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Abstract. Lime is a widely consumed agricultural 

product in Mexico and is predominantly produced in the 
state of Colima, making it a key component of the 
region’s economy. Lime trees are commonly affected 
by Huanglongbing, a disease present in Colima since 
2010. Its spread, combined with the lack of control 
measures, has significantly reduced cultivated areas 
and production, resulting in substantial economic 
losses and negatively impacting local growers. To 
address this issue, mapping cultivated areas is 
essential for monitoring plant health and conducting 
accurate, up-to-date, and reliable lime crop censuses. 
Recent studies have shown that remote sensing and 
machine learning are effective tools for crop mapping 
and monitoring in specific regions. Many of these 
studies leverage optical satellite imagery and 
phenological analysis to assess plant health. This study 
proposes a strategy for lime crop detection and 
mapping using the Google Earth Engine (GEE) code 
editor, Sentinel-2 imagery, and machine learning 
algorithms: Random Forest (RF), Support Vector 
Machine (SVM), Classification and Regression Trees 
(CART), and Gradient Tree Boosting (GTB). The study 
area covers the municipalities of Tecoman and 
Armeria, Colima. The models were trained using 3,932 
sampling points. Model performance evaluation 
indicates that GTB achieved the highest accuracy in 
lime crop detection, supporting informed decision-
making, efficient management of agricultural 
resources, and the implementation of strategic policies. 

Keywords. Sentinel-2, Machine Learning, RF, SVM, 

CART, GTB, NDVI, GNDVI. 

1 Introduction 

Mexico is considered one of the main producers 
of lime, the second most important citrus fruit in 
Mexico. Colima and Michoacán are the states that 
stand out in the production of Mexican lime with 
89% of the production [1]. According to the Agri-
Food and Fisheries Information Service (SIAP, by 
its initials in Spanish) [2], in 2008 there were 
around 29 thousand hectares (ha) planted with 
lime and a production of approximately 657 
thousand metric tons (mt). This fruit is not exempt 
from pathogens; the disease that most affects this 
citrus is Huanglongbing (HLB), considered one of 
the most serious and destructive. In Mexico, it has 
caused serious damage, such as what occurred 
in 2010 in the state of Colima [3], severely 
affecting production; planting was reduced to 27% 
(21 thousand hectares) and production to 42% 
(381 thousand metric tons). These multimillion-
dollar losses led to the implementation of actions 
to control the disease and recover the 
planted areas. 

This is essential for environmental 
management and precision agriculture. For this 
purpose, emerging tools and technologies have 
been used, such as remote sensing, classification 
algorithms based on machine learning and deep 
learning, which, in combination with metrics like 
spectral indices, have facilitated the identification 
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of agricultural study areas. In response to this 
situation, the use of Sentinel-2 satellite images 
and machine learning is proposed for the 
detection of lime crops, thus providing a viable 
option for its applicability in various scenarios 
such as agricultural censuses, deforestation 
monitoring, or forest mapping. 

In this context, an agricultural census is 
addressed as a case study for the identification of 
lime crops in the state of Colima, Mexico; which 
arises from the need to have censuses that report 
accurate data on the planted area and serve as 
tools to establish strategic policies for the crop, as 
well as to manage resources that support 
the activity. 

Having updated censuses is essential for 
decision-making and data analysis. However, 
conducting them in situ is a complex task that 
involves a large amount of human and economic 
resources [4]. In addition, a very large number of 
surveyors and supervisors is required to ensure 
the reliability of the data collected properly, and 
finally, extensive processing of this data is 
necessary, which can lead to delays in the results. 
Therefore, the application of crop detection 
through satellite images helps mitigate the 
aforementioned issues and allows for obtaining 
results similar to those of a traditional census. In 
addition, this contributes to the development of 
strategies for the detection of Land Use and Land 
Cover (LULC). These approaches have been 
fundamental for environmental management, 
precision agriculture, and the mapping of 
vegetation and crops. 

1.1 Theoretical Framework 

Satellite images are obtained through sensors 
installed on satellite platforms, mainly aimed at 
Earth observation. These images are composed 
of multiple bands, and the sensors used can be 
classified depending on their information 
acquisition mechanism (active or passive) [5]. 

Active sensors operate with their own light 
source; they send a signal to the Earth and then 
check the response, that is, the amount received. 
In contrast, passive sensors rely on the natural 
energy from the sun that bounces off the Earth [6]. 

These images have proven to be highly useful 
in areas such as agriculture, mining, the 

environment, hydrology, natural disaster 
management, among others.  

There are different types of programs that 
have launched various satellites into orbit, 
designed to fulfill specific functions in different 
fields of knowledge and technology, such as 
Copernicus, Galileo, EGNOS, and Meteosat. 

One way to categorize satellite images is 
based on the number and nature of the spectral 
bands they record. The main types are: 
multispectral, hyperspectral, panchromatic, and 
Synthetic Aperture Radar (SAR) images. 

A multispectral image corresponds to a set of 
spectral bands acquired from the same scene, 
with each band capturing information within a 
specific range of wavelengths in the 
electromagnetic spectrum. They typically consist 
of between 4 and 15 bands [7, 8].  

A panchromatic image, on the other hand, is 
generated from a single spectral band that 
integrates information from the red, green, and 
blue bands. The resulting image does not provide 
specific spectral information, as it is composed of 
a single broadband. The captured variable 
corresponds to the brightness intensity reflected 
by the objects in the scene, which are 
represented in a grayscale format [9, 10]. 
Likewise, the acquisition of hyperspectral images 
is a process that allows capturing high-resolution 
spectral information through the decomposition of 
light. This type of image is composed of a large 
set of bands, usually exceeding 100 [11, 12]. 

Finally, Synthetic Aperture Radar (SAR) 
images use electromagnetic waves in the radar 
band to generate detailed representations of the 
Earth's surface. The system emits energy pulses 
that, upon striking the surface, are backscattered 
toward the sensor. SAR images are constructed 
based on the analysis of the characteristics of this 
backscattering, which depend on the physical 
properties of the terrain [13, 14]. 

Copernicus is a multi-satellite project 
developed by the European Space Agency 
(ESA), dedicated to Earth and environmental 
observation. It includes various satellites, among 
which the Sentinel family stands out. In addition, 
it is supported by additional satellites, both 
commercial and governmental [15, 16]. The 
Sentinel family is composed of [17, 18]: 
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1. Own satellites, Sentinel-1, -2, -3, and -6, 
designed to meet the specific requirements of 
the Copernicus program: 

– Sentinel-1 captures radar images day 
and night, under any conditions, for land 
and ocean monitoring. 

– Sentinel-2 provides high-resolution 
optical images that allow the observation 
of vegetation, soil, water coverage, 
among other landscape elements. 

– Sentinel-3 provides valuable optical, 
radar, and altimetric data essential for 
marine and land monitoring. 

– Sentinel-6 provides precise altimetric 
measurements to monitor the height of 
the global sea surface. 

2. Sentinel-4 and -5 serve as instruments 
onboard meteorological satellites managed 
by EUMETSAT: 

– Sentinel-4 collects data on the 
atmosphere in order to observe the 
presence of trace gases and aerosols 
over Europe, assessing air quality. 

– Sentinel-5, like Sentinel-4, monitors the 
composition of the atmosphere by 
providing precise data on pollutant 
compounds such as ozone, various 
oxides, and particulate matter present in 
the atmosphere. 

Sentinel-2 [19] operates with multispectral 
images of wide spatial coverage and high 
resolution. Its main purpose is to support 
operational applications aimed at monitoring 
terrestrial variables such as vegetation, soil, and 
bodies of water. The platform is equipped with an 
optical instrument that captures information in 13 
spectral bands. 

1.2 Related Work 

In the literature, there are various proposals that 
address LULC management through the use of 
geospatial images and machine learning 
techniques. During the thorough analysis, some 
related works stand out. 

Wang et al. [20] presented a review of 107 
LULC satellite products with the aim of providing 

a guide to facilitate the selection of the most 
suitable product according to specific needs. The 
review aims to highlight products that cover 
various categories, not only those focused on 
forests, which are usually the most common. The 
authors point out that limitations in accuracy and 
validation still persist, the use of technologies 
such as deep learning and cloud computing is 
driving improvements in this area. 

Kanja et al. [21] carried out a mapping of the 
Miombo woodlands in Zambia into three specific 
classes: reference forest, degraded forest, and 
regenerating forest. Using RF through GEE for 
LULC classification and a U-Net convolutional 
neural network for the different types of classes. 
As a result, RF achieved an overall accuracy of 
93% and an F1 score ranging from 93% to 96%, 
depending on the seasons. Meanwhile, the U-Net 
neural network obtained an F1 score of 85% for 
reference forests, 73% for degraded forests, and 
72% for regenerating forests. 

Shah et al. [22] estimated LULC and classified 
land cover in Kolhapur, India, by implementing 
Sentinel-2 along with RF and k-nearest neighbor 
(k-NN). Five classes were estimated: water, 
urbanization, agriculture, forests, and barren 
land, with the following results highlighted: RF 
achieved an overall accuracy of 94.24%, and k-
NN 84.12%. 

Ouchra et al. [23], Alciaturi et al. [24], and Tan 
et al. [25] present a strategy for land use 
classification using the Google Earth Engine 
(GEE) platform.  For the land use analysis, they 
used machine learning algorithms along with 
spectral indices to improve the accuracy of 
the results. 

Ouchra et al. [23] evaluated six classification 
algorithms: Support Vector Machine (SVM), 
Random Forest (RF), Classification and 
Regression Trees (CART), Minimum Distance 
(MD), Decision Tree (DT), and Gradient Tree 
Boosting (GTB). The MD algorithm achieved the 
highest accuracy, with 93.85% without indices 
and 95.76% with them, while SVM showed the 
poorest performance (74.56% and 81.35%, 
respectively). In general, the inclusion of spectral 
indices improved the accuracy across all 
classifiers. Similarly, Alciaturi et al. [24] analyzed 
land use and crop types during the summer and 
winter seasons.  
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For the evaluation, they used RF, SVM, and 
GTB with Sentinel-1 and Sentinel-2 images, in 
addition to using elevation data. In the summer 
season, they identified rice crops, grasslands, 
forests, and urban areas, while in winter they 
added post-agriculture fields and winter crops. RF 
and GTB achieved the highest accuracy in 
summer (94% accuracy, Kappa = 0.92), and GTB 
in winter (94%, 0.92), followed by RF and SVM 
(89%, 0.87). On the other hand, Tan et al. [25], 
using Sentinel-2A images, compared pixel-based 
(PBIA) and object-based (OBIA) classification 
approaches with RF and SVM. The results 
showed that RF with OBIA was the most accurate 
(with an average of 99% accuracy, Kappa 0.98), 
followed by RF with PBIA (93%, Kappa 0.89). 
SVM with OBIA (85%, Kappa 0.79) and with PBIA 
(85%, Kappa 0.78). 

Sheykhmousa et al. [26] conducted a 
systematic review of 251 articles on the 
performance of SVM and RF classifiers in remote 
sensing image classification. Of these, 42% 
reported implementations using RF and 68% 
using SVM. The review results indicated that, in 
the crop classification category, SVM achieved an 
average accuracy of 70%, while RF reached 90%. 

Ashfaq et al. [27] predicted wheat yield in 
Multan, Pakistan, based on seasonal climate, 
satellite imagery, and soil properties using RF, 
SVM, and Least Absolute Shrinkage and 
Selection Operator (LASSO) in GEE and ArcGIS. 
RF was the most accurate, with 97% accuracy 
and an R² of 0.88, followed by SVM with 93%, 
while Lasso Regression achieved 85%. 

Zhang et al. [28] identified topsoil loss in 
Heilongjiang, China, using Sentinel-2 imagery, 
topographic data, and machine learning. They 
applied RF and SVM optimized with Particle 
Swarm Optimization (PSO) to tune 
their hyperparameters. 

 RF with PSO achieved the highest accuracy 
(97% accuracy, Kappa 0.94), followed by SVM 
(94% and 0.90). Without optimization, RF and 
SVM achieved only 72% and 68% 
accuracy, respectively. 

Liu et al. [29] studied vegetation recovery after 
forest fires in Yunnan Province, China, using GEE 
and machine learning techniques along with 
spectral indices to analyze post-fire recovery.  

They compared four classification models: RF, 
SVM, CART, and Naive Bayes (NB). The results 
showed that RF achieved the highest accuracy 
(90%), followed by SVM (88%), CART (85%), and 
NB (78%). 

Yu et al. [30] identified and monitored irrigated 
areas (2019 to 2023) in arid regions of Xinjiang, 
China, using Sentinel-2 imagery, spectral indices, 
and machine learning algorithms. They compared 
RF, CART, and SVM, determining that RF was 
the most accurate model, with a Kappa value 
ranging from 0.82 to 0.92 across different years 
and overall accuracy between 88% and 93%. 
CART followed (Kappa between 0.67 and 0.75, 
overall accuracy between 84% and 87%), and 
finally SVM (Kappa between 0.45 and 0.75, and 
overall accuracy between 71% and 86%). 

Morell-Monzó et al. [31] developed a 
classification framework to identify abandoned 
citrus crops based on machine learning, spectral 
indices extracted from Sentinel-2 imagery, and 
the Random Forest classifier to categorize the 
crops into three states: non-productive, 
productive, and abandoned. When evaluating the 
model on three datasets with temporal and spatial 
variability, they achieved an overall accuracy 
ranging from 89% to 92%. 

Among the algorithms presented in the cited 
studies, the most commonly used were SVM and 
RF. In most cases, RF stood out by delivering the 
best results, although MD and GTB also 
demonstrated notable performance in some 
studies. The use of these algorithms and their 
results in vegetation and agricultural crop 
detection support their relevance for identifying 
lime crops through the use of satellite imagery. 

1.3 Machine Learning 

There are various machine learning techniques 
that can be used for classification tasks. The most 
prominent algorithms are RF, SVM, CART, 
and GTB. 

First, RF [32] is proposed as a classification 
method based on an ensemble of decision trees, 
where each tree is generated from randomly 
sampled variables that are independently and 
identically distributed across all trees in 
the ensemble.  
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The generalization ability of this type of model 
depends both on the individual accuracy of the 
trees that compose it and on the degree of 
correlation between them. 

In turn, the concept of SVM [33] was 
introduced as a binary classification method. This 
approach constructs a decision function based on 
an optimal hyperplane, whose purpose is to 
separate instances belonging to two different 
classes with the maximum possible margin 
between them, while simultaneously minimizing 
the classification error rate. 

Similarly, the CART algorithm [34] is a 
predictive modeling technique that builds a binary 
decision model designed to predict a target 
variable, based on learning simple decision rules 
derived from the features present in the data. 

Finally, GTB [35] consists of an ensemble of 
binary decision trees, in which each tree 
represents a sequence of binary evaluations 
leading to two possible outcomes. This ensemble 
is built sequentially, progressively incorporating 
new trees. The first tree is initially trained, and 
each subsequent tree is fitted with the goal of 
reducing the error made by the 
previous ensemble. 

It is important to note that satellite images 
require processing. In this regard, Google's 
platform (GEE) enables large-scale geospatial 
data processing [36], providing a suitable tool for 
implementing the classification models 
mentioned above. Additionally, it provides a 
solution to the limitations that arise when working 
with large volumes of training points and 
processing tasks directly within the GEE 
code editor. 

1.4 Radiometric Indices 

Spectral indices are values derived through 
mathematical operations between broadband 
spectral bands. These indices are able to 
highlight specific features that may be of interest, 
such as vegetation, water bodies, soil moisture, 
among others [37]. The most commonly used in 
land studies are: 

 Normalized Difference Vegetation Index 
(NDVI). It is obtained from a normalized 
difference between the red and near-infrared 

(NIR) spectral bands, taking advantage of the 
contrast between chlorophyll pigment 
absorption in the red band and the high 
reflectance characteristic of vegetation in the 
NIR band. As a result, NDVI allows for the 
estimation of vegetation vigor and canopy 
density [38]: 

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 −  𝑅𝐸𝐷

𝑁𝐼𝑅 +  𝑅𝐸𝐷
 . (1) 

 Green Normalized Difference Vegetation 
Index (GNDVI). Similar to NDVI, but instead 
of using the red band, it uses the green band. 
This allows for the estimation of 
photosynthetic activity and the assessment of 
water and nitrogen uptake in vegetation [39]: 

𝐺𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 −  𝐺𝑅𝐸𝐸𝑁

𝑁𝐼𝑅 +  𝐺𝑅𝐸𝐸𝑁
 . (2) 

 Normalized Multiband Drought Index (NMDI). 
It uses a calculation similar to the previous 
indices, but instead of using the red or green 
band, it relies on the difference between two 
shortwave infrared (SWIR) bands to 
determine soil and vegetation moisture. It is 
based on NIR and SWIR bands—the first 
reflects the overall moisture level, while the 
second captures absorption related to water 
content [40,41]: 

𝑁𝑀𝐷𝐼 =  
𝑁𝐼𝑅 − (𝑆𝑊𝐼𝑅 1 −  𝑆𝑊𝐼𝑅 2)

𝑁𝐼𝑅 + (𝑆𝑊𝐼𝑅 1 −  𝑆𝑊𝐼𝑅 2)
 . (3) 

1.5 Evaluation Metrics 

To analyze the results of each algorithm, various 
evaluation metrics are used, such as the Kappa 
index, F1-Score, and Intersection over Union 
(IoU), these metrics help assess the quality of the 
performance obtained, determining the level of 
agreement, effectiveness, and the similarity 
between the classified data and the actual data. 

The kappa index (κ) measures the relationship 
between two evaluation indicators (classified data 
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and actual data); it calculates the agreement 
between the obtained results, excluding those 
expected by random. A value of 1 indicates 
perfect agreement, while a value of 0 represents 
a random result [42]: 

𝜅 =  
𝑃𝑜 − 𝑃𝑒 

1 − 𝑃𝑒
 , (4) 

𝑃𝑜   = the proportion of observed agreements 

𝑃𝑒   = the proportion of expected agreements 

As mentioned in [42], Landis and Koch [43] 
proposed the kappa index rating scale, shown in 
Table 1. This scale is widely used to assess the 
reliability of classifications. 

Also, by combining two parameters, precision 
and recall, the F1-Score metric emerges. 
Precision represents the number of positive 
predictions that were correctly assigned, while 
recall indicates the number of actual positive 
cases that the model correctly identified. The F1-
Score is calculated as the harmonic mean of both 
metrics, thus providing a balanced indicator of the 
model’s performance [44]: 

𝐹1 =  
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 , (5) 

where TP = number of true positives, 

FN = number of false negatives, 

FP = number of false positives. 

In turn, the IoU evaluates the similarity 
between the ground truth data and the 
classification predicted by the model. It is 
calculated as the ratio between the intersection 
area, that is, the samples classified in the same 
category in both the prediction and the ground 
truth, and the union area, which includes all 
samples classified in either category, whether 
correctly or incorrectly [45]. 

𝐼𝑜𝑈 =  
𝐵1  ∩  𝐵2

𝐵1  ∪  𝐵2
 ,  (6) 

where  𝐵1  = predicted area, 

𝐵2  = actual area. 

These concepts provide a solid foundation for 
conducting a comparative analysis in the specific 
case of the study area, facilitating the appropriate 
selection of the algorithm through an objective 
evaluation of performance. In this way, supporting 
the methodology and justifying the use of the 
selected tools. 

2 Methodology 

This section describes the case study, the data 
source, the dataset used, the preprocessing, the 
parameters of each classifier, and the workflow to 
achieve lime crop detection using 
satellite imagery. 

2.1 Workflow 

To select the appropriate algorithm, the workflow 
shown in Figure 3 was used, which allowed 
training and evaluating the different algorithms 
under the same conditions. First, through the 
GEE code editor, Sentinel-2 images were 
accessed and preprocessed to obtain a clean 
image of the study area. Then, a visual selection 
of training points was carried out, and these data 
were exported to the GEE cloud in order to be 
processed in Python, as shown in Figure 3. 

To select the appropriate algorithm, the 
workflow shown on the right side of Figure 3 was 
applied, which allowed the different algorithms to 
be trained and evaluated under the 
same conditions. 

Using the GEE API in Python, the Sentinel-2 
images and the previously selected training points 
were imported. A preprocessing step was 
performed to clean the resulting image, to which 
spectral indices were applied. Subsequently, 
each algorithm was trained, and finally, a 
comparison was conducted to evaluate 
their performance. 

Table 1. Kappa Scale by Landis and Koch 

Kappa (κ) Degree of Agreement 

< 0.00 No agreement 

0.00 - 0.20 Slight 

0.21 - 0.40 Fair 

0.41 - 0.60 Moderate 

0.61 - 0.80 Substantial 

0.81 - 1.00 Almost perfect 
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2.2 Study Area 

The study was conducted in the region of Colima, 
Mexico, as shown in Figure 1. The geographic 
coordinates are: 19°30'45'' north latitude at the 
northernmost point, 18°20'20'' at the 
southernmost point, 103°29'11'' west longitude in 
the east, and 114°45'34'' in the west, covering an 
area of 5,627 km², it comprises ten municipalities: 
Armería, Colima, Comala, Coquimatlán, 
Cuauhtémoc, Ixtlahuacán, Manzanillo, Minatitlán, 
Tecomán, and Villa de Álvarez.  

The predominant climate in most of the region 
is warm sub-humid with rainfall during 
the  summer.  

However, in some areas such as Armería and 
Tecomán, the climate varies to very warm and 
warm semi-dry, also with rainfall during the 
summer [46]. 

2.3 Data Source 

These points have been identified through images 
from the Sentinel-2 mission, which consists of two 
satellites aimed at monitoring changes in land 
surface conditions to support various applications 
such as vegetation, soil, and water cover 
monitoring, providing data that is systematically 
and freely available to the public [47]. 

 Download platform. The dataset provider 
used was Copernicus, provided by the 
European Union, together with the cloud 
processing platform GEE. 

 Image period. A date range was used, from 
January 1st to May 1st, 2024. 

 Cloud mask. To ensure the image undergoes 
preprocessing, a 'mask clouds' function is first 
created, which performs cloud and cirrus 
masking in order to obtain the most complete 
and clean image possible. Only images 
without the presence of these elements are 
selected, resulting in a clear sky to observe 
the case study. Subsequently, in another 
function called 'image with indices', spectral 
indices are calculated, in this case, NDVI, 
GNDVI, a combination of both indices 
('Combined Index'), and NDMI, returning an 
image with the computation of these 
four parameters. 

 

Fig. 1. Map of the State of Colima 

 

Fig. 2. Points assigned for the classification 

 
Fig. 3. Workflow 

Computación y Sistemas, Vol. 30, No. 3, 2026, pp. 1493–1506
doi: 10.13053/CyS-30-3-5792

Detection of Lime Crops Using Sentinel-2 Satellite Images and Machine Learning 1499

ISSN 2007-9737



 

 Sentinel-2. The satellite images correspond 
to the Sentinel-2 MultiSpectral Instrument 
(MSI) sensor, processed at Level-2A for 
surface reflectance (SR). 

Next, the image collection is loaded by 
applying the previously mentioned processes, 
first, the images that intersect the study area are 
filtered, for training, the previously mentioned 
date range is used, then, filters are applied to 
ensure clear skies, reducing the number of 
processed images to only those with less than ten 
percent cloud cover, subsequently, the 'mask 
clouds' function is applied to ensure clean-sky 
images.  

In the next step, the 'image with indices' 
function is applied, the mean of the images is 
calculated to obtain a single image, and finally, 
the image is clipped to the study area. 

2.4 Training Data 

For the case study, eight categories were 
selected that significantly represent land use and 
land cover: Lime, Water, Palm Trees, Crops 
(agricultural areas excluding lime or palm 
plantations), Bare Soil, Forest, Grassland, and 
Irregular Pattern (areas with difficult-to-interpret 
patterns that did not fit into other categories). 

These categories were defined with the 
purpose of adapting the classification to the 
specific characteristics of the region, thus 
ensuring better model performance. 

Training points were assigned to each 
category, as shown in Figure 2, the category of 
interest, which is Lime, was assigned 794 training 
points. The remaining categories were distributed 
as shown in Table 2. 

80% of the data was used for training and the 
remaining 20% for validation testing, a widely 
used approach in this type of context, as 
presented by authors Ouchra et al. and Liu et al. 
[23, 29]. To perform random sampling, the 
function 'randomColumn()' is used. It generates a 
column with random values between 0 and 1, 
resulting in an approximately uniform random 
distribution, that is, training data is selected with 
random values less than or equal to 0.80,  
approximately 80%, and validation data 
corresponds to the remaining 0.20, resulting in 
roughly 20%. 

To analyze the performance of each classifier 
in the case study, a comparison was carried out 
among the most commonly used ML models for 
this type of task.The four models evaluated were: 
RF, SVM, CART, and GTB, implemented in 
Python using the GEE library. 

Table 2. Number of points for each category 

Category Lime Water 
Palm 
Tree 

Crops 
Bare 
Soil 

Forest Grassland Irregular 

Points 794 200 397 733 207 730 671 200 

Table 3. Parameters of Each Classification Mode. 

Algorithms Parameters 

RF 
numberOfTrees = 100, maxNodes = None, minLeafPopulation = 1, bagFraction = 0.8, 

variablesPerSplit = None 

GTB numberOfTrees = 200, maxNodes = 100, shrinkage = 0.1, samplingRate = 0.7 

CART maxNodes = 100, minLeafPopulation = 5 

SVM 
decisionProcedure = 'Voting', svmType = 'C_SVC', kernelType = 'RBF', shrinking = True, 

gamma = 1, cost = 1000 
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2.5 Parameters of Each Classifier 

In RF, a total of 100 decision trees were used, as 
shown in Table 3, each tree was trained with 80% 
of the available data, to perform the splits within a 
tree, a number of variables per split was selected. 
Since the parameter "ss" was set to None, GEE 
used the square root of the number of features, 
each tree node used at least one sample, and 
since the maximum number of leaf nodes per tree 
was not specified, there was no limit to how much 
the trees could grow. 

On the other hand, to train the SVM in terms 
of making classification decisions, the voting 
method was used, a penalized support vector 
machine was implemented, For the kernel type, a 
radial basis function was used, the shrinking 
algorithm was enabled, a gamma value of 1 was 
added to the kernel function, and finally, a cost 

parameter value of 1000 was used, as shown in 
Table 3. 

In CART, as shown in Table 3, the maximum 
number of leaf nodes per tree was limited to 100, 
and the minimum size of each leaf node was set 
to 5 points. 

GTB was configured to create 200 decision 
trees. The shrinkage parameter was set to 0.1, a 
sampling rate of 70% was used for each tree, and 
the maximum number of leaf nodes per tree was 
limited to 100, as detailed in Table 3.  

2.6 Postprocessing Performed 

Once the classification was executed, 
postprocessing was carried out to improve the 
quality of the results, first, a focal filter was 
implemented using 'ee.Image.focalMode', 
subsequently, other filter denominated 

Table 4. Comparison between Classification Models 

Models RF CART SVM GTB 

Kappa Index for Lime 0.91 0.68 0.64 0.94 

Overall Kappa Index 0.88 0.70 0.75 0.88 

F1-score 0.90 0.75 0.80 0.90 

Intersection IoU 0.82 0.61 0.68 0.82 

Table 5. Comparison between the Number of Classified Hectares and Those Reported by SIAP 

Year SIAP RF CART SVM GTB 

2023 21832.04 
16439.81 
(-24.69%) 

35719.28 
(+63.60%) 

31900.87 
(+46.11%) 

19163.72 
(-12.22%) 

2022 21796.81 
13301.17 
(-38.97%) 

32453.41 
(+48.89%) 

30546.00 
(+40.13%) 

17491.69 
(-19.75%) 

2021 21107.45 
12925.06 
(-38.76%) 

36430.08 
(+72.59%) 

29618.07 
(+40.32%) 

16142.33 
(-23.52%) 

2020 19269.10 
14265.15 
(-25.96%) 

61715.81 
(+220.28%) 

23886.40 
(+23.96%) 

16001.19 
(-16.95%) 

2019 19244.85 
13097.12 
(-31.94%) 

39769.96 
(+106.65%) 

24718.46 
(+28.44%) 

15540.13 
(-19.25%) 
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'ee.Image.connectedPixelCount' method was 
used to calculate how many connected pixels of 
the same value surround each pixel, limited to 
256 pixels. Then, a filter was created to identify 
pixels considered as noise, those with fewer than 
150 surrounding pixels, making them transparent 
or null, resulting in a classification without 'noise', 
finally, from all category pixels, only those 
classified as lime were extracted. 

3 Results 

The models used for classification enabled the 
detection of lime crops through Sentinel-2 satellite 
images and machine learning. Using the Kappa 
index, two main values were measured: the first 
was the Kappa value for the lime category, and 
the second was a global Kappa value that 
considers all eight categories. This 
approach provides a more balanced view of the 
algorithm's performance and for identifying 
potential imbalances among categories. In 
addition, global F1-score valuesdife were also 
evaluated to analyze performance, as well as 
Intersection over Union (IoU) to assess similarity, 
as shown in Table 4. 

The GTB model achieved the best result in the 
Kappa index for the lime category, with a value of 
0.94, indicating an almost perfect level of 
agreement along with RF, although the latter had 
a slightly lower result of 0.91. The GTB and RF 
models achieved the same values in the following 
evaluation metrics: global Kappa index, F1-score, 
and Intersection over Union (IoU). In the global 
Kappa index, which reflects the average 
agreement across all categories, they obtained an 
almost perfect agreement with a value of 0.88. 
For the F1-score, they showed a performance of 
0.90, and in the IoU metric, they demonstrated a 
similarity of 0.82. 

CART and SVM did not reach the expected 
performance; both models obtained Kappa 
coefficients in the range of 0.64 to 0.75, indicating 
a substantial level of agreement, their F1-score 
performances were 0.75 and 0.80, respectively, 
and their Intersection over Union (IoU) similarity 
values were below 0.70. 

The statistical yearbook of agricultural 
production from SIAP was consulted as an 

 

Fig. 4. Lime Classification Comparison in Colima for 

the Year 2019 

 

Fig. 5. Lime Classification Comparison in Colima for 

the Year 2020 

 

Fig. 6. Lime Classification Comparison in Colima for 
the Year 2021 
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external reference to validate the results, 
obtaining the area planted with lime (in hectares) 
in the state of Colima over the past five years 
starting from 2023, as shown in Table 5. 

These values were compared with the 
hectares identified by each model during the 
same years, using an ImageCollection with the 
aforementioned preprocessing and with dates 
ranging from January 1st to December 31st of 
each year.  

In relation to the performance shown in Table 
4, Table 5 reveals that the GTB model achieves 
better classification of lime hectares compared to 
other models, with an average discrepancy of 
18.33% relative to the hectares reported by SIAP, 
and showing its best performance in 2023 with a 
discrepancy of 12.22%. On the other hand, CART 

shows the worst performance, with an average 
discrepancy of 102.40%, and its best reaprsult 
occurring in 2022 with a discrepancy of 44.89%. 

The maps generated from the lime 
classification across different years show a 
certain similarity in the presence of this crop in the 
regions of Armería and Tecomán, as illustrated in 
Figures 4, 5, 6, 7, and 8. 

4 Discussion 

In the previously mentioned studies, RF stands 
out with better results compared to other models 
such as SVM and CART. On the other hand, 
some studies also highlight the use of GTB, 
showing very good performance.  

These trends are reflected in the results 
obtained in this research, as RF and especially 
GTB demonstrate better performance compared 
to SVM and CART, which did not show 
outstanding results. 

Although the GTB model achieved favorable 
results in the evaluation metrics, a deviation 
ranging from 24% to 12% was observed 
compared to the expected values, which affects 

the model's accuracy. For this study, an expected 

error margin below 10% was considered 
desirable in order to approach official 
census data. 

5 Conclusion 

Based on the analysis of the performance of 
various lime classification models, the following 
main results were derived regarding the detection 
of lime crops using Sentinel-2 satellite imagery 
and machine learning.  

The RF and GTB models achieved the best 
results, with the only difference being that the 
GTB model stood out by achieving a Kappa value 
for the lime category that was 3% higher than RF, 
and by producing values closer to reality when 
compared to the hectare data reported by SIAP. 

Although several classification models 
integrated in GEE were evaluated in this study, 
due to the limitations encountered, it is 
recommended that future research explore 
different models such as Naive Bayes, Minimum 

 

Fig. 7. Lime Classification Comparison in Colima for 

the Year 2022 

 

Fig. 8. Lime Classification Comparison in Colima for 
the Year 2023 
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Distance, and the k-NN classifier, or consider the 
use of Deep Learning with other tools. 

This research represents a relevant 
contribution to improving the accuracy of results, 
bringing them closer to actual values and 
enhancing their reliability for future applications 
beyond this case study. It also shows potential for 
broader use in areas such as deforestation 
monitoring, forest mapping, and other related 
fields, it also has potential for use in areas such 
as deforestation monitoring, forest mapping, 
among others. Promoting preventive analysis and 
collaboration among agro-environmental 
stakeholders through accurate information 
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