develop a geospatial methodology for optimizing environ-
mental analysis in banana plantations, focusing on a 40 ha section in Siquirres, Limén, Costa
Rica. The hypothesis was that this methodology would effectively identify areas prone to
water accumulation and allow the quantification of nitrate concentrations. To test this hy-
pothesis, three research questions were addressed: (1) Can geospatial modeling techniques
accurately identify areas prone to water accumulation using geomorphometric variables?
(2) Is there a significant relationship between the selected geomorphometric variables
(Slope and Topographic Wetness Index) and areas prone to water accumulation? (3) Can
the geospatial model effectively indicate proper drainage channels for nitrate sampling?
The study’s positive implication lies in its potential to enhance environmental sustainability
in banana plantations globally. Successfully employing this geospatial approach, not only
in Costa Rica but also in similar lowland and homogeneous land properties, offers a reliable
means of minimizing water pollution and improving the overall ecological health of banana
plantations. This achievement holds the promise of more efficient and eco-friendly banana
cultivation practices in the future.

2. Material and Methods
2.1. Study Area

The study was carried out in a 40 ha section of a banana plantation with a total area
of 267 ha located in Siquirres, Limon, Costa Rica, between August 2021 and August 2022
(Figure 1). The climate is humid tropical with a mean annual temperature of 25.7 °C and a
mean annual precipitation of 2254 mm. The minimum elevation is 22 m asl and rises to the
maximum elevation of 44 m asl. These banana cultivars belong to the Grand Nain variety
Musa sp., AAA group, Cavendish subgroup. The study area morphology is mostly flat
with the scattered presence of domes. The plot used in this research is divided into several
principal, secondary, and tertiary drainages.
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Figure 1. (a) Costa Rica with Limén province highlighted, (b) San Pablo plantation located in
Pacuarito district, and (c) location map of study area.

2.2. Geospatial Model

The geospatial model was obtained from the superposition of geomorphological data
layers and indices. The model was run based on six factors: Slope Length factor (LS
factor), Terrain Ruggedness Index (TRI), and Flow Accumulation (FA) were performed in
SAGA GIS 7.8.2 (Figure 2). Meanwhile, Slope and Topographic Wetness Index (TWI) were
calculated in ArcGIS 10.6 software [22]. The selected geomorphometric variables are directly
related to water movement and accumulation in the landscape. Slope affects the velocity
and direction of surface runoff; TWI indicates areas that are more likely to accumulate
water; LS factor is related to soil erosion potential; TRI reflects terrain ruggedness, which
can influence water flow paths; and Flow Accumulation identifies drainage patterns.
Together, these variables provide a comprehensive picture of the hydrological dynamics
that influence nitrate transport and accumulation. All the data sets were overlayed and
normalized using spatial analyst tools in ArcGIS 10.6. Jenks’s natural breaks with two
classes—high and low—were used to classify areas prone to water accumulation. Figure 2
shows the flow chart of the methodology used in this study.

The 9 cm resolution (9 cm x 9 cm pixel size) DEM used as a base for the geospatial
model was collected from previous research conducted by CORBANA. The DJI Phantom
4 V.2 equipped with a camera RGB+ multispectral imaging system was used to capture the
images and create the DEM. The UAV hovered at an elevation of 100 m above the floor
with 20 ground control points (GCP) in June 2018.
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Figure 2. Geospatial model methodology.

2.3. Sampling

A chemical sampling program was established based on the geospatial model to
analyze the behavior of the chemical compound at different points in the study area. Ten
sampling points were defined according to the statistical design proposed. After obtaining
the nitrate ion concentration, a statistical analysis was carried out. Surface water monitoring
was conducted within 96 h (4 days) after five precipitation events greater than 50 mm.
Surface water sampling was carried out in November and December 2021 and June 2022.
The information recorded by the 28 Millas Meteorological Station was considered to define
the sampling date.

The sampling points, which aimed to analyze nitrate concentration in the areas of high
probability of moisture concentration, were placed at the beginning of the tertiary channels
and those of low probability in the center of the domes (in the middle of the plantation).
Then, 100 mL of surface water collected in runoff traps located at the entrance of the tertiary
channels or in the center of the domes was taken according to the experimental design. The
traps consisted of 3785 mL plastic containers, which were buried approximately 14.5 cm
deep, and with the openings on the sides, surface water was allowed to enter, and the
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surplus overflowed (Figure 3). These containers were emptied prior to precipitation events
to obtain samples of water stored for less than 96 h. Each sample was collected with gloves
and labeled appropriately to identify the points; then, they were transferred to CORBANA's
Research Center at a temperature below 6 °C for processing.

Figure 3. Runoff trap representations.

2.4. Sample Analysis

The surface water samples were analyzed at CORBANA's Scientific Research Center. A
total of 50 surface water samples were analyzed in the investigation period. To quantify the
concentration of nitrate, an Ion-Selective Electrode (ISE) was used [23] that was connected
to a Thermo Scientific Orion Star A329 portable meter (Thermo Scientific, Waltham, MA,
USA) [23]. To calibrate the equipment, 50 mL of standard solutions of 1 mg/L, 10 mg/L,
and 100 mg/L in three 100 mL containers was used, and subsequently, 1 mL of ISA solution
(Ionic Strength Adjuster 2M ((NH4),SO4)) was added [24]. Finally, the ISE was introduced
and shaken until the points of the calibration curve were adjusted.

In the sample preparation process, 50 mL of the collected runoff water was taken and
filtered with Whatman 42 filter paper by gravity, and then 1 mL of ISA solution was added.
Then, the EIS was introduced into the sample and stirred until the concentration reading of
nitrate ion stabilized. Prior to sample preparation, it was ensured that both the standards
and the samples were at a temperature of 23 °C to 25 °C.

2.5. Statistical Analysis

All analyses were performed with InfoStat statistical software version 2018 [25], and
a significant level of « = 0.05 was considered. The normality of the distribution of the
database was tested using the Shapiro-Wilk normality test, where if the probability value (p)
was greater than the level of significance, the data were processed as a normal distribution;
otherwise, there was no normality. If normal behavior was shown, a parametric variance
statistic one-way ANOVA with Tukey test analysis was performed to define whether
there were statistically significant differences. If the data did not show normal behavior,
a nonparametric Kruskal-Wallis test [26] was performed to identify whether there were
significant differences between samples. The null hypothesis (H0) was established as
follows: “There is no significant difference in nitrate concentration between high and low
range of probability of concentrating moisture”.
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2.6. Generalized Linear Model

The Generalized Linear Model (GLM) was carried out based on an analysis of the
Akaike Information Criterion (AIC) to predict minor errors and the quality of the statistical
model [27]. A Pearson correlogram was performed to establish the linear correlation
between the variables and the correlation coefficient (r) with a number between 1 and —1
(0.9 or —0.9 was considered with high collinearity) [28]. Subsequently, with a GLM in the
R Studio program [29], the dependent variable, that is, nitrate ion concentration (C), was
linked with the geomorphometric variables (independent variable) used in the geospatial
model: Slope Length factor (LS factor), Terrain Ruggedness Index (TRI), Flow Accumulation
(FA), Slope (S), and Topographic Wetness Index (TWI). In addition, with a statistical
backward selection, we counteracted the null hypothesis (C~LSF + TWI + TRI + FA + S)
against the alternative hypothesis (C~TWI + S). All covariates were standardized from 0 to
1. Finally, the model parameters were used to evaluate the weight of each interaction of
covariate that explains the nitrate ion concentration.

3. Results
3.1. Geospatial Model

The analysis of nitrate concentrations derived from the samplings revealed intrigu-
ing patterns within the plantation areas. Contrary to expectations, lower probabilities of
identifying high moisture concentrations were observed in certain regions of the planta-
tion. This unexpected finding suggests a nuanced relationship between nitrate levels and
moisture content, indicating that factors beyond mere moisture presence influence nitrate
distribution within the plantation landscape.

Interestingly, a notable concentration of nitrate was consistently observed in close
proximity to drainage channels, aligning with expectations given the heightened moisture
levels associated with these features (Figure 4). This spatial clustering of nitrate concen-
tration near drainage channels underscores the significance of hydrological dynamics in
shaping nutrient distribution within the plantation environment.

Moreover, our geospatial model, complemented by a generalized linear model, re-
vealed a significant interaction effect between Slope and Topographic Wetness Index (TWI)
in elucidating areas prone to water accumulation. This interaction highlights the com-
plex interplay between terrain characteristics and moisture dynamics, emphasizing the
multifaceted nature of environmental influences on nitrate distribution.

By integrating geospatial analysis techniques with empirical data and statistical model-
ing, our study provides valuable insights into the spatial variability of nitrate concentrations
within banana plantations. These findings contribute to a more comprehensive understand-
ing of the environmental factors driving nutrient distribution, thereby facilitating targeted
interventions for sustainable agricultural management practices.

3.2. Nitrate Ion Concentration

The analysis of nitrate concentrations in surface water, derived from the five sam-
plings, revealed distinct average values across different probability treatments. In the
high-probability treatment areas, the average nitrate concentration was measured at
8.73 £ 1.53 mg/L, while in the low-probability treatment areas, it was slightly higher
at 11.28 £ 2.49 mg/L (Figure 5). Despite these apparent differences, a deeper statistical
examination revealed intriguing insights into the distribution patterns of nitrate concen-
trations within the study area. Upon subjecting the nitrate concentration values to the
Shapiro-Wilk test, it was determined that they did not conform to a normal distribution
(p < 0.05). Furthermore, the Kruskal-Wallis test yielded a probability value of p = 0.5687,
exceeding the level of significance (p > 0.05). Consequently, with a confidence level of 95%,
the null hypothesis is upheld, suggesting no statistically significant difference in nitrate
concentration between treatments with varying probabilities of moisture concentration.

This unexpected finding challenges conventional assumptions regarding the relation-
ship between moisture accumulation and nitrate levels within plantation environments.
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While initial observations hinted at a potential correlation between moisture-prone areas
and elevated nitrate concentrations, the statistical analysis suggests a more nuanced inter-
play of factors governing nutrient distribution. The absence of a statistically significant
difference underscores the complexity of nutrient dynamics within the studied landscape
and emphasizes the need for comprehensive, multifaceted approaches to environmental
analysis. By elucidating the intricate relationships between hydrological processes and nu-
trient distribution, our findings contribute to a more nuanced understanding of agricultural
ecosystems and inform targeted strategies for sustainable land management practices.
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Figure 4. Geospatial model to identify areas prone to high or low water accumulation.
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Figure 5. Average concentration of nitrate ion in surface water in the treatment of high and low
probability of concentrating humidity according to the proposed geospatial model.

3.3. Generalized Linear Model

The application of the Akaike Information Criterion (AIC) served as a valuable tool for
model selection, shedding light on the factors most influential in shaping nitrate concentra-
tion within the study area. According to the AIC criterion, the model corresponding to the
alternative hypothesis (AICc = 15.76) received stronger support compared to the null hy-
pothesis (AICc = 23.61). This outcome underscores the significance of incorporating Slope
values (S) and the Topographic Wetness Index (TWI) in predicting nitrate concentration
dynamics within the plantation landscape.

The selected GLM highlights the pivotal role of terrain characteristics and moisture
dynamics in modulating nutrient distribution patterns. Specifically, the model suggests that
nitrate concentrations within the study area are significantly influenced by variations in
Slope and Topographic Wetness Index. These findings underscore the utility of geospatial
modeling techniques in elucidating the complex interplay of environmental variables
governing nutrient dynamics in agricultural ecosystems. Moreover, the identification of
key predictor variables, namely Slope and TWI, offers practical insights for optimizing
future geospatial modeling efforts. By focusing on these variables, users can streamline the
modeling process without sacrificing predictive accuracy, thereby enhancing the efficiency
and applicability of the proposed methodology.

Furthermore, to further refine the model and improve its predictive capabilities, future
endeavors could involve obtaining topographic information extracted during the same
timeframe as sampling activities. This approach ensures temporal consistency between
model inputs and field observations, minimizing potential discrepancies and enhancing
the robustness of the geospatial model. Overall, the GLM-based approach presented in
this study represents a valuable tool for understanding and predicting nitrate distribution
patterns within banana plantations. By leveraging key terrain variables and moisture
indices, our methodology offers actionable insights for optimizing agricultural management
practices and promoting sustainable land use strategies in similar agricultural landscapes.

4. Discussion
4.1. Geospatial Model Implications in Agriculture

The objective of this study was to develop a proposal to sample concentration levels
of nitrate ion in a banana farm in the Costa Rican Caribbean using geospatial modeling
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techniques. For the first time, CORBANA’s farm can identify nitrate with a new methodol-
ogy using its own available resources based on the result of the geospatial model. Indeed,
the use of unmanned aerial vehicles (UAVs) for precision agriculture is becoming more
accessible for farmers than they were in the past decade, thus allowing farms to have a
better knowledge of their crop nutrition [30].

In the plantation areas, there is a lower probability of moisture concentration. On
the other hand, as expected, it is more likely that a higher nitrate ion concentration will
occur in both primary and secondary drainage since they are areas of greater humidity
accumulation. However, despite it being observed that the drainage areas had a high
probability and the center of the domes had a low probability of concentrating humidity,
the high resolution (9 cm) of the geospatial model could condition the result obtained since
it does not allow the classified areas to be visualized clearly [31,32]. Moreover, the results
suggest that TWI and Slope were the best generalized linear model factors to explain the
areas prone to water accumulation that are better to sample. This study will be a motivation
for further studies in similar land conditions that would need steps to identify chemical
compounds in different crops.

Drones provide not only visual spectral information for the creation of the DEM but
also infrared and thermal range images that can be manipulated to generate vegetation
health indices, such as the Normalized Difference Vegetation Index (NDVI), the Green Nor-
malized Difference Vegetation Index (GNDVI), and the Enhanced Vegetation Index (EVI2).
These indices were employed in multi-classifier models to map the banana plantations in
villages in Rwanda [33]. Furthermore, UAV-based crop monitoring can also be used to
determine the growing stages of banana crops and predict harvest yield to some extent.
Multispectral imagery is suitable for tracking temporal phenological changes in banana
canopies at every stage of their growth [34].

4.2. Factors Controlling Chemical Substance Concentrations in Banana Fields

It is a fact that landforms influence land use/cover and its spatial distribution, but
specifically, elevation, Slope, and TWI strongly affect the land use/cover diversity and
pattern [35]. Therefore, it was expected that the concentration of the chemical compound
under study in the areas with high probability would be higher; however, the data obtained
differed from what was expected.

The behavior seen in the field can be due to different reasons. The first is that erosion
in banana farms with a bare soil system can be between 1 t/ha/year to 1.8 t/ha/year in
soil class I and II (predominant in the study area) [36]. This condition of the probability
of erosion could cause the modification of the topographic design of the domes (lower in
Slope) between the period in which the UAV images were taken, from which topographic
information was extracted (2018), and the period in which the validation of the geospatial
model with sampling was carried out (2021-2022). In fact, erosion and deposition of topsoil
are often regulated by topographic variables, such as TWI and relief, as found in regression
models used to determine soil organic carbon density [37]. Thus, the modification of the
topographic design could have been affected by erosion.

Likewise, the observed behavior could also be explained because the study area
presented the water table at 180 cm depth; this value allows the area to be classified
as poorly drained [38], and consequently, the water could accumulate in the center of
the domes, resulting in a higher nitrate ion concentration. Since there are no significant
differences between the location of the sampling points (center of the domes and entrance
of the tertiary channels), other criteria of convenience and opportunity may be involved in
selecting the sampling sites when replicating the methodology. During the field visits, it
was observed that the sampling points at the entrance to the tertiary channels had a lower
risk of being obstacles to daily production tasks on the farm compared to those located in
the center of the domes.

UAV multispectral imagery associated with field topographic metrics can also be
combined with soil properties, vegetation indices, and crop height to best estimate canopy
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nitrogen weight. A study in a corn field in Ontario, Canada, tested machine learning
regression methods to predict nitrogen weight, yet the authors documented that there is an
intelligible limitation in agricultural research [39]. The applicability of geospatial models
is constrained to the dataset. Therefore, it is also limited to the in situ measurements and
variable conditions.

While the methodology proposed in our study has proven effective for the specific
plantation examined, further validation and adaptation are necessary for its application
in different environmental and agricultural settings. In addition, future studies on nitrate
concentrations in banana fields should include both surface water and soil sampling
to provide a more comprehensive understanding of nitrate leaching and accumulation
throughout the soil profile, allowing for more accurate assessment and management of
nitrate dynamics. Future research should focus on testing the model in various regions
with differing topography, climates, and farming practices to ensure its robustness and
versatility. In addition to geospatial analysis, it is important to consider how seasonal
changes, farming methods, and soil properties affect nitrate levels in banana plantations.
These factors play significant roles in nutrient dynamics and environmental impact. Future
research should include longitudinal studies across different seasons, incorporate various
agricultural practices, and analyze detailed soil characteristics and microbial activity to
provide a more comprehensive understanding of nitrate behavior and fertilizer usage.
Such studies will enhance the applicability of our methodology and contribute to more
sustainable and effective nitrate management practices in banana cultivation.

4.3. Geospatial Model Application in Other Croplands

Based on the results obtained using GIS tools, it is determined that analyzing the land
using geomorphometric variables could provide a guide for decision-makers in different
fields of agriculture. These methodologies were used in different crops but also to identify
other chemical compounds, such as heavy metals in rice [40], nitrogen in pineapple [41],
cadmium in rice and wheat [42], and others. The use of satellite land cover images combined
with soil survey data has been used to examine whether it is feasible to rotate rice crops
with other crops in California’s Sacramento Valley [43]. That geospatial model found
that pH, electric conductivity, and saturated hydraulic conductivity best explained the
agroecological diversification of the rice fields. Another application of geospatial models
can be found in the prediction of nitrogen, soil organic carbon, potassium, and the thickness
of the humus-accumulative (AB) horizon in the arable lands of a steppe zone in Russia [44].
The study found that elevation, Slope, and multiresolution ridge top flatness index were
the most important variables in predicting agrochemical soil properties. Finally, UAV-
generated DEMs can also detect susceptible areas to water stagnation using the relative
elevation attribute algorithm; this method is effective for studying convex and concave
signatures of the agricultural surface [45,46]. This methodology can be used in the context
of degraded tropical soils.

5. Conclusions

The proposed methodology to identify nitrate in the banana plantation in Limon,
Costa Rica, allowed CORBANA to have the necessary information and tools to carry out
regular environmental monitoring of nitrate based on a geospatial model obtained from
the geomorphometric data of the study area. The method proposed here allows reliable
results to be obtained in a field with low Slope and homogeneous land properties. Another
advantage of the proposed methodology was the optimization of company resources. From
the beginning, this study was proposed and adapted to the infrastructure conditions and
the available resources of the company to ensure environmental monitoring of nitrate in
the banana farm over time.

According to geospatial model analysis, Slope and Topographic Wetness Index (TWI)
were the geomorphometric parameters that better explained the areas prone to water
accumulation, where nitrate samples can be taken. Even so, nitrate concentration analytical
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results showed there is no significant difference between taking surface water samples in
the planting area compared to collecting the samples near the drainage channels; however,
experimental work in the field showed that samples must be taken near drainage channels
to avoid being an obstacle to daily operation tasks.
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