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Abstract

This study explores the use of remote sensing and machine learning (ML) for early de-
tection of Pyricularia oryzae (rice blast) in ‘Bomba’ rice. Conducted in Spain’s Albufera
Natural Park over four seasons (2021–2024), 94 fields were monitored using Sentinel-2
imagery and Topcon Yield Trakk data. Principal Component Analysis (PCA) identified
key spectral bands (B03, B04, B05, B07, B08, B11) at early stages (35 and 55 DAS). Three
ML classifiers—K-Nearest Neighbors (KNN), Random Forest (RF) and Support Vector
Machines (SVMs)—were tested to categorize fields by yield-based infection levels. RF
achieved the best performance (up to 94% Accuracy), showing high robustness across band
combinations and dates. KNN was more input-sensitive, and SVM performed weakest. In-
tegrating multispectral and multitemporal data enhanced accuracy. Overall, RF and remote
sensing proved reliable tools for early disease detection, supporting Precision Agriculture
and real-time pest management.

Keywords: remote sensing; Sentinel-2; rice; blast; machine learning

1. Introduction
Rice is a staple in the diet of a significant portion of the world’s population, making it

a crucial crop for food security. Global rice consumption reached 450 million tons in 2011,
increased to 490 million tons in 2020, and is projected to rise to 650 million tons by 2050 [1].
Within the European Union, Spain stands out as one of the leading producers, benefiting
from favorable climatic conditions and a long-standing cultivation tradition. In 2020,
Spanish rice production accounted for around 26% of the total EU output, equivalent to
roughly 739 thousand tons [2]. The Valencian region, in particular, contributes significantly
to national production, representing nearly 15% of the total, with an estimated yield of
112 thousand tons distributed across approximately 15,000 hectares [3]. Rice cultivation in
L’Albufera de Valencia dates back to the 12th century, marking it as the first region in Spain
where rice was systematically grown before its expansion to other parts of the country [4].
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Among the traditional varieties, ‘Bomba’ stands out as an emblematic landrace, cultivated
since the late 19th century and widely appreciated for its grain quality and adaptability [5].

Throughout history, epidemics of rice crop diseases have resulted in famines in var-
ious countries [6]. The primary factor contributing to low rice production is the fungus
Pyricularia oryzae Cav. [7]. This disease was first identified in China as ‘rice fever’ in 1637,
as noted by Wang et al. [8].

Rice blast is a significant fungal disease that drastically reduces grain weight and the
percentage of mature spikelets and grains [9]. This pathogen impacts the entire aerial part
of the plant, affecting leaves, stems, the panicle neck, and the panicle itself, which hinders
plant development and productivity [10]. The conditions that favor its proliferation include
temperatures ranging from 17 ◦C to 28 ◦C and relative humidity above 93% [11]. Under
optimal conditions, the fungus can destroy the plant within 20 days, potentially leading to
total yield losses [12].

P. oryzae is the primary fungal pathogen affecting rice worldwide and is responsible
for annual yield losses of up to 30% [13]. In Europe, rice blast is among the most significant
diseases affecting yield stability and grain quality, with recurrent outbreaks reported in
Mediterranean regions such as Spain and Italy [14]. It is one of the most damaging diseases
due to its widespread occurrence and high destructive capability. Some rice varieties, such
as ‘Bomba’, are particularly vulnerable to P. oryzae [15]. These varieties can suffer yield
losses of up to 65% [16].

Environmental regulations limit the range of specific phytosanitary products available
for managing blast infestations, which presents a significant challenge for the rice industry
and rice-producing countries [17]. One proposed solution to mitigate blast infestations is
genetic improvement. Research by Oliveira-García et al. [18] indicates that various rice
varieties, assessed on a scale from 0 to 6 based on their susceptibility to blast, harbor
valuable genes for genetic enhancement. This approach is crucial as blast is a global issue.
Rice-producing countries, such as the United States, are adopting these techniques, as
maintaining genetic improvement for pathogen resistance can help increase food supply.
Ignoring this aspect may diminish the overall benefits of rice production [19]. In addition
to genetic solutions, innovative technologies are needed to slow the development of pests
and prevent the fungus from developing resistance to applied fungicides [13]. Remote
sensing is a valuable tool for enhancing crop management and promoting environmental
sustainability in agriculture.

Digitalization in agriculture has become increasingly important in recent years, with
concepts such as Smart Farming and Precision Agriculture gaining traction [20]. Among the
technologies widely used in Precision Agriculture, remote sensing has proven exceptionally
valuable for enhancing productivity, monitoring rice crops, and controlling pests [21].

Agricultural precision systems require large volumes of big data for effective decision-
making. Analyzing this data can be complex, and machine learning (ML) plays a crucial
role in facilitating predictions and decisions with minimal human intervention [22]. In the
agricultural industry, ML is employed for various purposes, including crop management,
yield prediction, and disease detection. Techniques such as neural networks and machine
vision enhance accuracy, although there are still challenges related to automation and
cost-effectiveness for farmers [23].

Research conducted by Ramesh and Vydeki in 2019 [24] demonstrated that using ML
algorithms for disease detection in rice crops yields highly satisfactory results. Implement-
ing various statistical analyses and classification techniques has improved the identification
of infections in the field, providing technicians and farmers with more effective solutions.

To develop environmentally friendly crop management strategies, it is proposed that
intrafield studies be conducted on rice blast-susceptible varieties, such as the ‘Bomba’ rice
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variety. These studies aim to assess the impact of disease on productivity and help establish
control measures that align with Integrated Pest Management (IPM) systems.

This work aims to create a blast detection model using ML techniques. This model will
utilize satellite image data and statistical methods to classify pixel areas of blast-infested
‘Bomba’ rice fields based on their expected yield predictions. By doing so, we can propose
disease control strategies in advance, enabling more efficient management of infestations
with fewer inputs and a lower environmental impact. Additionally, these studies will
assess the effect of the disease on productivity, further contributing to establishing control
measures compatible with IPM systems.

2. Materials and Methods
2.1. Study Area

The present study was conducted during the 2021, 2022, 2023, and 2024 rice-growing
seasons in the fields located in the Albufera Natural Park in Valencia (Figure 1), Spain
(N 39◦16′60′′, W 0◦22′0.01′′). The Albufera lake covers an area of over 211 km2 and is
bordered by the Júcar River to the south and the Turia River to the North. This area is
characterized by its vast surrounding surface dedicated to rice cultivation, a homogeneous
rice plantation zone covering approximately 10 × 20 km2.

Figure 1. Fields of the seasons 2021, 2022, 2023, and 2024 of the ‘Bomba’ variety.

The climate is classified as subtropical Mediterranean [25], with hot and dry summers.
The soil is sandy loam with a pH of 7.8, 3.0% organic matter, and an electrical conductivity
(EC) of 3.2 dS·m−1. The irrigation water comes from the lake and has no salinity restrictions
(pH: 7.5; EC: 3.2 dS·m−1). Water management is carried out by flooding the fields to
a maximum depth of 15 cm throughout the season, except for three periods when the
fields are traditionally dried for treatments such as top-dressing fertilization, herbicides,
pesticides, and harvesting [17].

2.2. Experimental Setup

The variety studied was ‘Bomba’, which is characterized by its round and pearly grain
and is highly valued in many culinary recipes due to its high starch content, making it
particularly interesting for this industry [26]. The plant is distinguished by its typical light
green color and poor response to nitrogen fertilization.

A total of 94 fields were monitored, and the number of fields varies from one season
to the others, depending on those cultivated with the ‘Bomba’ variety, as shown in Table 1.
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Table 1. Number of fields and total area (ha) of each season.

Season Number of Fields Area (ha)

2021 22 39.37
2022 21 77.72
2023 16 52.50
2024 34 101.9

The rice was sown on 27 May 2021, on 9 June 2022, on 10 May 2023, and on 29 May 2024
(0 DAS, days after sowing), with a sowing rate of 190 kg·ha−1. Harvesting for all seasons
took place approximately at 110 DAS. The phenological stages were classified following the
BBCH scale (Biologische Budesanstalt, Bundessortenamt und Chemische Industrie) [27]
(Table 2).

Table 2. BBCH scale of ‘Bomba’ rice.

DAS 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100 105
Emergence

stage
Pretillering

stage Tillering stage Stem
elogation

Panicle
Initation

Heading
stage

Flowering
stage

Milk
stage

Dough
stage

Mature
stage

Vegetative phase Reproductive phase Ripering stage Senescence
Flooded Dry Flooded Dry Flooded Dry

2.3. Field Data
2.3.1. Remote Sensing Data

Satellite images were acquired from the Multispectral Instrument (MSI) (MSI, Airbus
Defence and Space, Friedrichshafen, Germany) aboard the Sentinel-2A/B constellation,
specifically from tile T30SYJ. Sentinel-2 captures images of Earth’s surface in 10 distinct
spectral bands. In this research, bands with the highest spatial resolution of 10 m and a
lower resolution of 20 m were analyzed (Table 3).

Cloud-free dates were identified using the Copernicus Browser [28], and the corre-
sponding Sentinel-2 images were subsequently downloaded and processed in Google Earth
Engine [29] for the period from sowing to harvest for the seasons from 2021 to 2024. Dates
were selected to match for all the years, based on days after sowing and crop phenology
(Table 2), as detailed in Table 4. The downloaded images provided surface reflectance data.

Table 3. Bands and their resolution (m) from Sentinel-2 and each wavelength (nm) resolution and region.

Bands Wavelength (nm) Resolution (m) Region
B02 490 10 Visible
B03 560 10 Visible
B04 665 10 Visible
B05 705 20 Infrared
B06 740 20 Infrared
B07 783 20 Infrared
B08 842 10 Infrared

B08A 865 20 Infrared
B11 1610 20 Swinfrared
B12 2190 20 Swinfrared
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Table 4. Dates of downloaded images of all the seasons and days after sowing.

Dates DAS
2021 2022 2023 2024

1 June 14 June 15 May 3 June 5
1 July 14 July 14 June 3 July 35
22 July 3 August 4 July 23 July 55
15 August 29 August 29 August 17 August 80
15 September 28 September 12 September 16 September 110

2.3.2. Yield Data

Yield data was obtained using the Yield Trakk system, YieldTrakk YM-3 system
(Topcon Agriculture, Livermore, CA, USA) a monitoring software developed by Topcon [30].
This system measures yield in real-time as the harvester operates in the field. The cutting
width of the harvester was 7.6 m, providing continuous yield data approximately every
meter. Data were processed according to Fita et al. [31].

2.3.3. Determination of Pyricularia oryzae

To evaluate the infestation of Pyricularia oryzae, the following parameters were con-
sidered: leaf incidence, leaf severity (percentage of affected area), panicle infestation
percentage, neck panicle infection percentage, and the percentage of affected nodes, as
defined by the International Rice Research Institute (IRRI) [32].

Research by Teng and Torres [9], Surin et al. [33], and Katsube and Koshimizu [34]
has linked yield loss in rice crops to the incidence of blast. To support this finding, field
monitoring of Pyricularia infestation was conducted throughout the crop cycle at 45, 65, 85,
and 105 days after sowing (DAS), along with yield estimation by counting and weighing
grains from panicles in 18 randomized fields.

A linear regression analysis was performed using data collected at different stages
of the crop cycle (45, 65, 85, and 105 DAS). During these sampling periods, the incidence
of the disease on leaves, nodes, and panicles was assessed as a percentage, referred to as
the Pyricularia Infestation Index (PII). This index was calculated according to the specified
model for each DAS, and the correlation coefficient between PII at each DAS and yield was
determined (see Table 5).

Table 5. Correlation coefficients between yield and the Pyricularia Infestation Index (PII), calculated
according to the author’s proposed method at each DAS.

PII 45 DAS PII 65 DAS PII 85 DAS PII 105 DAS Yield
PII 45 DAS −0.24 ns −0.24 ns −0.37 ns 0.30 ns

PII 65 DAS −0.38 ns −0.14 ns 0.17 ns

PII 85 DAS 0.93 ** −0.54 ns

PII 105 DAS −0.67 *
Yield

**, *, and ns: significant at p < 0.01, at p < 0.05, and non-significant.

The results showed a progressive increase in Pyricularia incidence throughout the crop
cycle, with the highest infestation occurring at 105 DAS. The correlation coefficient obtained
between PII and yield at this stage was −0.67, indicating that higher fungal infestation was
associated with lower yields and reduced production.

This strong negative correlation demonstrates that in the ‘Bomba’ variety, which
is highly susceptible to Pyricularia oryzae, the decrease in yield is directly related to the
incidence of the fungus. Consequently, the lower productivity of this variety is attributed
to the intensity of Pyricularia infestation, as quantified through the PII values.
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2.3.4. Statistics and ML Algorithms

The main objective of this study was to classify rice samples according to the presence
or absence of Pyricularia oryzae infection. As a preliminary step, Principal Component
Analysis (PCA) was conducted to identify the most relevant days after sowing (DAS) and
spectral bands contributing to the construction of the classification model.

For the definition of the infection categories, yield data from all fields were statistically
analyzed and divided into three equal groups based on their distribution. This stratification
allowed the establishment of yield thresholds corresponding to three classes:

1. Infected: yield < 2135 kg·ha−1;
2. Partially infected: 2135 ≤ yield ≤ 3182 kg·ha−1;
3. Non-infected: yield > 3182 kg·ha−1.

This data-driven segmentation ensured a balanced representation of each infection
level within the dataset, enabling a more robust and objective classification model. This
segmentation was based on the empirical quantiles of the yield distribution (33rd and
66th percentiles), ensuring that each class contained approximately one-third of the total
observations (Figure A1).

Quantile-based thresholds provide a statistically balanced, non-parametric, and robust
separation of yield levels. This approach minimizes bias caused by outliers or unequal
class frequencies.

Principal Component Analysis

Principal Component Analysis (PCA) is a very useful statistical technique when
working with large datasets. Its main purpose is to reduce the dimensionality of a dataset
while retaining as much information or variance as possible.

Thus, given a sample of size n with p variables X1, X2, . . ., Xp that are initially corre-
lated, the objective of PCA is to obtain, through normalized linear combinations of these
variables, a number k ≤ p of new uncorrelated variables Z1, Z2, . . ., Zk, known as principal
components, which explain most of the variability in the sample. Each principal component
is given by the following:

Zj = v1j X1 + v2j X2 + · · · +vpj Xp (1)

The coefficients vij of these combinations give an idea of the weight of each variable Xi

in the corresponding principal component Zj and, therefore, of their correlation.
Principal components have the advantage of being uncorrelated with each other and

can be ordered according to the amount of information they carry, as measured by their
variance. The greater the variance, the more information the component contains. Thus,
the first component selected is the one with the highest variance, and the last is the one
with the lowest.

Therefore, PCA allows for the visualization of data in 2D or 3D to better analyze the
possible existence of production groups within the pixel population. Additionally, it helps
to understand how the variables—i.e., the reflectance values of the bands—are related,
which can be used to identify the bands that best explain the variance in the data and,
indirectly, the group membership.

PCA was performed for each of the time points indicated at 35, 55, and 80, taking the
reflectance values of the bands listed in Table 3 as variables. To define the band combina-
tions that would be used as variables in the classification models, for each analysis, the
bands whose coefficients in the normalized linear combination were greater than 0.4 in the
first three principal components were selected. Finally, the bands that appeared consistently
across all time points analyzed were selected, regardless of the principal component.
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Machine Learning Models

Different ML models were applied to classify pixels into three groups according to
yield, previously defined. From the datasets of 2021, 2022, and 2023, 80% of the data was
allocated for model training, 20% for testing, and the dataset of 2024 for validation. To
avoid bias in data selection, stratified random sampling was applied.

For data classification, three supervised learning algorithms widely used in classi-
fication problems were employed: K-Nearest Neighbors (KNN), Random Forest (RF),
and Support Vector Machines (SVMs). These models were selected for their effectiveness
in classifying data with complex features and their applicability in similar classifying
studies (Table 6).

Table 6. Crop diseases studies that use ML models.

Disease Algorithms Reference
Wheat yellow rust SVM [35]

Citrus huanglongbing KNN and SVM [36]
Potato late blight RF and SVM [37]

Grape leaf disease KNN [38]
Xylella fastidiosa in almond trees SVM [39]

Ratoon stunting disease in sugarcane SVM [40]
Crop classification and land cover RF [41]

Rice bacterial blight RF, SVM and KNN [42]
Late leaf spot of peanuts RF, KNN [43]

KNN: This model was implemented and optimized by evaluating different values of k
through cross-validation. This method was selected for its simplicity, ability to capture local
patterns, and proven effectiveness in similar studies. It is a proximity-based classification
algorithm, where a new datum is assigned to the majority class among its ‘k’ nearest
neighbors in the feature space. KNN is a non-parametric method and is considered a ‘lazy
learner’ as it does not generate a prior model but classifies based on the structure of the
data at query time. The KNN algorithm is considered one of the easiest algorithms to use
in ML. It is predominantly used for object classification. It is a very useful algorithm, used
to assign missing values and perform data resampling.

SVM: This model was trained using a radial basis kernel to capture non-linear relation-
ships in the data. Hyperparameters were optimized using a grid search with 5-fold cross-
validation. It uses hyperplanes to separate data into different classes in an n-dimensional
space. This algorithm is especially useful in classification problems with high dimensional-
ity data and when the separation between classes is not linear.

RF: This model was included for its ability to handle non-linear relationships and
noisy data while providing insights into variable importance. It is a model based on an
ensemble of decision trees that combines individual predictions to improve accuracy and
reduce overfitting. It is based on random sampling of data and features, allowing for robust
and stable classification.

Performance Evaluation

The confusion matrix is a powerful tool for analyzing the performance of a multiclas-
sifier [44] since it allows us to easily obtain the number of correct and incorrect answers for
a classification algorithm. Thus, with a k × k confusion matrix as shown in Table 7, there
are k correct classifications and k2-k possible errors.
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Table 7. Confusion matrix of N elements for pairwise comparison.

Predicted Variety

R
ea

lV
ar

ie
ty

V1 V2 . . . Vj . . . Vk ai

V1 n11 n12 . . . n1j . . . n1k a1
V2 n21 n22 . . . n2j . . . n2k a2
...

...
...

. . .
...

...
...

...
Vi ni1 ni2 . . . nij . . . nik ai
...

...
...

...
. . .

...
...

...
Vk nk1 nk2 . . . nkj . . . nkk ak

pj p1 p2 . . . pj . . . pk N

Particularly for this work,

• V1,V2, . . ., Vk: The different rice varieties;
• nij: The number of samples that truly belong to class Vi and were predicted as class Vj;
• ai: Total number of samples that truly belong to class Vi (i = 1, 2, 3);
• Pj: Total number of samples that were predicted as class Vj (j = 1, 2, 3);
• N: Total number of samples.

In general, for each class Vi, i = 1, 2, . . . , k, the correct classifications, called True
Positives (TPi), is the number of samples correctly classified as belonging to this class, so it
is obtained by the following:

TPi = nii (2)

On the other hand, there are two kinds of errors:
False Positives (FPi), which are the samples that have been incorrectly classified as

belonging to class Vi, that is,

FPi = ∑k
j = 1
j ̸= i

nji = pi − nii (3)

False negatives (FNi), which are the samples that have been incorrectly classified as
not belonging to class Vi, thus,

FNi = ∑k
j = 1
j ̸= i

nij = ai − nii (4)

Moreover, there is a fourth type of sample called the True Negatives (FNi), which are
those that do not actually belong to class Vi. They are calculated by adding the entries
of the submatrix that result from eliminating row and column i in the confusion matrix,
that is,

TNi = N − ai − pi + nii (5)

Knowing the values of these four types of samples, several commonly used metrics
can be generated, as shown in Table 8, to evaluate the performance of the classifier with
different evaluation approaches. These metrics must be computed for each class Vi, and
then the model metrics will be the average of them.
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Table 8. Definitions and formulas of common Classification Performance Metrics.

Statistical Parameters Explanation Equation

Accuracy Proportion of correct predictions over
the total number of samples

TPi+TNi
TPi+TNi+FPi+FNi

(6)

Precision Proportion of correctly classified
positive from the total predicted positive

TPi
TPi+FPi

(7)

Recall (Sensitivity or True Positive Rate) Proportion of correctly classified
positive from the total truly positive

TPi
TPi+FNi

(8)

Specificity (or True Negative Rate) Proportion of correctly classified
negative from the total truly negative

TNi
TNi+FPi

(9)

F1-Score (or F-measure) Harmonic mean between
Precision and Recall values 2· Precision·Recall

Precision+Recall
(10)

2.3.5. Software

Processing of satellite images obtained from Google Earth Engine (GEE) for Sentinel-2
was carried out using QGIS 3.10.14 software [45].

The statistical analyses were performed using the Scikit-learn library in Python [46].
Experiments and model evaluations were conducted in a Python 3.9 environment.

3. Results
3.1. PCA

Prior to the classification study, Principal Component Analysis (PCA) of all Sentinel-2
bands for which we have reflectance data was performed.

For yield classification, interest was focused on early cultivation dates (35, 55, and
80 DAS). In addition, it should be noted that the challenge lies in being able to classify
the infestation at dates when the farmer can carry out actions in agronomic management
and correct or enhance productivity. The purpose of PCA is to transform a set of variables,
which are called originals, into a new set of variables called principal components, which
are characterized by the fact that they are not correlated among themselves. If the database
contains numerous original variables (in this case 10, as many as bands: B02, B03, B04, B05,
B06, B07, B08, B08A, B11, B12), what usually happens is that many of these are correlated.
Ideally, new variables are sought that are linear combinations of the original variables and
that are not correlated, gathering most of the information or variability of the data. The first
analysis of interest is presented in Table A2, which shows the correlation between bands at
each time point analyzed (35, 55, and 80 DAS) and shows the strong correlation between
visible bands (B02, B03, B04) and B05, between Near-Infrared and NIR bands (B06, B07,
B08, and B08A), and between the two bands of the SWIR spectrum (B11 and B12).

Subsequently, the screen field was analyzed to analyze the values of the principal
components in the analysis, i.e., the variance (variability) explained by each dimension
(principal component) in each of the PCAs constructed at 35, 55, and 80 DAS (Table A1). It
was observed that only three dimensions would explain more than 90% of the accumulated
variance (95.8% at 35 DAS, 93.5% at 55 DAS, and 97.2% at 80 DAS).

The variables with the greatest weight in the first two dimensions of the PCA at 35
and 55 DAS fall mainly on bands B06, B07, B08, B08A, and B11 in one dimension and on
bands B02, B03, B04, and B05 in the second dimension (Table A1). At 80 DAS, the weight
of the variables did not follow the pattern of the 35 and 55 DAS moments. This weight is
more distributed among all bands, with emphasis on bands B06, B11, and B04. This weight
contribution analysis could help to decide which bands should be isolated and studied
separately in the ML analysis in the next section. With the contribution of the original
variables to each dimension of the PCA studied on different dates, one should opt for
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using bands according to the pattern established for 35 and 55 DAS. That is, respecting a
minimum number of bands and that these are mixed between the visible (B02, B03, B04),
Near-Infrared (B05, B06, B07), NIR (B08 and B08A), and SWIR (B11 and B12) regions, with
special interest in bands B03, B04, B05, B07, B08, and B11. A general criterion is used for the
selection of combinations, based on the results obtained from the PCA and the correlations
between variables (Table A2). The resulting combinations to apply the ML models are
indicated in Table 9.

Table 9. Combinations used for ML models. Band combinations and each scenario assigned.

Scenario Sentinel-2 Band Combination DAS Selection CriteriaVisible NIR SWIR

1 B02, B03, B04 B05, B06, B07,
B08, B08A B11, B12 35 55 80

All available bands. Allows
maximum use of the explained
variance (>95%). Serves as a
baseline of
maximum information.

2 B04 B05, B07, B08 B11 35 55
Band B12 is eliminated for this
combination due to its correlation
with B11, B08A due to its low
weight in DIM. 2.

3 B04 B07 B11 35 55
One band from each region is
selected, taking into account the
correlation between them.

4 B04 B05, B08 B11 35 55

Band B07 is replaced by bands
B05 and B08 due to their
correlation with this and the
weight in DIM. 1.

5 B04 B05, B08 - 35 55

The combination with bands B04,
B05, and B08 is simplified by
including data from two of the
three regions.

6 - B05, B07, B08, B08A - 35 55 Bands in the IR region with high
correlation values are studied.

7 B03, B04 B08 B11 35 55
B03 and B04 bands are correlated,
and data from the other two
regions are included.

3.2. Machine Learning Analysis

Different combinations of spectral bands applied for each model were analyzed, using
different dates (DAS: 35, 55, 80) and bands combinations (Table 9). The objective was
to evaluate the model performance as a function of the number and type of bands used,
considering metrics shown in Table 8. After applying the ML models, the following results
were obtained:

KNN: Table 10 presents the results of the KNN model applied to different validation
and test scenarios. The results are organized by two dates, 35 and 55 DAS. The model’s
Accuracy remains relatively high in most scenarios, both in testing and validation, with
values ranging from 0.74 to 0.89, However some differences can be observed among the key
metrics reflecting variations in the performance of the model depending on the scenario
and the type of evaluation.



Agriculture 2025, 15, 2560 11 of 20

Table 10. Test and validation results (Accuracy, Precision, Recall, Specificity, and F1-Score) of the
KNN model to classify Bomba rice in the different scenarios and DAS.

DAS Combination Analysis Accuracy Precision Recall Specificity F1-Score

35

Scenario 1 Test 0.88 0.85 0.77 0.92 0.80
Validation 0.89 0.88 0.77 0.92 0.81

Scenario 2 Test 0.86 0.81 0.75 0.91 0.78
Validation 0.87 0.80 0.73 0.90 0.76

Scenario 3 Test 0.86 0.82 0.72 0.90 0.76
Validation 0.86 0.81 0.76 0.90 0.78

Scenario 4 Test 0.82 0.78 0.69 0.88 0.73
Validation 0.80 0.77 0.68 0.86 0.71

Scenario 5 Test 0.84 0.78 0.70 0.90 0.73
Validation 0.85 0.79 0.74 0.90 0.76

Scenario 6 Test 0.84 0.78 0.74 0.89 0.76
Validation 0.86 0.82 0.73 0.90 0.76

Scenario 7 Test 0.78 0.72 0.65 0.86 0.67
Validation 0.79 0.74 0.67 0.85 0.70

55

Scenario 1 Test 0.88 0.85 0.80 0.92 0.82
Validation 0.89 0.84 0.79 0.93 0.81

Scenario 2 Test 0.86 0.80 0.75 0.91 0.77
Validation 0.88 0.85 0.78 0.92 0.81

Scenario 3 Test 0.85 0.84 0.74 0.90 0.78
Validation 0.87 0.87 0.78 0.91 0.82

Scenario 4 Test 0.79 0.71 0.65 0.86 0.67
Validation 0.79 0.76 0.66 0.86 0.70

Scenario 5 Test 0.83 0.76 0.69 0.88 0.72
Validation 0.83 0.77 0.72 0.88 0.74

Scenario 6 Test 0.84 0.78 0.72 0.89 0.75
Validation 0.85 0.79 0.75 0.90 0.77

Scenario 7 Test 0.76 0.67 0.63 0.84 0.64
Validation 0.74 0.63 0.59 0.82 0.60

The KNN model shows better performance in scenarios such as Scenario 1, where
Accuracy is higher, reaching up to 0.89 in validation for both DAS configurations. This
suggests that the model fits better under these conditions. In contrast, Scenario 7 shows
the lowest values, especially in Precision metrics, indicating a lower ability of the model to
correctly classify in that scenario.

Another relevant aspect is that the differences between the test and validation metrics
are minimal, indicating good model stability and generation ability. Specificity metrics are
consistently higher than Recall in most scenarios, suggesting that the model is better at
correctly identifying negative classes those positive ones.

In conclusion, the KNN model demonstrates solid performance in most scenarios,
especially in the first ones. However, performance decreases in scenarios like Scenario 7,
which may indicate the need to adjust the model parameters or explore additional data
preprocessing methods to improve its classification ability.

SVM: Table 11 presents the results of the SVM model applied in the same scenarios
and dates as KNN. In general, the SVM model shows lower performance compared to
the KNN model previously discussed. Accuracy ranges from 0.57 to 0.78, with Scenario 1
consistently presenting the best performance, while Scenario 7 shows the lowest values.
This indicates that the SVM model may be more sensitive to the characteristics of the data
in each scenario.
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Table 11. Test and validation results (Accuracy, Precision, Recall, Specificity, and F1-Score) of the
SVM model to classify Bomba rice in the different scenarios and DAS.

DAS Combination Analysis Accuracy Precision Recall Specificity F1-Score

35

Scenario 1 Test 0.79 0.76 0.65 0.86 0.68
Validation 0.78 0.76 0.66 0.86 0.69

Scenario 2 Test 0.66 0.64 0.53 0.76 0.56
Validation 0.69 0.65 0.58 0.77 0.60

Scenario 3 Test 0.64 0.62 0.52 0.75 0.53
Validation 0.67 0.63 0.56 0.76 0.57

Scenario 4 Test 0.65 0.62 0.52 0.76 0.55
Validation 0.66 0.60 0.56 0.76 0.57

Scenario 5 Test 0.67 0.64 0.55 0.77 0.57
Validation 0.70 0.66 0.59 0.78 0.60

Scenario 6 Test 0.65 0.61 0.50 0.75 0.52
Validation 0.68 0.66 0.53 0.76 0.55

Scenario 7 Test 0.60 0.62 0.48 0.72 0.52
Validation 0.63 0.60 0.49 0.73 0.52

55

Scenario 1 Test 0.72 0.71 0.57 0.81 0.60
Validation 0.72 0.75 0.56 0.81 0.60

Scenario 2 Test 0.69 0.78 0.53 0.79 0.57
Validation 0.69 0.78 0.52 0.79 0.56

Scenario 3 Test 0.69 0.77 0.53 0.79 0.57
Validation 0.69 0.74 0.52 0.79 0.56

Scenario 4 Test 0.60 0.54 0.45 0.72 0.46
Validation 0.63 0.55 0.45 0.73 0.47

Scenario 5 Test 0.67 0.58 0.46 0.77 0.47
Validation 0.68 0.53 0.46 0.78 0.47

Scenario 6 Test 0.67 0.54 0.47 0.78 0.48
Validation 0.68 0.50 0.46 0.78 0.47

Scenario 7 Test 0.57 0.36 0.45 0.68 0.38
Validation 0.59 0.31 0.40 0.67 0.33

The Precision values remain relatively consistent, but the Recall values are notably
lower than those of the KNN model, suggesting that the SVM model has more difficulty
identifying positive classes correctly. Specificity values are generally higher than Recall
values, indicating that the model is better at identifying negative classes than positive ones.

One important observation is that the performance of the model is relatively stable
between test and validation phases, which indicates a consistent generalization capability
despite the lower overall performance.

In conclusion, the SVM model demonstrates moderate performance across the different
scenarios, with notable weakness in scenarios like Scenario 7. This suggests the need for
further optimization of the SVM parameters or the exploration of alternative models for
improved classification performance.

RF: Table 12 shows the results of the RF model applied with the same configurations
as the other models.

The RF model demonstrates consistently high performance across most scenarios,
with Accuracy values ranging from 0.83 to 0.94. Scenario 1 shows the highest performances,
particularly in the validation phase with 55 DAS, where it achieves an Accuracy of 0.94.
This suggests that the RF model is well-suited for the data characteristics in the scenario.
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Table 12. Test and validation results (Accuracy, Precision, Recall, Specificity, and F1-Score) of the RF
model to classify Bomba rice in the different scenarios and DAS.

DAS Combination Analysis Accuracy Precision Recall Specificity F1-Score

35

Scenario 1 Test 0.93 0.91 0.86 0.95 0.88
Validation 0.92 0.89 0.83 0.94 0.86

Scenario 2 Test 0.92 0.90 0.83 0.94 0.86
Validation 0.92 0.89 0.84 0.94 0.86

Scenario 3 Test 0.90 0.88 0.80 0.93 0.84
Validation 0.89 0.87 0.78 0.93 0.82

Scenario 4 Test 0.91 0.89 0.86 0.94 0.87
Validation 0.93 0.90 0.86 0.95 0.88

Scenario 5 Test 0.87 0.84 0.75 0.92 0.78
Validation 0.88 0.87 0.79 0.92 0.82

Scenario 6 Test 0.89 0.87 0.80 0.93 0.83
Validation 0.90 0.88 0.81 0.93 0.84

Scenario 7 Test 0.84 0.81 0.74 0.90 0.77
Validation 0.85 0.81 0.77 0.90 0.79

55

Scenario 1 Test 0.93 0.91 0.84 0.95 0.87
Validation 0.94 0.94 0.88 0.96 0.91

Scenario 2 Test 0.92 0.91 0.85 0.95 0.87
Validation 0.93 0.93 0.88 0.95 0.90

Scenario 3 Test 0.90 0.90 0.83 0.93 0.86
Validation 0.90 0.90 0.82 0.93 0.85

Scenario 4 Test 0.91 0.88 0.84 0.94 0.86
Validation 0.92 0.91 0.86 0.94 0.88

Scenario 5 Test 0.85 0.82 0.69 0.90 0.73
Validation 0.87 0.85 0.76 0.91 0.79

Scenario 6 Test 0.87 0.84 0.76 0.92 0.79
Validation 0.90 0.88 0.79 0.93 0.82

Scenario 7 Test 0.83 0.77 0.76 0.89 0.77
Validation 0.83 0.82 0.74 0.89 0.77

Precision, Recall, and Specificity values are consistently high, reflecting the model’s
strong ability to correctly classify both positive and negative classes. Notably, the Recall
values, which measure the ability to identify positive classes, are higher in this model
compared to SVM and KNN, indicating better sensitivity.

The stability of the model is also evident, with minimal differences between the test
and validation results in most scenarios. This suggests a strong generalization capability.

The RF model demonstrates the bests overall performance among the three models
analyzed. achieving high Accuracy, Precision, and Recall across various scenarios. This
makes it a robust option for classification tasks in this context.

From the comparative analysis of the K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), and Random Forest (RF) models, clear differences emerge in terms of
performance, sensitivity to spectral band combinations, and generalization capacity across
different spatial resolutions.

The KNN model showed good overall performance. especially when all available
bands within a single DAS or multiresolution combinations were used. Metrics such as
Accuracy and F1-Score coefficient improved significantly when integrating information
from different scales, with one multiresolution combination reaching an Accuracy of 0.93
and an F1-Score of 0.86. This confirms that KNN benefits from a dataset rich in spectral
and spatial diversity.

The SVM model exhibited more modest performance. Its Accuracy and F1-Score were
lower across all configurations and showed a sharper drop in sensitivity (Recall) when
working with reduced band subsets or individual resolutions. Although it also showed
slight improvement in multiresolution combinations, it did not reach the performance
levels observed with KNN or RF, suggesting that SVM is less adaptable to data with high
spectral and spatial complexity.
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Conversely, the RF model consistently achieved the best results. All evaluated com-
binations surpassed 90% Accuracy, with balanced and high metrics in both sensitivity
and Specificity. Multiresolution combinations were especially effective, reaching up to
0.94 Accuracy and over 0.96 Specificity, indicating a highly robust and reliable model.
Additionally, RF showed less dependence on the total number of bands, achieving high
values even with well-selected reduced combinations.

In conclusion, the results show that RF is the most effective model for this task,
followed by KNN, which also performs well when appropriate multispectral combinations
are used. SVM, while useful in certain contexts, appears to be a less competitive alternative
under the evaluated conditions. Integrating information from different spatial resolutions
proves to be a key strategy for enhancing the predictive capability of models, particularly
in complex and multivariate environments like the one analyzed.

4. Discussion
Principal Component Analysis (PCA) provided valuable insights for dimensionality re-

duction and the selection of the most relevant bands for early-stage yield classification. The
strong correlations observed among spectral groups highlighted the need to transform the
original variables into uncorrelated components. According to the results, three principal
components explained over 90% of the variance at all evaluated dates (35, 55, and 80 DAS),
indicating that a significant portion of the information contained in the ten original bands
can be effectively summarized in a few dimensions. This finding not only improves model
interpretability but also suggests that subsequent analyses, such as ML classification, can
be optimized using a reduced subset of bands as other studies have shown, from a set with
10 bands to 4 (Band 06, Band 07, Band 08, and Band 8A) [47], transforming the correlated
dataset from Sentinel-2 into smaller set of variables representing most of the information
of the original dataset. Specifically, Sentinel-2 bands B03, B04, B05, B07, B08, and B11
emerged as the most relevant contributors to the first components at key early dates (35 and
55 DAS), aligning with the objective of identifying agronomically actionable scenarios. This
contribution pattern supports the band combinations selected for the different modeling
scenarios, prioritizing those that balance representation across the visible, NIR, and SWIR
spectral regions while maximizing the predictive information for infection classification.

The results obtained in the ML study provide a robust comparative evaluation of the
performance of three supervised classification algorithms (KNN, SVM, and RF) applied to
remote sensing data at different dates as other authors have studied in the classification of
crop types [48]. In all cases, input configurations based on multiresolution band combina-
tions had a positive impact on model performance, especially on global indicators such
as Accuracy and F1-Score. This trend supports the hypothesis that integrating spectral
information from different spatial scales provides a richer and more discriminative represen-
tation of the observed phenomenon, leading to more accurate classification. By employing
machine learning algorithms in rice crops, like the study of Lopez-Andreu et al. [49], we
achieved high classification accuracy, highlighting the effectiveness of multispectral data in
capturing subtle spectral differences related to crop phenology and agricultural practices

Overall, the RF model demonstrated the best performance. It not only achieved the
highest values in global metrics (Accuracy up to 0.94. F1-Score up to 0.94 and Specificity
up to 0.96) but also showed notable stability when the number of input bands was re-
duced. This suggests that RF can efficiently handle spectral redundancy and potential
multicollinearity among bands, leveraging its ensemble structure and ability to perform
robust feature space partitioning. This behavior aligns with findings in the literature,
where RF has consistently outperformed other classifiers in multispectral classification
tasks across both natural and urban environments. This model has been used in several



Agriculture 2025, 15, 2560 15 of 20

similar studies, including that of Liu et al. [50], who achieved the best result (above 91%)
compared to other models by applying machine learning-based classification techniques
for the early detection of rice cultivation areas using remote sensing data.

The KNN model also showed acceptable performance, particularly when a wide
range of bands or multispectral combinations were used. Its results were consistent,
with Accuracy exceeding 0.93 in its best configuration. However, its performance was
more sensitive to reduced-band setups, with F1-Score significantly dropping in simpler
configurations. Therefore, its applicability in more complex scenarios may be limited
without a sufficiently representative training set.

In contrast, the SVM model obtained the lowest performance. While theoretically
suitable for high-dimensional problems, in this case it exhibited limitations in generaliza-
tion, especially under configurations with lower spectral diversity. The lower Recall and
F1-Score values indicate greater difficulty in correctly identifying positive cases, which
could be attributed to its sensitivity to the regularization parameter and kernel selection,
two aspects that were not extensively optimized in this study. Additionally, the fact that
SVM did not benefit substantially from multiresolution combinations suggests that the
model may require more complex tuning to fully exploit multiscale information.

One significant limitation of this analysis is the absence of feature selection or dimen-
sionality reduction techniques such as PCA or variable importance-based approaches. This
could further improve model performance, particularly for models that are more sensitive
to redundancy, such as SVM.

Overall, the findings confirm that ensemble-based models such as RF, when combined
with multispectral and multiresolution data, offer a robust and reliable approach for
spectral classification tasks. These results may have significant implications for practical
applications such as environmental remote sensing, precision agriculture, or land cover
monitoring, where high Accuracy and classification stability are required when working
with complex satellite-derived data.

With all the studies carried out, it is possible to prepare a base and the first steps for
the development of a digital application in which the early detection of the infestation
could be observed in a visual way, as shown in Figure 2.

 
Figure 2. Output of the app in one of the fields of Bomba rice with Blast Incidence levels.
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5. Conclusions
This study shows that integrating multitemporal Sentinel-2 imagery with ma-

chine learning algorithms creates a reliable and scalable tool for early detection of
rice blast disease (Pyricularia oryzae). The results confirm that spectral and temporal
information—particularly from the visible, red-edge, and Near-Infrared bands—allows
the identification of infection stages before visual symptoms appear, offering a practical
advantage for preventive crop management.

Among the models tested, the Random Forest (RF) algorithm showed the highest
Accuracy and stability, outperforming both K-Nearest Neighbors (KNN) and Support
Vector Machine (SVM) models. It shows its effectiveness for analyzing non-linear and
heterogeneous datasets from agricultural environments. The Accuracy achieved with the
models was 94% on the validated dataset using vegetation indices and temporal dynamics,
thereby improving the model’s performance. So, it clearly shows that remote sensing
combined with machine learning enables a scientific understanding of the crop–pathogen
system, providing a key tool for decision-making by farmers. Enabling early disease
detection facilitates targeted fungicide applications, reduces input costs, and promotes
environmentally sustainable rice production.

The accuracy of the models and the possibility of applying these models in other
general conditions could form the basis for future research focused on validating models
under different climatic conditions and agronomic management practices. At the same
time, these models could be applied to similar crops, such as wheat and barley, to be
evaluated. Finally, the results of this work could enable a transition to digital, sustainable,
and resilient agriculture, capable of reducing production inputs, improving input efficiency
and crop productivity, and minimizing environmental impact.
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Appendix A

Figure A1. Variability explained by each dimension (principal component) in PCA at 35, 55, and
80 DAS. The blue dashed lines delineate the three equivalent groups used for the classification of
infection categories.

Table A1. Variability explained by each dimension (principal component) in PCA at 35, 55, 80 DAS.

35 DAS DIM.1 DIM.2 DIM.3
B02 2.73 22.15 25.34
B03 0.01 30.23 8.78
B04 6.32 15.53 21.15
B05 0.04 27.03 31.65
B06 14.96 1.96 1.33
B07 15.86 0.33 0.18
B08 15.61 0.27 0.02
B8A 15.84 0.33 0.49
B11 15.12 0.50 5.85
B12 13.46 1.64 5.18

55 DAS DIM.1 DIM.2 DIM.3
B02 17.68 0.18 0.02
B03 17.76 0.35 1.65
B04 17.67 0.00 2.44
B05 18.03 0.35 0.83
B06 0.10 24.27 10.90
B07 8.30 16.51 0.66
B08 8.24 16.54 0.20
B8A 0.18 4.64 82.70
B11 2.72 24.64 0.00
B12 3.91 12.48 0.57

80 DAS DIM.1 DIM.2 DIM.3
B02 9.60 9.90 9.42
B03 10.95 7.61 3.69
B04 4.85 25.11 5.56
B05 10.69 7.87 0.05
B06 12.53 3.87 1.23
B07 9.52 13.44 2.81
B08 8.54 15.76 3.16
B8A 8.91 15.14 2.88
B11 12.74 0.13 26.21
B12 11.64 1.16 44.98
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Table A2. Correlation between bands at each time (35, 55, and 80 DAS).

35 DAS B02 B03 B04 B05 B06 B07 B08 B08A B11 B12
B02 1 0.73 0.99 0.63 −0.2 −0.3 −0.31 −0.3 −0.26 −0.16
B03 1 0.61 0.92 0.22 0.06 0.05 0.05 0.06 0.15
B04 1 0.55 −0.44 −0.52 −0.53 −0.51 −0.46 −0.37
B05 1 0.19 0.02 0.02 0.01 0.01 0.13
B06 1 0.98 0.96 0.97 0.91 0.87
B07 1 0.99 1 0.93 0.87
B08 1 0.98 0.92 0.86

B08A 1 0.94 0.87
B11 1 0.97
B12 1

55 DAS B02 B03 B04 B05 B06 B07 B08 B08A B11 B12
B02 1 0.94 0.93 0.90 0.02 −0.54 −0.55 0.06 0.39 0.66
B03 1 0.88 0.97 0.12 −0.53 −0.55 0.12 0.40 0.66
B04 1 0.88 −0.14 −0.60 −0.60 −0.03 0.36 0.67
B05 1 0.09 −0.56 −0.55 0.11 0.43 0.71
B06 1 0.72 0.67 −0.12 0.69 0.40
B07 1 0.97 −0.28 0.38 −0.03
B08 1 −0.29 0.40 0.01

B08A 1 −0.27 −0.19
B11 1 0.89
B12 1

80 DAS B02 B03 B04 B05 B06 B07 B08 B08A B11 B12
B02 1 0.94 0.85 0.89 0.64 0.43 0.37 0.39 0.72 0.77
B03 1 0.82 0.96 0.73 0.50 0.44 0.46 0.79 0.83
B04 1 0.82 0.32 0.08 0.03 0.05 0.48 0.62
B05 1 0.71 0.48 0.42 0.44 0.79 0.85
B06 1 0.95 0.91 0.93 0.90 0.78
B07 1 0.98 0.99 0.79 0.63
B08 1 0.98 0.74 0.58

B08A 1 0.77 0.60
B11 1 0.96
B12 1
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