Pre prints.org

Article Not peer-reviewed version

Nitrogen Estimation in Fig Cultivation
through Remote Sensing and Machine
Learning

Karla Janeth Martinez-Macias , Aldo Rafael Martinez-Sifuentes i , Selenne Yuridia Marquez-Guerrero,
Arturo Reyes-Gonzélez , Pablo Preciado-Rangel , Pablo Yescas-Coronado , Ramén Trucios-Caciano

Posted Date: 9 May 2024
doi: 10.20944/preprints202405.0476.v1

Keywords: Gradient Boosting; Random Forest; Artificial Neural Networks; Vegetation Index

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/2525390
https://sciprofiles.com/profile/1797313
https://sciprofiles.com/profile/2527976
https://sciprofiles.com/profile/637474
https://sciprofiles.com/profile/504526
https://sciprofiles.com/profile/2179075

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 May 2024 d0i:10.20944/preprints202405.0476.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Nitrogen Estimation in Fig Cultivation through

Remote Sensing and Machine Learning

Karla Janeth Martinez-Macias !, Aldo Rafael Martinez-Sifuentes 2%,
Selenne Yuridia Marquez-Guerrero ', Arturo Reyes-Gonzalez 3, Pablo Preciado-Rangel ?,
Pablo Yescas-Coronado ! and Ramoén Trucios-Caciano 2

! Division de Investigacion y Estudios de Postgrado del Instituto Tecnoldgico de Torreon

2 Instituto Nacional de Investigaciones Forestales, Agricolas y Pecuarias (INIFAP), Centro Nacional de
Investigacion Disciplinaria en Relacién Agua, Suelo, Planta, Atmdsfera (CENID-RASPA).

3 Instituto Nacional de Investigaciones Forestales, Agricolas y Pecuarias (INIFAP), Campo Experimental La
Laguna

* Correspondence: martinez.aldo@inifap.gob.mx

Abstract: Nitrogen is one of the most important macronutrients for crops, and in conjunction with
artificial intelligence algorithms, it is possible to estimate it with the aid of vegetation indices
through remote sensing. Various indices were calculated and those with a correlation > 0.7 were
selected for subsequent use in Random Forest, Gradient Boosting, and Artificial Neural Networks
to determine their relationship with nitrogen levels measured in the laboratory. Random Forest
showed no relationship, yielding an R? of zero, whereas Artificial Neural Networks yielded the best
results with an R? of 0.93. Thus, it is reliable to estimate nitrogen levels using this algorithm by
feeding it with data from TCARI, MCARI, TCARI/OSAVI], and MCARI/OSAVI], assisted by
technological tools.

Keywords: gradient boosting; random forest; artificial neural networks; vegetation index

1. Introduction

Nitrogen in plants is the most important macronutrient in agroecosystems, as it participates in
crucial biochemical reactions involved in plant physiology, development, growth, and yield, as well
as in the nutritional contribution to crop fruit [1,2]. Visually, nitrogen deficiencies are characterized
by leaf chlorosis, flower drop, growth stunting, and plant senescence [3], although these deficiencies
manifest late.

Remote sensing is a technique that allows for the acquisition of information about terrestrial
objects from a distance [4]; in agriculture, it enables the classification of crops and aids in
understanding the phenological state of each crop through spectral signatures and vegetation indices
[5].

Vegetation spectral indices allow for the timely identification of nitrogen deficiencies based on
chlorophyll reflectance, as more than 50% of nitrogen is utilized in the photosynthetic apparatus;
thus, photosynthesis is affected by nitrogen availability [6,7].

Vegetation indices are a tool that provides rapid, relevant, and non-destructive information
resulting from combinations of spectral bands recorded by remote sensing satellites. Their function
is to measure various variables such as chlorophyll, biomass, leaf area index, among others [8,9].

Artificial Intelligence (Al) is a discipline within computer science concerned with the design and
construction of systems capable of performing tasks related to human intelligence, thus focusing on
the use of machine learning techniques [10,11].

Machine Learning (ML) is a subset of artificial intelligence methods that enables machines to
learn from experience [12]. Within machine learning algorithms, three predominant learning
methods are stacking, bagging, and boosting [13].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Stacking combines heterogeneous weak learners through a meta-learning model to enhance
prediction accuracy through two phases: first, different models are learned from an original training
dataset using first-level learners, and then these models are combined to constitute the training data
for meta-learning, creating a new dataset to obtain the final result [14-16].

Bagging reduces variance in prediction through random sampling by combining multiple
estimates from different models, providing a more stable result and helping to overcome limited
sample size issues [13,14].

Boosting provides sequential learning: the first learner is trained with the initial dataset, while
subsequent learners aim to improve upon previous errors, meaning it seeks to reduce bias by
sequentially adjusting multiple homogeneous weak learners [14,16].

These Al techniques have gained momentum in agriculture in recent years, particularly when
combined with satellite imagery, as they expedite various methodologies with predictive outcomes.
In recent years, there have been advancements in land use and vegetation classification [17], biomass
estimation [18], as well as pest and nutrient detection in soil and plants [19]. Additionally, there has
been progress in nitrogen prediction for agricultural production [20]. Therefore, the objective of the
present study was to estimate nitrogen content in figs using remote sensing and Machine Learning
algorithms during their phenological development.

2. Materials and Methods

2.1. Study Area

The study area is located in northern Mexico, in the region known as "La Comarca Lagunera" in
the state of Durango, with extreme coordinates of 25°34'12" north latitude and 103°29'47" west
longitude, at an altitude ranging between 1,100 and 1,800 meters above sea level. The climate in the
region is very dry and semi-warm, with a summer rainfall regime averaging around 250 mm of
precipitation, while the annual average temperature ranges between 18°C and 22°C [21,22].

2.2. Field Work

The work was carried out in the agricultural area of Ana's Farm, in the El Vergel community,
with coordinates 25°39'16" north latitude and 103°29'55" west longitude (Figure 1). Two plots were
selected, one of them with 15-year-old fig trees under drip irrigation (Plot 1), and the second plot
with 10-year-old trees under gravity irrigation (Plot 2). Two sampling points were selected from each
plot, and within each point, six sub-samples were randomly selected to consider repetitions.
Agricultural management, such as tree pruning, irrigation, fertilization, was carried out by the farm.
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Figure 1. Geographical Location of Ana's Farm in Northern Mexico.

For soil characterization of the site, three samplings were performed at the beginning, middle,
and end of the 2022 production cycle. Analyses were determined in the soil laboratory of the
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Technological Institute of Torredn, following the protocols of NOM-021-SEMART-2000, with results
presented in Table 1.

Table 1. Soil characterization of the study area at the beginning, middle, and end of the 2022
production cycle.

Beginning Middle End
P1 P2 P1 P2 P1 P2
Texture Clay Clay Clay Clay Clay Clay
Bulk density ~ 1.54 1.61 1.62 1.69 1.46 1.52
pH 8.2 8.0 8.2 7.8 8.3 8.1
Electrical 9.8 12.06 7.29 14.58 5.01 15.11
conductivity
Organic 0.532 0.359 148 1.485 1.668 2.152
matter
%N 0.082 0.069 0.123 0.134 0.165 0.143
P (mg kg™ 38.88 31.59 29.47 25.64 44.79 33.77

Foliar sampling was conducted every 10 days, coinciding with the passage of the Sentinel-2
satellite. From each sampling point (selected trees), the actively photosynthesizing leaf (young and
fully expanded) corresponding to each cardinal point was taken and stored in a cooler to be later
transported to the Technological Institute of Torreén for chlorophyll determination. This was carried
out using the method proposed by Lichtenthaler (1987) [23] through spectroscopy, which utilizes
fresh samples. For the determination of foliar nitrogen, the Kjeldahl method was employed.

2.3. Data Analysis

Satellite images corresponding to each of the sampled days (Julian days 107, 117, 130, 137, 147,
157,177, 201, 217, 228, 257, 272, 287, 297) were downloaded from the Copernicus Open Access Hub
platform (https://scihub.copernicus.eu/dhus/#/home), discarding those with a high percentage of
cloud cover. The selected images were standardized in size and pixel number. According to various
authors such as Salvador-Castillo et al. (2021) and Feng et al. (2022) [24,25], various spectral indices
can be used to estimate nitrogen, which for the present study were calculated using ArcGIS software
ver. 10.8 [26]. Additionally, indices from the VICAL platform
(https://inifapcenidraspa.users.earthengine.app/view/vical) developed by Jiménez-Jiménez et al.
(2022) [27] were included.

2.4. Index Selected

The data of the obtained indices (Table 2) were extracted from each sampling point, and through
Pearson correlation analysis (P < 0.05), the relationship between these indices and the nitrogen value
calculated through laboratory analysis was visualized. Using R software ver. 4.0, indices with a
correlation coefficient > 0.7 with nitrogen were selected.

Table 2. Selected spectral indices for Nitrogen determination.

Index Model REfCt::ren

. _ Ryss
CI green Chlorophyll index green Clyreen = R 1 [28]

560

Modified Chlorophyll
MCARI 750,705  Absorption in Reflectance ~ [(R750 — R70s5) — 0.2(R750 — Rss0)] (i:—zz) [29]
Index 750,705
ARI AVI MCARI

MCARI /05 (MCARI/OSAVT) 750,705 —— 750708 [29]

750,705 0SAV ;50,705
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. . _ R — R

NDRE 1 Normalized difference red NDRE, = 740 — 705 [30]
edge 1 R740 + R705

NDVI Normalize difference NDVI = Rga0 — Ress 31]
vegetation index Rgs0 + Rees

Optimized Soil Adjusted _ (116)(Rgo0=Re70)
OSAVI Vegetation Index OSAVT = Ropyteror0.16) [52]

Transformed Chlorophyll
TCARI 750,705  Absorption in Reflectance  [(R750 — R705) — 0-2(R750 — Rss0)] (R75°) [29]

R705

Index

TCARI/OSAVI TCARI750705
TCAR], AVI) 750,7 —_—
750,705 (TCARI/OSAVI) 750,705 0SAVI 50,705

2.5. Artificial Intelligence Models

Artificial Neural Networks (ANNSs) are based on biological neural networks, mimicking the
functioning of neurons in the human brain [33,34]. They consist of a series of units called nodes or
artificial neurons, arranged in layers; each neuron is connected to others through communication
links, and each is assigned a value that the network uses to solve a specific problem [35].

The most basic ANN is the perceptron or single-layer network, but it has limitations, such as the
inability to separate regions that are not linearly separable [35]. The Multi-Layer Perceptron (MLP),
known as a multi-layer perceptron network, is widely preferred within the family of neural networks
because of its ability to represent both simple and complex functional relationships [36]. Its key
features include its high nonlinearity, fault tolerance, ability to establish relationships between data
sets, and suitability for hardware implementations [37].

Random Forest (RF) is a more complex version of bagging, introduced by Breiman in 2001, being
a supervised learning technique that generates multiple decision trees on a training data set [38,39].
This methodology uses two essential parameters, the number of trees and the number of predictors
to use in each split of each tree, with the advantage of being a simpler model to train compared to
others, but with similar results, as well as maintaining its accuracy even with large portions of
missing data; however, it is more difficult to interpret [38,40].

Gradient Boosting, Gradient Tree Boosting, or Gradient Boosted Regression Trees (GBRT), is a
family of algorithms used for classification and regression based on the combination of weak
predictive models (weak learners), which are individual decision trees that are adjusted to the
negative gradient of the binomial or multinomial deviance loss function, where numerical predictors
are handled as categorical without having to create indicator variables; in other words, each new tree
tries to improve errors from the previous trees [13,41].

2.6. Data Validation

To improve non-parametric regression methods, it is necessary to carry out a learning process
using training data. These data are used to build a model in which parameters are adjusted to
minimize estimation error.

In this case, the K-Fold cross-validation method with five subsets was employed to evaluate the
performance of predictive models. This method has been used to validate various learning models,
such as random forest, neural networks, and gradient boosting. The technique involves dividing the
data set into two subsets, one for training and the other for validation. In this study, 70% of the data
was allocated for training or fitting, and the remaining 30% for validation [42].

To optimize model performance, it's essential to adjust key hyperparameters such as
n_estimators and max_features. During the training phase, different combinations of these
hyperparameters are tested to achieve the best possible performance. However, there is a risk of
overfitting the data, so K-Fold cross-validation is used [43]. In this process, the data set is divided
into two subsets: training and validation. Then, in the K-Fold method, the training set is divided into
five subsets, using only the training set for this purpose. This means that five independent training
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models are created to validate the model, and the average of these five accuracies will be the final
accuracy.

2.7. Model Performance Eevaluation

To evaluate the performance in nitrogen estimation, the coefficient of determination (R?), root
mean squared error (RMSE), and mean squared error (MSE) were used, with the following formulas:
2

(0, -0)S; —S)
(0, - 0)° / (S —9)?

RMSE =

n
1
MSE = ;Z(oi —5)?
i=1

where, O;, Si, 0, S,y n they represent the observed data, the estimated data, the mean value of the
observed data, the mean value of the estimated data, and the number of samples, respectively.

3. Results

3.1. Lab-Estimated Nitrogen and Index Selection

The nitrogen values obtained in the laboratory range from 1.49% to 2.45%, with a mean of 2.00%
and a median of 1.49%. Figure 2 shows the relationship between vegetation indices and nitrogen,
evaluated through Pearson correlation. It is observed that the TCARI, MCARI, TCARI/OSAV], and
MCARI/OSAVI indices show a correlation equal to or greater than 0.7 with the nitrogen content.

Mitrogen MCARI TCARI | |CARIOSAY [CARIOSAV | NDRE1 | |CIGREEN|| NDVI OSAVI
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Figure 2. Pearson correlation matrix with different vegetation indices.
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3.2. Nitrogen Estimation with Artificial Intelligence Algorithms

The classic multiple linear regression model (Figure 3a), which incorporates the four variables,
exhibits an explained variance of 75.11%, a mean squared error (MSE) of 0.0162, and a root mean
squared error (RMSE) of 0.1271. On the other hand, when using the Random Forest model (Figure
3b), a coefficient of determination (R2) of zero, an MSE of 0.0649, and an RMSE of 0.2548 are observed.
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£ 8
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o
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Figure 3. Classic multiple linear regression model for nitrogen estimate (a). Random Forest for
nitrogen estimate (b).

Using Gradient Boosting (Figure 4a), 78.77% of the variance is explained, with an MSE of 0.0138
and an RMSE of 0.1174. In this model, it is observed that the TCARI index has a lower relevance,
while the MCARI/OSAVI stands out as the most influential for the estimation of nitrogen content

(Figure 4b).
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Figure 4. Gradient boosting model for Nitrogen estimation (a). Relative influence of the indices (b).

Artificial Neural Networks (Figure 5a), with a hidden layer arrangement of 5,3 (Figure 5b),
shows a variance of 93.74%, MSE of 0.0041, and RMSE of 0.0637.
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Figure 6. Scatterplot of the Neural Network Model for Nitrogen Estimation (a). Conceptualization of
Artificial Neural Networks with the selected vegetation indices (b).

The above demonstrates that the best model for estimating foliar nitrogen content is artificial
neural networks, statistically presenting the most significant values related to the laboratory-
calculated nitrogen content.

4. Discussion

The spectral indices were initially evaluated through Pearson correlation, selecting those with
values greater than 0.7. Then, four analysis methodologies were applied: the classic multiple linear
regression model, Random Forest, Gradient Boosting, and Artificial Neural Networks. A better
variance was found when using Artificial Neural Networks. The results indicate that the TCARI and
MCARI indices showed the highest correlations for determining chlorophyll content in banana
cultivation. Therefore, by associating these vegetation indices with nitrogen content and using
artificial intelligence algorithms, it is possible to determine this relationship.

Xiong et al. (2019) [45], in their study on the nitrogen nutrition index for the cultivation of
Brassica Campestris ssp. Chinensis L., concluded that plants with excess nitrogen reflect less visible
light than nitrogen-deficient plants. Additionally, they noted that the Random Forest method
provided better predictions during the seedling and harvest stages.

In the study conducted by Abdel-Rahman et al. (2013) [42], emphasis is placed on the importance
of crop leaf color, as it reflects various indices. Using Random Forest, they identified the most relevant
ranges of the visible spectrum for nitrogen content estimation, which encompassed visible light (400-
700 nm), the red edge (670-780 nm), and the mid-infrared (1300-2500 nm) of the electromagnetic
spectrum. These findings complement the results obtained by Ramalho-de-Oliveira et al. (2017) [46],
who also highlighted the importance of wavelength ranges between 400 and 900 nm for nitrogen
estimation.

In particular, they observed lower reflectance intensity in the range of 400 to 700 nm, while
higher reflectance was recorded between 740 and 900 nm. The results obtained in this study differ
slightly from those mentioned earlier, as the selected spectral indices for the best estimation of
nitrogen content are in a more specific range, between 705 and 750 nm of the electromagnetic
spectrum. It is important to consider that the fig tree is a crop native to the Mediterranean [44], while
the experiment was carried out in northern Mexico. On the other hand, the eucalyptus [45] is native
to Australia and Tasmania, and the research was conducted in central-northern Brazil. These
differences may be related to the specific characteristics of the crops and environmental conditions
in the different geographical regions.

The vegetation indices MCARI, TCARI, MCARI/OSAVI, and TCARI/OSAVI align with the
findings of Wang et al. (2016) [47], who found that the MCARI and MCARI/OSAVIindices, calculated
using wavelengths of 750 and 705 nm, had better accuracy in estimating nitrogen content in their
study conducted in a temperate forest. However, in the study by De Sousa et al. (2020) [48], it was
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found that the best index for nitrogen determination in the vegetative phase of chili cultivation was
GNDVI. Additionally, they mentioned that for early fruit growth, the best index was GVI. These
discrepancies highlight the importance of considering the specific characteristics of each crop and
growth stage when selecting the most appropriate vegetation indices for estimating parameters such
as nitrogen content.

It is highly likely that the difference between optimal vegetation indices for different crops, such
as chili and fig, is due to variations in leaf area and other specific characteristics of each plant. For
example, chili, being a vegetable, generally has a smaller leaf area compared to a tree like the fig tree.
The results suggest that the TCARI and MCARI vegetation indices show the highest correlation
coefficients for determining chlorophyll content in banana cultivation. This suggests that there is a
relationship between these vegetation indices and nitrogen content, indicating the possibility of using
artificial intelligence algorithms to determine this association more accurately.

5. Conclusions

Currently, there are research efforts for various crops and spectral indices aiming to establish a
close relationship between these indices and nitrogen content in the field. However, artificial
intelligence algorithms have emerged to help improve or dismiss certain relationships among all
these variables. In the present study, the most important vegetation indices for nitrogen estimation
in fig cultivation were TCARI, MCARI, TCARI/OSAVI, and MCARI/OSAV], all in the range of 705
nm to 750 nm, with artificial neural networks improving the model with these four indices. To
enhance prediction models, it is important to continue conducting experiments of this nature to
identify the indices that best fit for nitrogen estimation in different crops. This optimization can
facilitate the detection of deficiencies and enable timely actions for the proper development of the
crop.
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