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ABSTRACT
Alfalfa (Medicago sativa L.) is an important crop for food security and livestock sustainability. 
The accurate identification of its phenological stages, based on subjective observations, can be 
improved using machine learning methods that enable objective and efficient classification 
based on field data and remote sensors. The purpose of this study was to classify four 
phenological stages of alfalfa using Sentinel-2 images and machine learning models such as 
Support Vector Machine (SVM) and Multilayer Perceptron (MLP) neural networks. To this 
end, a dimensionality reduction process based on correlation analysis and Sequential Forward 
Selection (SFS) of features was integrated to optimize accuracy and computational efficiency. 
In this study, 41 Sentinel-2 images corresponding to 72 alfalfa plots during one agricultural 
cycle were analyzed. From the images, 86 texture, color, and vegetation index characteristics 
were extracted; subsequently, a correlation analysis was applied to eliminate redundant 
variables, reducing the set to 50 independent characteristics. On this subset, the SFS method 
was implemented with a gradient stopping criterion, which allowed the identification of the 
29 variables with the highest discriminating power. As a result, the SVM model improved 
its accuracy from 70.1 to 82.2 % after the reduction of characteristics, while the MLP network 
achieved the highest overall accuracy (85 %, k = 0.77) with a configuration of 50-50 neurons 
in two hidden layers. The combination of correlation analysis and feature selection reduced 
dimensionality by 58 % without loss of accuracy. The MLP network outperformed the SVM in 
its generalization ability. This approach constitutes a low-cost operational alternative for the 
phenological monitoring of perennial crops using freely available satellite imagery.

Key words: Support vector machine, multilayer perceptron neural network, forward sequential 
selection, alfalfa monitoring.

INTRODUCTION
The world population is projected to reach 8.1 billion people by 2030, indicating a 
substantial rise in food demand. Therefore, it will be essential to increase the area 
under cultivation, improve agricultural productivity, and intensify crop rotation 
(FAO, 2002). In Mexico, between 2006 and 2018, the area under cultivation grew by 
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1.5 %, reaching a total of 20.27 million ha (SIAP, 2019). Food security, both locally and 
globally, will depend on the ability to increase food production.
Constant crop monitoring can optimize agricultural productivity, which in turn 
leads to increased production. This procedure facilitates estimations regarding yield, 
crop health, and requirements for water and nutrients (Bouni et al., 2024). However, 
traditional methods that rely on field studies are often costly and time-consuming. As 
an alternative, the use of satellite imagery offers an efficient solution for large-scale 
crop monitoring, providing valuable biophysical data (Thenkabail et al., 2012).
Satellite images record the Earth’s surface through spectral signatures that quantify 
reflected light, allowing statistical and machine learning models to extract key 
information about crops. Sentinel-2 images stand out by their high resolution of 10 m 
in the visible spectrum and near-infrared band, rendering them an effective instrument 
for agricultural research. Various studies have used satellite imagery and machine 
learning techniques to improve agricultural productivity and predict parameters such 
as crop yield, water demand, and phenology. This approach has been used to estimate 
corn production (Kayad et al., 2019), classify crops (Solano-Correa et al., 2019), analyze 
rice phenology (Supriatna et al., 2020), and determine the peak flowering of rapeseed 
crops (Han et al., 2020).
Recent studies have expanded this framework. Sadri et al. (2022) developed a machine 
learning and remote sensing model to estimate daily irrigation requirements on 
farms. Similarly, de la Fuente et al. (2023) used Sentinel-2 satellite images and machine 
learning algorithms to predict grape crop yields by analyzing time series of vegetation 
indices, with overall accuracies greater than 90 %. Longchamps and Philpot (2023) 
proposed a phenological monitoring method that uses a two-dimensional space for 
chlorophyll and canopy water indexes. Shojaeezadeh et al. (2025) combined optical 
and radar data to estimate more than 13 phenological stages with machine learning. A 
study on alfalfa was able to estimate crop height from Sentinel-2 images and machine 
learning techniques (Random Forest and XGBoost), with a coefficient of determination 
of 0.79 and a mean absolute error of 4 cm (Bahrami et al., 2025).
Crop monitoring using satellite imagery allows for estimating yield, water demand, 
and agricultural productivity. In recent years, various studies have been conducted 
to identify crops established in agricultural regions through the analysis of satellite 
images. Ashourloo et al. (2018) proposed a model that establishes a threshold using 
the relationship between the red, green, blue, and near-infrared spectral bands of 
Landsat-8 images to identify alfalfa and other crops. Li et al. (2021) implemented a 
classification method that combines generative adversarial networks, convolutional 
neural networks, and short- and long-term memory neural networks on Tier-1 
Landsat-8 images to discriminate between corn and soybean crops.
Minallah et al. (2020) merged Planetscope and Sentinel-2 images to classify five types 
of land cover (wheat, tobacco, other vegetation, water bodies, and urban areas) by 
training a convolutional neural network. However, the phenological classification of 
crops from satellite images is a largely unexplored field, especially in the case of alfalfa. 
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Fatemeh and Hossein (2022) applied a combination of optical satellite data and radar 
images to discriminate crops such as alfalfa, wheat, sugar beet, apples, and grapes 
by training machine learning algorithms using the Normalized Difference Vegetation 
Index (NDVI), Green Normalized Difference Vegetation Index (GNDVI), Enhanced 
Vegetation Index (EVI), and Leaf Area Index (LAI). Similarly, Chen and Zhang (2023) 
conducted related studies by integrating Landsat 7/8, Sentinel-2, and Sentinel-1 radar 
images to monitor the growth of alfalfa, corn, and soybean crops.
Phenological observations in agriculture and horticulture furnish farmers with 
basic information for informed decision-making concerning optimal operational 
programs, including planting, fertilization, irrigation, crop protection, and forecasting 
phenological phases (Chmielewski, 2023). Phenological data can be used in the design 
of models to predict biophysical parameters of crops such as grain yield, harvest, 
fertilization, and pesticide application. In recent years, various research projects 
have focused on identifying phenological stages in crops such as rice, wheat, apple, 
and olive (Milicevic et al., 2020; Velumani et al., 2020; Yang et al., 2020), using high-
resolution images taken with unmanned aerial vehicles (drones), whose limitation is 
their high cost.
Selecting an optimal subset of spectral, color, and texture features reduces 
dimensionality and improves computational efficiency without compromising 
the accuracy of machine learning models in identifying crop phenological stages. 
Therefore, the objective of this study was to classify four phenological stages of alfalfa 
using Sentinel-2 images and machine learning models (SVM and MLP), integrating a 
dimensionality reduction process based on correlation analysis and sequential feature 
selection to optimize accuracy and computational efficiency. The main contribution of 
this research lies in the application of supervised classification models on Sentinel-2 
satellite images to identify the phenological stages of alfalfa, which constitutes an 
efficient and low-cost tool for large-scale crop monitoring.

MATERIALS AND METHODS

Study area
This study was conducted on agricultural plots belonging to Irrigation Module Five 
“Usuarios y Productores Unidad Tepatepec, A.C.” in Irrigation District 003 “Tula,” in 
the southwestern part of the state of Hidalgo, Mexico (Figure 1). The area is located 
within the Mezquital Valley region (20° 14’ 42.29“ N and 99° 5’ 24.45” W), taking the 
town of “Tepatepec” as a reference point. Irrigation Module Five is supplied by the 
Alto Requena, Principal Requena, Endhó, and Dren irrigation canals, which carry 
wastewater from the Mexico Valley Basin, the Tula River, and the Salado River. 
During one agricultural cycle, 72 alfalfa plots in the Tepatepec Irrigation Module 
were monitored to determine the phenological stages of the crop throughout the 2019 
agricultural cycle.
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Remote sensor data acquisition
To monitor crop phenology, Sentinel-2 satellite images of the study area were used, 
captured by a high-resolution multispectral camera (available at https://browser.
dataspace.copernicus.eu). The images were downloaded in spectral bands 02 (blue), 
03 (green), 04 (red), and 08 (near infrared), corresponding to the period from March to 
November 2019. Images with cloud cover of less than 50 % were selected. The images 
were processed using the QGIS program (QGIS Development Team; Essen, Germany) 
to form four-band spectral composites with a spatial resolution of 10 m and a temporal 
resolution of 5 d. A total of 41 spectral composites were generated.

Sample extraction
The samples used to train the machine learning models were extracted from the 
spectral compositions by cropping the pixels corresponding to the plots studied. These 
were stored in (.mat) files and labeled with the date, plot number, and phenological 
stage. Four main stages were identified (regrowth, medium development, maximum 
development, and cutting and drying), each with an approximate interval of 20 to 
30 d (Figure 2). Regrowth occurs a few days after harvesting, followed by medium 

Figure 1. Location of the study area in Irrigation Module Five, Mezquital Valley, in the state of 
Hidalgo, Mexico.
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Figure 2. Monitoring of control plots. A: regrowth stage; B: average growth; C: full growth; D: 
cutting and drying.

development, characterized by intermediate stem growth. Maximum development 
corresponds to the greatest growth of the crop, with a leafy structure and the presence 
of some flowers. Finally, in the cutting and drying stage, the crop is cut and left on the 
ground until it reaches a moisture content of 14 to 18 % for baling.
The sample extraction process yielded 2405 plot clippings of different sizes, ranging 
from 6 to 43 pixels per side, corresponding to the control plots studied. Of these, 
676 belong to the regrowth stage, 490 to the medium development stage, 1099 to the 
maximum development stage, and 140 to the cutting and drying stage.

Calculation and extraction of features
From the images, 86 texture, color, and vegetation features were extracted and 
programmed in Matlab version 2017 (The MathWorks Inc.; Natick, MA, USA). The 
feature extraction methods implemented were Moran’s Local Spatial Autocorrelation 
Index (LISA), Local Binary Pattern (LBP), and Leaf Area Index (LAI). The extracted 
features were used to create a data matrix with a total of 2405 samples, corresponding 
to the different phenological stages (Table 1).

Moran’s Local Index of Spatial Autocorrelation (LISA)
This index measures the spatial association between a data point and its neighbors 
(Anselin, 1995) and is suitable for spatial data such as satellite images. The method 
analyzes all pixels in the samples using 3 × 3 sliding windows and calculates the LISA 
value (Ii) for each pixel using a weight matrix that quantifies the contribution of its 
neighbors according to the following formula:

𝐼𝐼𝑖𝑖 =
𝑥𝑥𝑖𝑖 − 𝑋̅𝑋
𝑆𝑆𝑖𝑖2

∑ 𝑤𝑤𝑖𝑖𝑖𝑖(𝑥𝑥𝑗𝑗 − 𝑋̅𝑋)
𝑛𝑛

𝑗𝑗=1,𝑗𝑗≠𝑖𝑖
 

where xi is the pixel analyzed, X is the global mean of the pixels contained in the 
sample, Si

2  is the variance of the sample, xj are the neighboring pixels, wij is the square 
matrix of 8 × 8 pixels with weight equal to one divided by the number of neighboring 
pixels, and n is the total number of pixels in the sample
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Local binary pattern (LBP)
The LBP indicator extracts texture features from images (Ojala et al., 2000) and is 
calculated as follows:

𝐿𝐿𝐿𝐿𝐿𝐿 = ∑𝑠𝑠(𝑔𝑔𝑃𝑃 − 𝑔𝑔𝑐𝑐)2𝑃𝑃,      𝑠𝑠(𝑥𝑥) = {1   if   𝑥𝑥 ≥ 0
0   if   𝑥𝑥 < 0

𝑃𝑃=8

𝑃𝑃=1
 

 

where P = 8 is the number of neighbors analyzed, gp and gc are the values of the central 
and neighboring pixels, respectively.

Leaf area index (LAI)
LAI quantifies the leaf area per unit of surface area developed by the crop (Bastiaanssen, 
1998). The indicator uses the soil-adjusted vegetation index (SAVI) as an explanatory 
variable. The model for estimating the index is calculated using the following 
expression:

𝐿𝐿𝐿𝐿𝐿𝐿 = −
𝑙𝑙𝑙𝑙 (0.69 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

0.59 )
0.91  

Table 1. Set of texture, color, and vegetation features extracted from Sentinel-2 satellite images of the study area.

Type Indicator Features Number of 
Features

Texture LISA

lisa_rm, lisa_rv, lisa_gm, lisa_gv, lisa_bm, lisa_bv, lisa_nirm, 
lisa_nirv, lmorl*_m, lmorl*_v, lmora*_m, lmora*_v, lmorb*_m, 
lmorb*_v, lmory*_m, lmory*_v, lmori*_m, lmori*_v, lmorq*_m, 
lmorq*_v, lmorh*_m, lmorh*_v, lmors*_m, lmors*_v, lmorv*_m, 

lmorv*_v,

26

Texture LBP

lbp_rm, lbp_rv, lbp_gm, lbp_gv, lbp_bm, lbp_bv, lbp_nirm, 
lbp_nirv, lbpl*_m, lbpl*_v, lbpa*_m, lbpa*_v, lbpb*_m, lbpb*_v, 
lbpy*_m, lbpy*_v, lbpi*_m, lbpi*_v, lbpq*_m, lbpq*_v, lbph*_m, 

lbph*_v, lbps*_m, lbps*_v, lbpv*_m, lbpv*_v

26

Color RGB and NIR red_m, red_v, green_m, green_v, blue_m, blue_v, nir_m, nir_v 8
Color L*a*b* l*_m, l*_v, a*_m, a*_v, b*_m, b*_v 6
Color YIQ y*_m, y*_v, i*_m, i*_v, q*_m, q*_v, 6
Color HSV h*_m, h*_v, s*_m, s*_v, v*_m, v*_v 6

Vegetation Color ratios Ratio_rm, Ratio_rv, Ratio_gm, Ratio_gv, Ratio_bm, Ration_bv 6
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Spatial Autocorrelation Index; LBP: Local Binary 
Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*), and blue-yellow 
channel (b*); YIQ: luminance (Y), in-phase component (I), and quadrature component (Q); HSV: hue, saturation, and 
value; LAI: Leaf Area Index.
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where 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
(1 + 𝐿𝐿)(𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅)
𝐿𝐿 +𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅   and indicates the ground-adjusted vegetation index 

with L = 0.5, which is the factor that describes vegetation density, ranging from zero 
for areas with high vegetation to one for areas with sparse vegetation; NIR is the near-
infrared spectral band, and RED is the red spectral band.

Color indices
Color models, or color spaces, are methodologies for representing color. The RGB (Red, 
Green, Blue) model is the most widely used for representing digital images. Color 
spaces can be projected onto each other using transformation models based on the 
RGB color space (Chaki and Dey, 2021). In this research, conversions were performed 
between the HSV (hue, saturation, value) models, the Commission on Illumination 
(CIE) L*a*b* scale (Robertson, 1976), and YIQ (Luminance (Y), In-phase Quadrature), 
which separates color from brightness.

Color ratios
The color ratios (r) are vegetation indicators that relate the spectral bands of the RGB 
model. This type of indicator has been used in land cover classification (Appice and 
Malerba, 2019), the identification of leaf diseases in alfalfa crops (Qin et al., 2016), and 
the estimation of vegetation cover (García-Martínez et al., 2020). They are calculated 
as follows:

𝑟𝑟 = 𝑅𝑅
𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 ;   𝑔𝑔 = 𝐺𝐺

𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 ;   𝑏𝑏 = 𝐵𝐵
𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 

A feature extraction algorithm was designed that, in the first instance, applies the 
programmed indicator processes to the samples, considers the plot as the region of 
interest, and determines the mean and variance of the pixels contained within the 
region of interest. Finally, it stores the information in a data matrix with 2405 rows 
(samples) and 86 columns (extracted features).

Correlation analysis of features
Although neural networks can handle correlated inputs, several studies indicate that 
redundancy between input variables can generate duplicate information, increase 
model complexity, and even affect its stability or computational efficiency (Zhang et 
al., 2018; Lagari et al., 2021; Chan et al., 2022). Therefore, in this study, a correlation 
analysis was performed between the extracted features to reduce redundancies before 
training. The correlation matrix was obtained, and variables with correlations greater 
than 0.8 were eliminated, retaining only one per group. This process reduced the set 
from 86 to 50 features (Table 2).
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Feature selection
The Stepwise Forward Selection (SFS) algorithm was used to identify the characteristics 
with the greatest discriminatory power, reducing the set from 50 to 29 variables. This 
method uses Fisher’s criterion, which maximizes the variance between classes and 
within each class. Its application was intended to optimize the performance of the 
classifiers, reducing the number of features without compromising their performance. 
To evaluate the separability of the features, the following equations were used (Mery, 
2015):

𝐶𝐶𝑏𝑏 =∑𝑝𝑝𝑘𝑘(𝑧𝑧𝑘̅𝑘 − 𝑧𝑧̅)(𝑧𝑧𝑘̅𝑘 − 𝑧𝑧̅)𝑇𝑇
𝑘𝑘

 

𝐶𝐶𝑤𝑤 =∑𝑝𝑝𝑘𝑘𝐶𝐶𝑘𝑘
𝑘𝑘

𝑘𝑘=1
 

𝐶𝐶𝑘𝑘 =
1

𝑁𝑁𝑘𝑘 − 1
∑(𝑧𝑧𝑘𝑘𝑘𝑘 − 𝑧𝑧𝑘̅𝑘)(𝑧𝑧𝑘𝑘𝑘𝑘 − 𝑧𝑧𝑘̅𝑘)

𝑇𝑇
𝑁𝑁𝑘𝑘

𝑗𝑗=1
 

𝐽𝐽 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐶𝐶𝑤𝑤−1𝐶𝐶𝑏𝑏) 

where Cb is the intraclass variability, pk is the prior probability of the kth class, zk and 
z are the means of the kth class and overall, Cw is the interclass variability, zkj is the 

Table 2. Selected features without high correlation (final set for analysis).

Type Indicator Features Number of 
features

Texture LISA
lisa_rm, lisa_rv, lisa_gm, lisa_gv, lisa_bm, lisa_nirm, lisa_nirv, 
lmora*_m, lmora*_v, lmorb*_m, lmorb*_v, lmori*_m, lmori*_v, 

lmorh*_m, lmors*_m, lmors*_v
16

Texture LBP
lbp_rm, lbp_rv, lbp_gm, lbp_gv, lpb_bv, lbp_nirm, lbp_nirv, 

lbpa*_m, lbpa*_v, lbpb*_m, lbpb*_v, lbpi*_m, lbpi*_v, lbph*_m, 
lbph*_v, lbps*_m, lbps*_v,

17

Color RGB and NIR red_m, red_v, nir_m, nir_v 4
Color L*a*b* a*_m, a*_v, b*_m, b*_v 4
Color HSV h*_m, h*_v, s*_m, s*_v 4

Vegetation Color ratios Ratio_rv, Ratio_bm, Ration_bv 3
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Indicators of Spatial Association; LBP: Local 
Binary Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*) and blue-
yellow channel (b*); HSV: hue, saturation, and value; LAI: Leaf Area Index.
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jth vector of selected features of the kth class, and Nk is the number of samples in the 
kth class. Fisher’s criterion (J) determines which feature is the best; the higher J is, the 
greater the separability.

The algorithm used is a modification of the one proposed by Mery (2011), concluding 
the selection process upon reaching a predetermined number of features. The proposed 
algorithm uses Ji – Ji–1 ≥ 0.01 as the stopping criterion. When a feature increases the 
value of J above 0.01, the algorithm adds it to the subset and continues searching for 
more. Otherwise, it terminates execution and returns the subset of selected features as 
the result. The results of the SFS model selected 29 of the 50 features (Table 3).

Table 3. Set of features selected using the Sequential Forward Selection (SFS) algorithm for classification.

Type Indicator Features Number of 
features

Texture LISA lisa_bm, lisa_nirm, lisa_nirv, lmorb*_v, lmors*_v 5
Texture LBP lbp_gm, lbps*_m, lbpi*_v, lbpb*_m, lbp_nirm, lbp_rv, lbpi*_m, 

lbp_rm 8
Color RGB and NIR red_m, red_v, nir_m, nir_v 4
Color L*a*b* a*_m, a*_v, b*_m, b*_v, 4
Color HSV h*_m, h*_v, s_m, s_v 4

Vegetation Color ratios Ratio_rv, Ratio_bm 2
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Indicators of Spatial Association; LBP: Local 
Binary Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*) and blue-
yellow channel (b*); HSV: hue, saturation, and value; LAI: Leaf Area Index.

Support Vector Machine (SVM) classification model
Two SVM models with quadratic kernel functions (quadratic SVM) were trained, one 
with the initial 86 features and the other with the 29 selected by SFS. The models were 
evaluated by cross-validation with 10 partitions, and the training, validation, and test 
accuracies, as well as the accuracies per class, were calculated. The overall and class-
specific accuracies were determined using the following expression:

𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 ;   𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖

𝑇𝑇𝑇𝑇𝑖𝑖 + 𝐹𝐹𝐹𝐹𝑖𝑖
 

where PG is the overall accuracy, TP are the true positives (corresponding to correctly 
predicted samples), FP are the false positives (incorrectly predicted samples), PCi is 
the accuracy of class i, TPi is the true positives for class i (correctly predicted samples of 
a defined class), and FPi is the false positives for class i (incorrectly predicted samples 
of a defined class).
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Multilayer Perceptron Neural Networks (MLP)
Ten MLPs with different topological configurations (from 5 × 5 to 50 × 50 neurons in 
hidden layers) were trained and evaluated using the patternnet tool in Matlab 2017. A 
total of 2405 samples with the 29 selected features were used: 676 for regrowth, 490 
for average development, 1099 for maximum development, and 140 for cutting and 
drying. The total set was divided into three subsets: training (70 %), validation (15 %), 
and testing (15 %). The training and validation stages allowed the classifier to learn to 
discriminate between classes, while the testing stage evaluated its performance with 
previously unused data.
The configuration of the networks studied included the use of the trainscg (Scaled 
Conjugate Gradient, SCG) error correction model, with the crossentropy function to 
evaluate performance as a measure of discrepancy between the predicted output and 
the actual tags. A total of 1000 training epochs were established, with a limit of 100 
failures for verification, a minimum gradient of 1 × 10-7, a learning factor of 0.1, a decay 
factor of 0.1, and a growth factor of 10.
The performance of the topological structures was assessed, and the one with the 
highest accuracy was selected. The performance evaluation of the networks was 
carried out by calculating the training, validation, test, and overall accuracy of each 
network, as well as the Kappa coefficient (k):

𝑘𝑘 =
(𝑃𝑃0 − 𝑃𝑃𝑒𝑒)
(1 − 𝑃𝑃𝑒𝑒)

 

where P0 is the observed probability of agreements and Pe is the expected probability 
of agreements by chance.

Finally, two MLP neural networks were trained with the chosen topological 
configuration. The first network was trained with the 86 features initially extracted, 
and the second with the 29 selected features.

RESULTS AND DISCUSSION

Feature selection using the SFS model
The evolution of the performance criterion during sequential forward selection 
showed a sustained increase in Fisher’s value (J) as new variables were added, 
demonstrating a progressive improvement in the model’s discriminatory capacity 
(Figure 3). The growth was more pronounced in the first iterations (variables 1 to 10), 
where relevant information was incorporated more quickly; from variable 20 onward, 
the curve tended to stabilize, indicating increasingly smaller contributions. This trend 
confirms the effectiveness of the method in prioritizing the most influential variables 
and supports the use of the stopping threshold based on the J gradient, which avoids 
integrating redundant characteristics.
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Figure 3. Evolution of Fisher’s criterion during the execution of the Sequential Forward Selection 
(SFS) model.

Compared to other approaches, floating algorithms (such as Sequential Floating 
Forward Selection, SFFS) allow previous combinations to be reviewed and avoid 
the nesting problem of classic SFS, which usually produces subsets with greater 
discriminatory power (Nakariyakul and Casasent, 2009). Filter methods, such as 
Minimum Redundancy Maximum Relevance (mRMR) and RELevance In Estimating 
Features (RELIEF), select relevant and non-redundant variables using statistical criteria 
without requiring model training, making them efficient in high dimensionality 
(Pudjihartono et al., 2022). Embedded methods, such as Least Absolute Shrinkage 
and Selection Operator (LASSO) and Support Vector Machine Recursive Feature 
Elimination (SVM-RFE), integrate selection into the training process and reduce model 
complexity through regularization or recursive variable elimination (Pudjihartono et 
al., 2022).
The proposed approach maintains the interpretative simplicity of SFS but integrates 
an adaptive criterion that halts the process before performance stabilization, achieving 
a balance between precision and parsimony. In contexts with abundant spectral 
variables and multispectral indices, where collinearity is frequent, this gradient-based 
control allows for the construction of more compact and stable models, reducing the 
risk of overfitting and the computational cost of training.
Although SFS presents the nesting problem, where variables selected at the beginning 
cannot be discarded later, this effect can be mitigated by performing a preliminary 
correlation analysis. By eliminating highly correlated features, initial redundancy is 
reduced and the probability of the algorithm incorporating features with duplicate 
information is decreased. Thus, even though SFS maintains its nested structure, the 
negative impact of this limitation is mitigated, and a more stable and representative 
selection of the data set is obtained.
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Results of the quadratic SVM model with 86 features
The quadratic SVM model had an overall accuracy of 76.1 % during the training phase. 
The confusion matrix shows that the phenological stages of regrowth and maximum 
development were classified correctly, while the stages of medium development 
and cutting and drying had lower accuracy levels, with accuracies of 54 and 44 %, 
respectively. Even with these variations between classes, the overall performance of 
the model is considered acceptable, especially when compared to results reported in 
similar studies on rice phenology (Han et al., 2020; Yang et al., 2020). In the testing phase, 
the model achieved an overall accuracy of 70.1 %, maintaining a distribution of correct 
predictions per class similar to that observed during training, which demonstrates a 
moderate capacity for generalization (Figure 4A).

Figure 4. Confusion matrices of the Support Vector Machine (SVM) model. A: trained with all 
86 features; B: tested with all 86 features; C: trained with 29 features; D: tested with 29 features.
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Results of the quadratic SVM model with 29 features
The SVM model trained with the 29 selected features achieved an overall accuracy of 
81 % in the training phase and 82.2 % during the testing phase. Reducing the feature 
space from 86 to 29 variables not only decreased the dimensionality of the model but 
also improved performance, increasing accuracy by 4 % for training and 10 % for 
testing compared to the original model. Accuracy by class also showed a significant 
improvement, especially in classes 1 and 3, where discrimination levels exceeded 80 
%. However, difficulties persist in the classification of classes 2 and 4, suggesting that 
feature reduction favored model generalization but did not completely resolve the 
imbalance and spectral similarity associated with these classes.
Unlike annual crops such as rice or wheat, alfalfa has a cyclical phenological pattern, 
with continuous regrowth and more gradual structural changes between stages. This 
characteristic reduces spectral separability between intermediate phases, especially 
between medium and maximum development, which partially explains the confusion 
observed in classes 2 and 4. Therefore, the performance obtained reflects not only the 
accuracy of the model but also the phenological complexity of the crop analyzed.
The use of SFS with gradient-based stopping criteria not only reduced the 
dimensionality of the dataset but also allowed for the selection of features with 
greater discriminating power without sacrificing accuracy. This result coincides with 
recent studies reporting that variable reduction using supervised methods improves 
model stability and generalization capacity, especially in contexts with high spectral 
redundancy (Pudjihartono et al., 2022; Chan et al., 2022). In contrast to purely statistical 
filter methods, sequential selection allowed interactions between features relevant 
to phenological differentiation to be captured, which is reflected in the superior 
performance of the SVM model after reduction.

Evaluation of topological arrangements
Ten topological configurations of MLP neural networks were evaluated using the 
29 selected features. The network with 50 neurons in each of the two hidden layers 
achieved the best overall performance, recording the highest accuracy values during 
the validation (86 %) and testing (85 %) stages. This structure demonstrated adequate 
generalization capacity and stability between the training and validation sets and was 
therefore considered the optimal configuration for the proposed model (Table 4).

MLP network with 86 features
The MLP network, trained with 86 original features and the chosen topological 
structure, exhibited a training accuracy of 85 %, a validation accuracy of 80 %, and a 
testing accuracy of 81 %, as indicated by the confusion matrices (Figure 5). The accuracy 
per class for labels 2 and 4 are low compared to labels 1 and 3, which can be attributed 
to the imbalance in the number of samples between categories, as these classes are 
significantly underrepresented. This imbalance directly affects the training process 
of the MLP model, causing minority classes to contribute less to the loss function and 
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be underrepresented during weight optimization (He and García, 2009; Johnson and 
Khoshgoftaar, 2019).
Several studies have shown that monitored learning models tend to be biased toward 
majority classes, which reduces sensitivity in less frequent classes and generates higher 
confusion errors (Guo et al., 2017; Branco et al., 2016). In this case, the lower accuracy 
obtained for classes 2 and 4 does not reflect a deficiency in the network structure 
but rather an expected consequence of data imbalance, suggesting the advisability 
of applying class balancing techniques, such as subsampling or loss weighting, to 
improve the model’s discriminative capacity in future adjustment stages.

MLP network with 29 features
The MLP network trained with 29 features achieved an overall accuracy of 85 % and 
a Kappa coefficient of 77 %. Consistent performance was observed in all phases, with 
high values on the main diagonal, indicating correct classification of most samples 
(Figure 6). The most frequent classes have accuracy rates above 85 %, while confusion 
errors are mainly concentrated between classes 2 and 4, reflecting a certain spectral 
or structural similarity between them. In the test matrix, the model maintains stable 
performance with an average accuracy of over 80 %, demonstrating adequate 
generalization capacity and the absence of significant overfitting. Overall, the 
consolidated matrix shows an average accuracy of 86 %, with an acceptable balance 
between sensitivity and specificity per class, confirming the robustness of the model 
and the relevance of the selected features.
Although the SVM model performed adequately, the MLP outperformed it in 
terms of accuracy in all evaluation phases, suggesting that the relationship between 

Table 4. Evaluation of topological arrangements of the Multilayer Perceptron Neural 
Network (MLP).

Topological 
arrangement* Training Validity Test General Kappa Time (s)

5_5 79.20 78.12 78.12 78.88 0.67 9.24
10_10 83.78 85.04 82.55 83.78 0.75 19.33
15_15 81.52 81.44 79.78 81.25 0.71 16.18
20_20 83.01 80.89 81.44 82.45 0.73 14.12
25_25 83.84 78.12 81.99 82.70 0.74 12.60
30_30 82.23 83.10 81.16 82.20 0.73 12.03
35_35 85.32 80.61 80.61 83.91 0.76 17.36
40_40 81.94 83.66 78.12 81.62 0.72 11.97
45_45 86.04 80.89 79.22 84.24 0.76 24.73
50_50 84.79 86.15 85.04 85.03 0.77 20.49

*The topological arrangement refers to the size of the two hidden layers in the MLP 
network.
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Figure 5. Confusion matrices of the Multilayer Perceptron (MLP) Neural Network for each stage 
of development (86 × 50 × 50 × 4).

  

Training Validity 

Test 

Target label Target label 

Target label Target label 

the extracted characteristics and phenological classes is not strictly linear. Neural 
networks are capable of modeling nonlinear decision boundaries and highly complex 
relationships between texture, color, and vegetation indices, which explains their 
superior ability to discriminate stages with gradual transitions (Guo et al., 2017; 
Johnson and Khoshgoftaar, 2019). This result is consistent with studies in which 
neural networks have outperformed maximum margin algorithms in phenological 
classification based on satellite images (Solano-Correa et al., 2019; Shojaeezadeh et al., 
2025).
Overall, the results confirm that the combination of Sentinel-2 multispectral images, a 
monitored feature selection scheme, and an optimized neural architecture allows for 
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highly accurate classification of the phenology of a perennial, multi-component crop 
such as alfalfa. The contribution lies not only in the final performance of the model but 
also in demonstrating that it is possible to reduce the dimensionality of the variables 
by 58 % without significant loss of accuracy, providing empirical evidence in favor 
of more compact, explainable, and computationally efficient models for agricultural 
remote sensing.
Compared to studies that have applied machine learning to annual crops such as rice, 
wheat, or corn, this study differs in three relevant methodological aspects. First, it 
addresses a perennial crop with multiple harvests, which implies a more continuous 
phenological dynamic and less spectral separability than the annual cycles studied by 

Figure 6. Confusion matrices of the Multilayer Perceptron (MLP) Neural Network for each 
stage of development (29 × 50 × 50 × 4).
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Han et al. (2020) or Yang et al. (2020). Second, while most studies use only vegetation 
indices or spectral variables, this study incorporates combined characteristics of texture, 
color, and indices, which improved the model’s discriminating capacity after variable 
selection. Finally, unlike research that exclusively applies SVM or RF, here models 
with different mathematical natures (maximum margins vs. neural networks) are 
compared, demonstrating the superiority of MLP in scenarios of gradual phenological 
transition. These differences allow the results to be interpreted not only in numerical 
terms, but also within a broader methodological comparative framework.

CONCLUSIONS
Multilayer Perceptron (MLP) neural networks proved to be the most efficient model 
for the phenological classification of alfalfa based on Sentinel-2 images. Variable 
selection contributes to improving the stability, interpretability, and efficiency of 
machine learning models in scenarios with high spectral redundancy. The proposed 
approach represents a low-cost operational alternative for phenological monitoring of 
perennial crops and lays the foundation for the generation of early warning systems 
and estimation of biophysical variables from satellite data. However, the differentiated 
performance between classes suggests that the incorporation of data balancing 
strategies or the use of complementary sensors could improve the discrimination of 
phenological stages with low spectral separability.
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