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Abstract: Agriculture is essential for food production and raw materials. A key aspect of this
sector is harvest, the stage at which the commercial part of the plant is separated. Timely
harvesting minimizes post-harvest losses, preserves product quality and optimizes production
processes. Globally, a substantial amount of food is wasted, impacting food security and natural
resources. To address this problem, an Adaptive Neuro-Fuzzy Inference System was developed
to predict timely harvesting in crops. Stevia, a native plant from Brazil and Paraguay, with an
annual production 100,000 to 200,000 tons and a market of 400 million dollars, is the focus of this
study. The system considers soil pH, Brix Degrees and leaf colorimetry as inputs. The output is
binary: 1 indicates timely harvest and 0 indicates no timely harvest. To assess its performance,
Leave One Out Cross Validation was used, obtaining an r? of 0.99965 and a Residual Absolute
Error of 0.00064305, demonstrating its accuracy and robustness. In addition, an interactive
application that allows farmers to evaluate crop status and optimize decision making was
developed.

Keywords: agriculture; timely harvest; pH; brix degrees; colorimetry; stevia; adaptive neuro-
fuzzy inference system

1. Introduction

Agriculture plays a crucial role in food production [1], it is an essential activity for the
economy of many developing countries and is the core of export revenues and rural development.
According to estimates from the Food and Agriculture Organization (FAO), agriculture continues
to be the main source of income for approximately 70% of the rural population [2]. Besides,
agriculture is essential for economic growth, contributing 4% to the world’s Gross Domestic
Product (GDP), and in some developing nations it can account for more than 25% of GDP [3].

In Mexico, the agricultural sector plays a more significant role in the economy compared to
the fishing, livestock and aquaculture sectors. In 2022, 5.8 million people were employed in
preparing and harvesting land for cultivation [4]. Harvesting is the phase in which the useful
parts of the plant are collected. This process consists of dividing the commercially valuable plant
portion from the parent plant. This intervention is performed at the moment when the nutrients
have reached their full development and the edible fractions of the crops have acquired the
appropriate degree of maturity for subsequent treatments [5,6].

Timely Harvest (TH) is imperative to avoid losses, obtain superior crop quality, and ensure
timeliness in the production process [7-11]. This is particularly salient given that approximately
one third of the food produced worldwide is wasted. Timely harvesting is crucial to enhance
food and nutritional security. Even economic deficits resulting from inadequate harvesting
generate significant losses [3,12]. Harvesting directly influences the productive capacity of crops.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The implementation of optimized and timely harvesting procedures ensures that crops are
harvested at their optimum maturity and nutritional value, maximizing both the quantity and
quality of the product, while preserving its freshness and long-term storage capacity [13,14].
Failure to harvest at the right time, either prematurely or late, has several disadvantages. In the
case of early harvest, crops may not reach their optimal size, shape, or weight due to incomplete
development. On the other hand, late harvesting exposes crops to a higher risk of fungal
spoilage, especially when they are overripe. The flavor of the product may also deteriorate with
a significant reduction in acidity and taste quality. In addition, late harvest increases the
premature drop in fruit, resulting in a decrease of the final production [13]. Knowledge of the
harvest method and timing are crucial parameters for selecting optimal harvesting and crop
management practices. These factors guarantee and preserve the internal and external quality of
agricultural products [15].

The appropriate time to harvest crops depends on the type of crop and its degree of
maturity. Usually, this is determined by monitoring factors such as crop appearance, seed color,
moisture content, and time since sowing [16,17]. The most common practices for evaluating the
optimum stage of maturity and the right harvest time are based on different parameters. Among the
different approaches used for this purpose are observation, texture, aroma, biochemical and
morphological changes of crops [13], as well as the expert judgment of producers and farmers.

Given that some agricultural procedures, such as determining the right harvest time, are still
carried out using rudimentary methods, technology provides tools to increase productivity,
diversify production, reduce environmental impact, and meet the demandsof national and
international markets [4]. A specific focus of technology is Precision Agriculture (PA). PA uses
specialized tools to collect, process, and analyze different sources of information to improve
agricultural production management. Its objective is to optimize farming operations, increase crop
quality, and minimize the use of supplies. At the same time, it reduces environmental damage and
promotes sustainability in agriculture, thereby increasing the overall profitability of the sector
[18,19]. Technological advances in PA, particularly in areas such as Artificial Intelligence (Al),
have facilitated the development and implementation of technologies for the management of
plants, pests, and diseases [20].

In recent years, Al has been widely used in agriculture to harvest healthiest crops, monitor
soil conditions and development, analyze data for farmers, and improve food supply chain
management. Al-based solutions facilitate farmers to maximize production with fewer resources,
enhance crop quality, and reduce the time and cost needed of getting products to market [21,22].

Al has made significant progress with the development of systems and applications in
various fields. An emerging approach within Al is Hybrid AI (HAI), which integrates the
strengths of different Al techniques to more efficiently solve complex real-world problems [23,24].
Furthermore, HAI has led to a new computing technology known as "Soft Computing", which
includes a set of techniques that are characterized by their ability to handle imprecise or uncertain
information, such as that commonly encountered in real-world. An example of these techniques is
Neuro-Fuzzy Systems (NFS) [25].

NFS combine the learning capabilities of Artificial Neural Networks (ANNs) with the
reasoning capabilties of Fuzzy Inference Systems (FIS) [25,26]. Systems that use both approaches
have been developed, for example: FALCON (Fuzzy Adaptive Logic Control Network),
NEFCON (Neufo Fuzzy Control), NEFCLASS (Neuro Fuzzy Classification) yANFIS (Adaptive
Neuro Fuzzy Inference System).

ANFIS is a system that adapts the rule base of a Takagi Sugeno Kang (TSK) type FIS. It uses
two optimization methods for its training: back-propagation and least mean squares. These two
methods adjust the parameters [27], such as types and number of Membership Functions (MF).

The choice of this architecture in combination with the grid partitioning algorithm isbased on
its remarkable performance in systems with a number of independent variables equal to or less
than five [28], which is a feature of this study. ANFIS has been widelyused in research in
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various fields, providing reliable results. Its application has been extended to various sectors,
for example, the medical area [29], engineering and industry [30-36], environment [37,38], among
others, and has contributed significantly to the advancement and improvement of these fields.
In addition, it has driven technological progress, optimizing and facilitating key processes in
each area of application. Various NEFS architectures, including ANFIS, have been used to
optimize the agricultural field and address different problems, such as predicting levels of critical
variables in crops [39-43], monitoring the health and quality of agricultural soils [44-49],
predicting drought [50], and assessing crop yields [51-53]. These approaches have provided
important benefits in agriculture by minimizing material, economic, time, resource, and labor
losses. They also promote sustainability by creating tools that allow responsible use of resources,
avoiding the environmental impacts of waste, pesticide use, fertilizers, and most importantly,
the loss of crops. Clearly, NFS is an advanced tool capable of generating multiple benefits in
crop optimization and management.

A crop of great importance today and a member of the Asteraceae family is Stevia
Rebaudiana; a plant native to Brazil and Paraguay and known since ancient times. Harvesting of
this crop occurs between 75 and 90 days after sowing [54]; it is recognized as a rich source of protein,
fiber, minerals, vitamins, and phenolic acids [55]. Stevia leaves contain essential elements for the
human body; in addition, its sweetening capacity exceeds 300 to 450 times that of common sugar. A
2.62 ft tall plant can produce approximately 70 grams of dehydrated Stevia [56].

Global production of Stevia is estimated between 100,000 and 200,000 tons per year,
representing a 400 million dollars market, making it the second most consumed sweetener in the
world. China is the market leader, producing about 75% of the total. Paraguay contributes
8% of production. Other major Stevia producing countries include Brazil, Colombia and Kenya.
In recent years, its cultivation has expanded to other countries, such as Vietnam and Mexico [56].

The introduction of Stevia in Mexico was carried out by the Instituto Nacional de
Investigaciones Forestales, Agricolas y Pecuarias (INIFAP), with the purpose of evaluating the
viability of its adaptation to local conditions. Stevia production began in 2010, and due to the
growing interest in increasing its volume, the Servicio de Informacién Agroalimentaria y
Pesquera (SIAP) reported that significant production figures started to be recorded at the
national level in 2. In Mexico, Colima is one of the states where Stevia was first cultivated, a region
of the country with favorable agroclimatic conditions for its development [56-58].

To ensure the quality of the crop and the continuity of production, it is important to
understand the factors involved in Stevia conservation. Two key parameters that significantly
influence the health of a plant are pH and Brix Degrees (BD) [59]; in addition, the appearance of
the plant plays a critical role in identifying physical changes such as alterations in leaf texture,
changes in tonality and the presence of lesions, which are important indicators for the detection of
disease. All three indicators are used to assess the maturity of the crop and whether or not it is time
to harvest.

On the one hand, soil pH is an indicator of acidity or alkalinity levels, and it also reflects
the activity of hydrogen ions in the soil solution. Most plants thrive when the pH is slightly acidic
to neutral, that is, between 6 and 7, because this is where most nutrients are available. Soil pH is a
key element in soil properties and a critical variable that affects both crop yield, nutrient release
and microbial activity. Excessively acidic (<5) or alkaline (>7) pH can significantly limit the
productivity of agricultural land [60-62]. Figure 1 shows the scale used to measure soil pH and the
appropiate levels for some crops.
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Figure 1. pH scale with optimum values for some crops.

BD are also a key indicator of crop quality because they measure soluble solids, which reflect
the potential sweetness level of the product. This factor is relevant throughout the value chain
because it directly influences the assessment of the quality of agricultural products. Soluble solids
levels are related to the maturity of the crop, with the sugar content being one of the main indicators
of development. To measure BD, the most used instrument is the refractometer, which uses physical
properties such as specific gravity and density of the product to provide a measurement [63,64].

Finally, the detection of physical changes such as color in a crop is a fundamental aspect
to evaluate the optimal state and detect anomalies including nutrient deficiencies. Deficiency of
nutrients such as iron, magnesium, nitrogen (N), phosphorus (P) and potassium (K), (the last
three, known as NPK), causes imbalances in the crop, which is reflected in changes in leaf color,
indicating plant health problems [65-68].

To address the challenges faced by the agricultural sector, due to TH deficiency,
particularly in Stevia crops, a predictive system based on an NFS with ANFIS architecture is
proposed. In this approach, soil pH, plant BD and leaf colorimetry are considered as
independent variables, since they have a significant influence on nutrient availability and,
therefore, on crop quality. On the other hand, the dependent variable is TH. The central
hypothesis is that an ANFIS system trained with pH, BD and crop leaf colorimetry data, and
evaluating its efficiency using the Absolute Residual (AR) metric and the Leave One Out Cross-
Validation (LOOCV) technique, can accurately determine whether a crop is ready for
harvesting or not, thus contributing to improve the efficiency and quality of Stevia production.

The objective of predicting TH in Stevia crops is to reduce economic losses due to lack of
accuracy in determining the optimal time to harvest, minimize the waste of agricultural resources
and improve crop quality. Harvesting at optimal maturity guarantees a higher concentration of
desirable compounds and preserves the organoleptic and commercial properties of the product.

In addition, by optimizing harvesting times more sustainable agriculture is promoted by
reducing unnecessary use of supplies such as fertilizer and water, as well as the generation of waste.
This approach not only improves production efficiency, but also contributes to soil conservation
and the responsible use of natural resources, ensuring crops of higher quality and commercial
value.

2. Materials and Methods

The proposed solution (Figure 2) considers the implementation of an NFS using the ANFIS
architecture in combination with the grid partition method. As indicated in Section 1, ANFIS is
particularly effective in environments where the number of independent variables is equal to or less
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than 5. In this study, three independent variables are considered: soil pH, plant BD, and plant
leaf colorimetry. The NFS receives the values corresponding to these three variables and, by
processing them through the fuzzy rules and the adaptive inference of ANFIS, evaluates the
current crop conditions and generates a binary-valued prediction about the dependent variable,
namely, whether it is TH (1) or not TH (0).

Data acquisition

Prediction

1

IA - User

Dataset

Figure 2. General system schematic.

2.1. Study Area

Rancho Tajeli (Figure 3) is a Mexican family farm located in the town of "El Trapiche’ in the
south of the municipality of Cuauhtémoc in the state of Colima, Mexico. This family farm is
dedicated to the production of various organic products, but primarily to the cultivation of
Stevia.

This research involves the study and recording of data from a sample of four rows of the crop,
representing to approximately 150 plants, selected from the total population of the crop. This
approach allows obtaining representative information for TH analysis and modeling. Field data
were collected periodically, focusing more on days close to the cutting dates to know the parameters

of the candidate crops to be harvested, approximately 80-90 days after planting.
s Bk g
P ey

Figure 3. Rancho Tajeli (www.ranchotajeli.com) [69].

2.2. Dataset
The data set used consists of 150 pieces of data, which are:

1. Values obtained after subjecting crop images to processing using Binary Masks (BM) to obtain color
percentages in Hue, Saturation, Value (HSV) format and then performing cluster classification
using k-means algorithm as a grouping method.

2. pH values collected from soil in the study area.

3. BD values obtained from leaf samples taken from each Stevia plant.

2.2.1. Image Processing for Leaf Colorimetry
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The appearance of a crop’s leaves is an indicator of plant health. NPK deficiencies are directly
associated with a reduction in chlorophyll content, which affects both coloration and overall leaf
condition [70].

a@» «

Figure 4. Nutritional deficiency in plants by color.

Figure 4 shows that specific nutrient deficiencies can be identified by leaf color: a yellow
shade indicates N deficiency, purple or red shades indicate P deficiency, while a brown shade
reflects K deficiency. In contrast, a completely green leaf in the early and late stages of growth
indicates an adequate balance of the three macronutrients [70].

The images were processed as a way to obtain a numerical value that could be processed by
the NFS. Photos of Stevia plants were taken in a controlled environment, which was based on an
enclosed space with a white background and the same lighting in each of the photographs. The
images show that the plants are predominantly green, but there are also shades of brown and
yellow, so in this case the plants are not affected by P deficiency. Figure 5 shows a section of the
images from the dataset used.

4
g
b

Figure 5. Stevia images.

The HSV color model was used to analyze the color distribution in each image:
e  H (Hue): Specifies the hue of the color (0° to 360° mapped from [0,1] in MATLAB).
e S (Saturation): Indicates color purity [0 to 1].

eV (Value): Indicates the brightness or intensity [0 to 1].

Each image is converted from the Red, Green, Blue (RGB) model to HSV, which classifies
image pixels into three main categories: green, yellow, and brown, which are the predominant colors
of crop leaves; moreover, in HSV, hue is independent of brightness and saturation, which facilitates
segmentation based solely on color. For each color range, BMs are generated, a BM is a matrix of
the same size as the image, different works have used the BM [71,72] and the HSV color model
[73,74] for processing, obtaining satisfactory and accurate results.
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The BM identifies the pixels that meet the criteria defined for each color, also, the
percentage of pixels corresponding to each hue is calculated to normalize the values according
to the total number of classified pixels, thus the total sum of the percentage of colors used is 100%.
Figure 6 shows the BM applied to one of the images of the dataset.

Original Green: 90.92%

Yellow: 9.06% Brown: 0.01%

Figure 6. Binary Masks.

After processing the images with BMs and knowing the percentage of each color, the k-means
algorithm was applied, which is an unsupervised learning method used to solve grouping or
clustering problems. The main objective of this algorithm is to divide a data set into 'k’ groups or
clusters based on the similarity of the data. The first step performed in k-means is to choose ‘k’ initial
centroids, then, for each point in the dataset, the Euclidean distance with respect to each of the
centroids is calculated, and the point (data) is assigned to the cluster whose centroid is closest. Figure
7 shows a graphical representation of how the algorithm works. K-means has advantages such
as simplicity, speed, and scalability, and has been used in several works such as [75-79]. K-means
works on the dataset with percentages of each color (green, yellow, and brown) per image and,
depending on the values, assigns each image to the cluster of the predominant color. Three
clusters were established, one corresponding to each color, defined as follows (Table 1):

Table 1. Clusters defined.

Cluster: Color
1: Green 2: Yellow 3: Brown

Table 2 presents an example of how images were grouped after processing, reflecting the overall
structure of the complete data set.

Table 2. Clustering sample.

Image %Green %Yellow %Brown Cluster
120.jpg 99.5584 0.14344 0.29818 1
75.jpg 10.8477 79.6597 9.94261 2
76.jpg 4.44868 0 95.5513 3

Figure 7 shows the classification of each of the images after processing and assignment to the
corresponding cluster.


https://doi.org/10.20944/preprints202503.0677.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025 d0i:10.20944/preprints202503.0677.v1

8 of 23

Clustering K-Means

100 - ]
% Centroid
90
/ 4 80
ol f%
870
70 %
\\ 60

50

40

Percentage Yellow
3

40

30
30

20

20

{Enee)
SEEH

wle,
NG

0 10 20 30 40 50 60 70 80 90 100
Percentage Green

Figure 7. K-Means clustering.

2.22. pH

The JXBS-3001-SCY-PT portable soil detector (Figure 8), which is designed to measure multiple
soil parameters, was used to collect pH data for each of the plants. The instrument is powered by a
3.7 V power supply consumed from a lithium battery and uses the Modbus Communication
Protocol over RS [80]. For data acquisition, the sensor was placed in the plant area for
approximately 3 seconds.

Figure 8. Portable JXBS-3001-SCY-PT soil detector.

2.2.3. Brix Degrees

A digital refractometer model 300053 Sper Scientific ATC 0-95%, was used to obtain the BD
data. This digital refractometer is a compact and lightweight instrument designed to accurately
measure the concentration of solutions in BD, indicating the sugar content in liquids. In addition, it
implements an Automatic Temperature Compensation (ATC), which automatically adjusts the
readings according to the sample temperature, ensuring accurate results; its measurement range is
0 to 95% Brix, resolution of 0.1% Brix and accuracy of +0.2% Brix; the minimum sample volume
required is 1 ml [81,82].

The procedure for the extraction of the BD is shown in Figure:
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Get sample Grind Place Measure

Figure 9. BD process.

2.3. ANFIS Modeling

As mentioned in Section 1, the NFS ANFIS is a hybrid model that combines the
capabilities of ANNs and FIS. This approach allows the modeling of complex non-linear
relationships between inputs and outputs, providing an interpretation based on linguistic rules.
This section describes the modeling performed to predict TH, obtaining as a result a binary output,
where the interpretation is 1 for TH and 0 for Not TH. The proposed model integrates the flexibility
of FIS to handle uncertainty and the learning ability of ANNs to optimize parameters, resulting
in an accurate and adaptive model.

2.3.1. Artificial Neuronal Network (ANN)

In an NFS with an ANFIS architecture, the input data first passes through an ANN, which
acts as an optimizer responsible for adjusting the parameters of the TSK-type FIS. At this stage, the
model undergoes "Adaptive Learning’ where the ANN adjusts the weights and parameters of the
MFs and the FIS rules. Although ANN is very efficient in finding optimal configurations, its
behavior resembles a "black box’ because its internal parameter settings are not easily interpretable
or modifiable. The ANFIS used in this study has the following ANN structure:

pH

BD

Logical operations

AND

Cluster

®

4 ‘4 \ — NOT

Figure 10. Artificial Neuronal Network used.

2.3.2. Fuzzy Inference System (FIS)

Once the ANN has adjusted the parameters, the FIS uses them to make inferencebased
on linguistic rules. Unlike ANN, FIS provides direct and manageable control over the model.
The FIS uses the following parameters:
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1. Inputs:

The ranges assigned to the FM of the inputs were defined based on the study data,
considering the following parameters: for the BD variable, a 2-year history was taken as a
reference based on the harvest records of Rancho Tajeli farmers. In this context, the minimum
BD recorded for a harvest was 22 (Harvest 1: April 19, 2023) and the maximum value was 36
(Harvest 6: September 26, 2024). The pH ranges were determined using the scale shown in
Figure 1 as a reference. Finally, for the colorimetry of the leaves, the variable 'Cluster’ was
defined, due to the grouping made after the processing of the images. For this variable, ranges
from 1 to 3 were used, according to the clusters previously established for each color. Each of
the independent variables has a total of 3 triangular MFs. The MFs parameters are described in
Table 3, and shown in Figures 11-13.

Table 3. Input features.

Variable Range Indicator
pH 3-9 acid neutral alkaline
[03 6] [369] [6912]
BD 15-46 not_ripe ripe excess_tipe
[-0.515 30.5] [1530.5 46] [30.5 46 61.5]
Cluster 1-3 green yellow brown
[012] [123] [234]
acid neutral alkaline
pH

Figure 11. pH MFs.

not_ripe ripe excess_ripe

BD

Figure 12. BD MFs.
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green yelllow brown

cluster

Figure 13. Cluster MFs.

2. Output:

The output of the TSK type FIS is of constant type, so each rule has a default constant value as
output. In this case, the model generates 27 constant functions to cover each Fuzzy Rule (FR). Each
constant function is applied to a specific FM combination of the inputs. The model has 27 FMs for
the output because ANFIS generates the rules in a TSK system based on the number of FMs
assigned to each input, which is 3 FMs for each independent variable. This model uses a range of
0 - 1 to set the output variable, where 0 indicates "Not Harvest’ and 1 "Harvest’, as shown in Table
4.

Table 4. Output features.

Indi
Variable Range ndicator
not_harvest harvest
Harvest 0-1 ~
’ [0] 1]

3.Fuzzy Rules (FR):

In a FIS, FR facilitate qualitative reasoning by establishing connections between fuzzy sets of
input and output. The rules consists of two components: the “antecedent” which describes the
condition, and the “consequent,” which defines the result or effect. When the antecedent includes
more than one condition, Fuzzy Operators (FO) are used to connect the involved fuzzy sets. The
most commonly used operators are  AND (representing intersection), OR (representing union) and
NOT (representing complement) [83]. A total of 27 FR were generated; an extract of these rules is
presented in Table 5.

Table 5. FR extract.

IR Antecedent FO Antecedent FO Antecedent Consequent
1 pH is acid BD is not_ripe clusteris 1 not_harvest
2 pH is acid BD is ripe cluster is 2 not_harvest
3 pH is acid BD is excess_ripe cluster is 3 not_harvest
4 pH is neutral BD is not _ripe clusteris 1 the not_harvest
5 if pH %s neutral AND .BD is ripe . AND cluster %s 2 n not_harvest
6 pH is neutral BD is excess_ripe cluster is 3 not_harvest
7 pH is alkaline BD is not_ripe cluster is 1 not_harvest
8 pH is alkaline BD is ripe cluster is 2 not_harvest
9 pH is alkaline BD is excess_ripe cluster is 3 not_harvest

The remaining FRs are listed in Appendix A, Table Al.

2.3.3. ANFIS Model Summary
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A summary of the ANFIS model operating parameters is presented in Table 6:

Table 6. ANFIS summary.

Training Features

Number of inputs 3
Number of outputs 1
Number of training epochs
MFs input 3 per input variable
Number of FR

Input FM Parameters

MF 1 (acid): trimf - Range: [0 3 6]

Input 1 MF 2 (neutral): trimf - Range: [3 6 9]

MF 3 (alkaline): trimf - Range: [6 9 ]
MF 1 (not_ripe): trimf - Range: [-3.5 13 29.5]
Input 2 MF 2 (ripe): trimf - Range: [13 29.5 46]
MF 3 (excess ripe): trimf - Range: [29.5 46 62.5]
MF 1 (1): trimf - Range: [0 1 2]
Input 3 MF 2 (2): trimf - Range: [1 2 3]
MF 3 (3): trimf - Range: [2 3 4]
Output Parameters
harvest: [1]
not_harvest: [0]

Output: Constant type

Neuronal Network Structure

Number of layers 5

Number of neurons in layer 1 (input MF) 9

Number of neurons in layer 2 (RF) 27

Layer 3 Standardization
Layer 4 Linear functions
Layer 5 Weighted sum

2.4. Timely Harvest Prediction Algorithm

Algorithm 1 shows the pseudocode of the proposal to predict the TH in Stevia crops.

Algorithm 1 Timely Harvest prediction
Read

Assign inputs

Assign output

Initialize:

n «<— number of samples.
absolute_residuals < vector of size n.

epoch_number « 10.
mf_type « 'trimf.
For:i=1ton
Split data: train_inputs, train_outputs, test_input, test_output.
Create initial model: fismat < genfisl(training_data, 3, mf_type).
Train ANFIS model: fismat_trained —

anfis(training_data, fismat, epoch_number).

Predict: predicted_output «— evalfis(test_input, fismat_trained).
EndFor

3. Results

3.1. Evaluation Metrics
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3.1.1. Model Performance

The decision to employ LOOCV in conjunction with the AR metric stems from the
recognition that this combination offers a robust and accurate assessment of the ANFIS model
within the context of binary outputs. At each iteration of LOOCYV, the AR between the predicted
and actual output for the test sample is calculated, thereby providing a direct and consistent
error metric. Furthermore, by calculating the mean of the AR from all iterations, an overall model
error indicator is obtained, enabling the evaluation of the model’s accuracy across the entire data
set.

1.  Absolute Residuals (AR)

The selection of the AR metric is based on the binary nature of the model output [0,1], which
implies that the discrepancy between predicted and actual values is discrete. Additionally, this
metric provides a straightforward interpretation of the results. The AR metric has been used
extensively in several studies, including works such as [84-86]. The AR metric is defined by
Equation 1.

AR = |THActuali — THPredictedi| (1)

For each observation i, in which the suitability of the harvest is evaluated, an AR value is
calculated. Equation 2 shows the calculation of the mean AR value (MAR) for a set of N
observations. This value is obtained by summing the individual AR values and dividing the result
by the total number of observations.

MAR = =37, [TH;| (2)

A MAR value approaching zero indicates a heightened degree of accuracy in the prediction
technique. This suggests that a low MAR signifies that the model predictions are more aligned
with actual values [87].

2. Leave One Out Cross Validation (LOOCV)

The LOOCV method was employ to assess the performance of the model, as it provides a
comprehensive evaluation. This approach ensures that each sample in the dataset is used as a test
once, while the remaining samples are used for model training. Consequently all samples contribute
to both the training and validation processes. Studies such as [88-91] have implemented the LOOCV
technique to partition the data in their models, obtaining accurate results. The operational
process of LOOCYV is illustrated in Figure 14.

ANFIS Model

N
:sp

i
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& &

y/ y
10 ", A4 " " 24 W

Figure 14. Leave One Out Cross Validation Process.

3.2. Performance Evaluations
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The evaluation of the ANFIS model was developed through the aforementioned metrics.
The evaluation process involves the partitioning of the dataset, whereby in each iteration of
LOOCV, a simple sample (i-th sample) is designated as a test sample, while the remaining samples
(n-1) are utilized for training. Subsequent to the training of the model, a prediction is made for the
sample that was excluded, and this is then compared all data have been processed. In this study,
the process is repeated 150 times.

The errors obtained after submitting the model to evaluation can be visualized in Figure
15. This graph shows that sample 89 exhibits the highest error, with a value of 0.09597, while
samples 125 to 150 demonstrate the lowest errors.

Absolute Residual Errors (AR) by Sample
T T

102

Absolute Residual Error (AR)

Sample Number

Figure 15. Plot of Errors Obtained with AR.

Following the execution of the evaluation, a total error value of 0.00064305 was obtained.
This finding indicates that the prediction accuracy of the ANFIS model is optimal.

3.3. Determination Coefficient (r*)

In a simple linear regression analysis, the coefficient of determination, denoted as %, quantifies
the proportion of the dependent variable’s total variance that is accounted for by the independent
variable. Specifically, 1> represents the ratio of the model’s explained variance (SSM) to the total
variance of the dependent variable (SST) [92], as expressed by the equation 3:

SSM _ 2(31-9)°
™= T T ©

A predictive model is considered acceptable when the 2 > 0.5 [93]. The r> metric has been
extensively utilized for the evaluation of studies as evidenced by the literature [94-97]. In the
evaluation of the model with the 2 metric, the LOOCV technique was also used, obtaining a value
of 0.99965. This outcome signifies a highly precise fit, thereby classifying the model as both
acceptable and robust in terms of predictive capacity.

3.4. App

An application was designed using the App Designer Toolbox within the MATLAB
environment. The objective of the design was to provide the end user with an intuitive and accessible
tool to determine if the crop can be harvested. Figure 16 shows the application home screen.
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Load Image
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Figure 16. App Home.

In this interface, the user can load an image of the Stevia crop using the "Load Image" button.
The image is automatically processed and, depending on the cluster assigned during this
processing, a brief description of the plant status is displayed. Subsequently the user is
prompted to enter the pH and BD values. Finally, by tapping the "Predict" button, the
application shows the result, indicating whether or not the plant is suitable for harvesting. The
performance of the application is illustrated in Figure 17, through a series of tests.

Figure 17. App Performance Tests.

4. Discussion

The findings of this study demonstrate the efficacy of the developed ANFIS-based NFS in
measuring and analyzing key parameters to determine the harvest status of the Stevia crop. This
determination is made using pH, BD, and leaf colorimetry as independent variables. Through
image processing, the percentages of green, yellow and brown in the leaves were obtained, and
the data were grouped into clusters according to the predominant color. This approach facilitates
the acquisition of pertinent visual information regarding the physiological state of the crop.

The results obtained support the initial hypothesis, indicating that the model can
determine with high accuracy if a Stevia crop is suitable for harvesting. The evaluation of the
system using r> showed satisfactory results, demonstrating a consistent correlation between model
predictions and observed data. A value of 0.99965 was obtained, which exceeds the value of 0.5
to be considered acceptable, reflecting a statistically significant impact. In addition, the AR
evaluation showed that the differences between predicted and actual values were minimal. This
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reinforces the reliability of the model, in this case the error using this metric was 0.00064305, a
value extremely close to zero.

No research works were found that evaluated TH in Stevia using a NFS. However, studies
using NFS for pest forecasting and localization, greenhouse control, fruit and vegetable quality
grading, and irrigation optimization are reported in the literature. In this context, other studies
have employed Al techniques, such as ANNs and Mamdani-type FIS, to evaluate different
aspects of agricultural production. The present study focuses on the analysis of both internal
and external crop parameters. This approach enhances the reliability of decision-making by
facilitating a comprehensive assessment of the crop’s status. It also provides a more accurate and
reliable prediction. This optimizes the use of agricultural resources and reduce the waste of
supplies such as fertilizer and water.

This study provides important information for Stevia producers. The system developed will
allow harvest optimization and improved efficiency in decision making. The implementation of
this system on the farm will make it possible to monitor the evolution of the relevant parameters on
a continuous basis. Also, this provides precise recommendations on the optimal time for
harvesting. Accessibility of the system interface and ease of interpretation of results are important
factors in the adoption of this technology in PA.

Based on these results, several lines of future research are suggested. Extending the model to
include new variables, such as soil electrical conductivity or microbial activity, could improve
the accuracy of the system. Furthermore, the comparison of ANFIS with other models, such as
TSK or hybrid approaches based on deep neural networks, would evaluate their relative
performance and optimize their predictive capacity. Also, the exploration of different clustering
algorithms, with the aim of improving data segmentation and crop status classification. Finally, the
integration of this system in web platforms with access to cloud databases would facilitate its
implementation on a larger scale. This would allow farmers to access information to optimize crop
management and increase production profitability.

5. Conclusions

This study demonstrates how the ANFIS-based NFS allows effective evaluation of Stevia
crops from the combination of endogenous and exogenous parameters. Through data analysis and
validation with LOOCV, the model was shown to be able to accurately predict the optimal
harvesting stage, achieving an 12 of 0.99965 and an AR of 0.00064305. The innovative aspect of
this work is the integration of image processing to obtain colorimetric data with pH and DB
parameters. Besides, implementation of this system in the field will generate a data history that
will facilitate long-term analysis and allow farmers to plan their cropping strategies.

The impact of this model extends beyond crop optimization, as it contributes to the
development of Al-based agricultural monitoring strategies. This provides a scalable and
adaptable solution for other crops, taking into account certain modifications and adaptations
that may be required.
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Appendix A

Table Al shows the complete set of FR.

Table Al. System Fuzzy Rules.

IR Antecedent FO Antecedent FO Antecedent Consequent
1 pH is acid BD is not_ripe clusteris 1 not_harvest
2 pH is acid BD is not_ripe cluster is 2 not_harvest
3 pH is acid BD is not_ripe cluster is 3 not_harvest
4 pH is acid BD is ripe clusteris 1 not_harvest
5 pH is acid BD is ripe cluster is 2 not_harvest
6 pH is acid BD is ripe cluster is 3 not_harvest
7 pH is acid BD is excess_ripe clusteris 1 not_harvest
8 pH is acid BD is excess_ripe cluster is 2 not_harvest
9 pH is acid BD is excess_ripe cluster is 3 not_harvest
pH is neutral BD is not_ripe clusteris 1 not_harvest
pH is neutral BD is not_ripe cluster is 2 not_harvest
pH is neutral BD is not_ripe cluster is 3 not_harvest
pH is neutral BD is ripe cluster is 1 harvest
pH is neutral BD is ripe cluster is 2 not_harvest
pH is neutral BD is ripe cluster is 3 not_harvest
pH is neutral BD is excess_ripe clusteris 1 not_harvest
pH is neutral BD is excess_ripe cluster is 2 not_harvest
) pH is neutral BD is excess_ripe cluster is 3 the not_harvest
if pH is alkaline AND BD is not_ripe AND clusteris 1 n not_harvest
pH is alkaline BD is not_ripe cluster is 2 not_harvest
pH is alkaline BD is not_ripe cluster is 3 not_harvest
pH is alkaline BD is ripe clusteris 1 not_harvest
pH is alkaline BD is ripe cluster is 2 not_harvest
pH is alkaline BD is ripe cluster is 3 not_harvest
pH is alkaline BD is excess_ripe clusteris 1 not_harvest
pH is alkaline BD is excess_ripe cluster is 2 not_harvest
pH is alkaline BD is excess_ripe cluster is 3 not_harvest
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