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Highlights

What are the main findings?

• UAV-derived spectral variables were significantly associated with rice brown spot
severity, with NDRE showing the strongest negative correlation (r = −0.83) and NPCI
the strongest positive correlation (r = 0.77).

• Among the tested models, SVR-linear showed the slightly lowest prediction error for
brown spot severity using NDRE, GREEN, and BLUE as predictors (R2_CV = 0.76;
RMSE_CV = 1.31).

What is the implication of the main finding?

• Multispectral UAV imagery can support plot-level estimation of rice brown spot
severity under field conditions.

• Integrating UAV-derived spectral information with machine-learning models may
improve disease monitoring and support future precision-management strategies in
rice production.

Abstract

Rice brown spot, caused by Bipolaris oryzae, is an important constraint for rice production
and requires timely field-scale monitoring. This study evaluated the use of multispectral
bands acquired with a UAV-mounted sensor, together with vegetation indices, combined
with machine-learning models to estimate rice brown spot severity under field conditions
in Lambayeque and Cajamarca, Peru. A total of 37 sampling observations were collected
across the vegetative, flowering, and milk-ripening stages. Spectral variables were ex-
tracted from UAV orthomosaics and related to field-based disease severity assessments.
The strongest correlations with severity were observed for NDRE (r = −0.83) and NPCI
(r = 0.77). Three regression models were evaluated using leave-one-out cross-validation
(LOOCV): support vector regression with radial basis function kernel (SVR-rbf), support
vector regression with linear kernel (SVR-linear), and Random Forest (RF). The SVR-linear
model showed the lowest prediction error using NDRE, GREEN, and BLUE as predictors
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(R2_CV = 0.76; RMSE_CV = 1.31), although its performance was very similar to that of SVR-
rbf and RF. These results indicate that UAV-derived multispectral information can support
plot-level estimation of rice brown spot severity. However, model performance should be
interpreted cautiously because of the small dataset, heterogeneous disease conditions, and
moderate prediction accuracy. Further studies with larger and independent datasets are
needed to improve robustness and transferability.

Keywords: spores; rice brown spot; Bipolaris oryzae; UAV; machine learning; spectral indices

1. Introduction
In addition to adverse climatic conditions, diseases cause substantial losses in rice

production [1]. Rice is one of the most important staple foods for the world’s population;
however, annual yield losses due to rice diseases range from 10 to 30% [2]. Therefore, the
prediction and monitoring of rice diseases are essential not only to ensure crop quality
and yield, but also to support food security for a large part of the global population [3].
Conventional large-scale disease monitoring methods are usually labor-intensive, time-
consuming, spatially discontinuous and often lack precision. In this context, unmanned
aerial vehicles (UAVs) can provide high-spatial-resolution information at the field scale
and offer new opportunities for disease monitoring in agricultural systems.

UAV-based imagery, particularly multispectral data, has emerged as a useful tool for
crop disease monitoring because it captures canopy-level spectral responses associated with
plant stress. Different machine-learning approaches have been applied to detect and classify
crop diseases using UAV data, and previous reviews have highlighted their potential for
improving agricultural monitoring [4,5]. In rice, UAV- or satellite-based imagery combined
with machine-learning approaches has been used mainly to detect or classify diseases such
as rice blast, using spectral, textural, thermal, or combined features [6–13]. Although these
studies differ from the present work in sensor type, target disease, and modeling objective,
they provide useful methodological background on the use of image-derived variables and
machine-learning approaches for rice disease assessment. The specific problem addressed
in this study is the quantitative field-scale estimation of rice brown spot severity.

Brown spot disease, caused by Bipolaris oryzae, remains a relevant constraint for rice
production because it affects leaf physiology, is associated with qualitative and quanti-
tative crop damage, and may compromise grain filling under favorable epidemic con-
ditions [14,15]. Previous studies have reported that Bipolaris oryzae infection can alter
physiological and biochemical responses in rice plants, including pigment-related changes,
which provide a biological basis for spectral disease assessment [16]. Hyperspectral studies
have demonstrated that rice brown spot severity can be estimated from leaf- and canopy-
level reflectance data, confirming that disease-induced changes are detectable in specific
spectral regions [17,18]. However, these studies have mainly relied on proximal or hyper-
spectral measurements, which provide detailed spectral information but are less accessible
for routine field-scale monitoring than UAV-derived multispectral imagery.

Although UAV- and machine-learning-based approaches have been increasingly used
for rice disease monitoring, previous studies have focused on rice blast, general disease
classification, or disease presence/absence detection [3,19–23]. Therefore, their direct
applicability to quantitative brown spot severity estimation remains limited. In addition,
spectral responses associated with disease should be interpreted within the broader context
of crop stress, because vegetation indices derived from visible, red-edge, and near-infrared
(NIR) bands are sensitive to changes in pigment concentration, canopy vigor, biomass,
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and canopy structure, which may also be influenced by phenological stage, water or
nutrient status, and crop management practices [24,25]. For this reason, UAV-derived
spectral variables should be related to field-based disease assessment and phytopathological
evidence rather than interpreted as disease-specific indicators by themselves.

Few studies have evaluated this problem under Peruvian field conditions, where
disease expression, crop management, and environmental heterogeneity may differ from
those reported in other rice-growing regions. The present study addresses this gap by
evaluating the use of UAV-acquired multispectral imagery and derived vegetation indices
for estimating field-assessed rice brown spot severity caused by Bipolaris oryzae under
contrasting rice-producing environments in northern Peru. Therefore, the objective of this
study was to estimate brown spot severity using spectral bands acquired with a UAV-
mounted multispectral sensor and vegetation indices, and to compare the performance of
SVR-rbf, SVR-linear, and RF models through leave-one-out cross-validation. Lambayeque
and Cajamarca were selected as contrasting rice-producing environments in northern Peru,
differing in agroecological setting, field conditions, and disease-establishment context.

2. Materials and Methods
2.1. Study Area

The research was carried out on two experimental plots: the first is located in the
Paredones area (Figure 1c), in the District of Chongoyape, Province of Chiclayo, in
the southeast of the Lambayeque Region at 6◦37′20′ ′ S and 79◦22′8′ ′ W at an altitude
of 250 m above sea level. During the UAV surveys, the mean temperature was 22.3 ◦C and
the relative humidity was 82%, as recorded by a portable ATMOS41 ZL6 model station.
This area is characterized by a dry season from April to October and a rainy season from
November to March. The second area is located in the Carhuaquero sector (Figure 1d),
Cajamarca Region, at 6◦27′30′ ′ S and 79◦12′03′ ′ W at an altitude of 710 m above sea level,
with a temperature of 24.7 ◦C and relative humidity of 82%. Both variables are averages
of three dates on which the drone was flown. The study areas were selected to represent
contrasting rice-producing environments in northern Peru and to ensure field feasibility
through institutional collaboration and access to experimental and commercial rice plots.

Figure 1. Study area: (a) Geographical location of Peru; (b) Lambayeque and Cajamarca regions;
(c) rice-growing areas in Paredones and (d) Carhuaquero. The red pushpins indicate the location of
the sampling points.
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2.2. Field Data Collection

The experiment was conducted in rice fields planted with the El Valor variety. Dur-
ing each monitoring campaign, 1 m-high poles were installed in the rice fields. In total,
37 sampling observations were used in the analysis. These observations were obtained from
13 sampling posts evaluated once in Paredones during the flowering stage and eight sampling
posts evaluated on three monitoring dates in Carhuaquero, corresponding to the vegeta-
tive, flowering, and milk-ripening stages. Thus, the dataset comprised 13 observations from
Paredones and 24 observations from Carhuaquero, resulting in 37 sampling observations.

In Paredones, sampling points were established in a larger commercial rice field with
an approximate area of 38,229 m2, where the available space allowed the sampling points
to be distributed across different parts of the field. In Carhuaquero, the experiment was
conducted in a smaller field with an approximate area of 2741 m2, and the sampling points
were placed to avoid overlap between the 1 m-radius sampling areas used for leaf collection
and spectral extraction. The layout was not a fully randomized experimental design; rather,
sampling points were positioned according to accessibility, plot geometry, and the need
to cover the spatial variability of crop canopy and disease occurrence. Therefore, the
sampling design should be interpreted as a field-based spatial sampling scheme rather than
a randomized block design.

The two sites differed in disease establishment conditions. In Paredones, a brown
spot occurred under natural infection in a commercial rice field, whereas in Carhuaquero,
artificial inoculation was used to ensure disease occurrence under a more controlled field
setting. The datasets from both sites were combined because the objective was not to
compare infection methods, but to develop regression models relating UAV-derived spectral
variables to field-assessed brown spot severity across a broader range of disease conditions
and phenological stages. In all cases, the response variable was the same disease severity
score, and the presence of Bipolaris oryzae was supported by field symptom assessment,
spore monitoring, and laboratory-based pathogen identification.

At the top of each 1 m-high pole, measured from the soil surface, a housing containing
four microscope slides coated with glycerine was placed to allow airborne spores to adhere
(Figure 2). The passive traps were installed close to the rice canopy to provide an integrated
indication of airborne Bipolaris oryzae inoculum around each sampling point. Representative
field photographs of the installed posts, passive spore traps, the surrounding leaf sampling
area, and UAV flight setup are provided in Figure S3. In the Paredones sector, poles with
spore traps were installed three days before the UAV flight, and the microscope slides were
collected three days after the flight. In the Carhuaquero sector, the poles were installed six
days before the UAV flight, and the slides were collected on the same day as the flight. These
exposure periods were used to accumulate detectable airborne spores around the UAV
monitoring window. Spore monitoring was used together with field symptom assessment
and laboratory identification to support pathogen presence, while UAV-derived spectral
variables were used to estimate field-assessed brown spot severity. Table 1 summarizes the
inoculation and monitoring dates for field data collection at different phenological stages.

Table 1. Field monitoring schedule, inoculation condition, number of sampling posts, and phenologi-
cal stage were evaluated in the Paredones and Carhuaquero sectors.

Sites Inoculum Date Post Installation
Date Flight Date Slide Collection

Date Number of Posts Phenological
Stages

Paredones Natural 16/04/25 19/04/25 22/04/25 13 Flowering

Carhuaquero
06 and 29/12/25 12/01/26 16/01/26 16/01/26 8 Vegetative

04/02/26 04/02/26 10/02/26 20/02/26 8 Flowering
20/02/26 26/02/26 27/02/26 8 Milk stage
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Figure 2. Spore-trapping device installed on 1 m-high poles in the rice field. The device contained
four microscope slides coated with glycerine to collect airborne fungal spores.

After collection, the housing containing microscope slides was transported in a box to
the Plant Pathology Laboratory at the Pedro Ruiz Gallo National University (UNPRG) for
analysis. Fungal spore counts were performed using a Leica DM500 optical microscope
(Leica, Heerbrugg, Switzerland). The number of spores found at each sampling point for
each sector is shown in Figure 3.

Figure 3. Number of Bipolaris oryzae conidia counted at each sampling point in the Paredones and
Carhuaquero sectors during the monitoring dates. P and CH indicate sampling points in Paredones
and Carhuaquero, respectively.

The percentage contribution of Bipolaris oryzae spores [26] was calculated using Equa-
tion (1). This calculation expresses the proportion of Bipolaris oryzae conidia relative to the
total fungal spores counted on each slide. It was used as complementary evidence of the
relative presence of the target pathogen around each sampling point.

Contribution (%) =

Total number o f colonies o f a given species
across all observations

Total number o f colonies
× 100 (1)
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For each sampling point (marker) in the Paredones sector, three rice leaves were
collected at random from each cardinal direction (E, W, N and S) at a distance of 1 m around
the marker, resulting in 12 leaves per point. Leaves from each cardinal direction were
stored in a coded airtight bag, and the four bags corresponding to one sampling point were
placed in a larger airtight bag labeled with the sampling point code. This bag was stored in
a cooler at around 4 ◦C using dry ice to preserve the symptomatic leaf tissue for disease
severity assessment and laboratory-based pathogen identification.

Lesions present on each naturally infected leaf were analyzed for pathogen identifica-
tion. Symptomatic tissues were cut into 5 mm pieces and disinfected with 1% (v/v) sodium
hypochlorite, followed by consecutive washes with previously sterilized distilled water.
The tissue fragments were cultured on Potato Dextrose Agar (PDA + chloramphenicol
250 mg) and incubated at 28 ± 1 ◦C for 7 days in the dark. Genus identification was
carried out based on macro- and microscopic characteristics, using the keys of Barnett and
Hunter [27].

As the disease does not occur naturally in the experimental area (Carhuaquero sec-
tor), the pathogen was artificially inoculated to ensure a consistent level of infection
across treatments.

To prepare the inoculum used in the Carhuaquero sector, infected tissue pieces were
placed on Petri dishes containing PDA culture medium and incubated at 28 ◦C in a Mem-
mert (IN-450) incubator at 85% relative humidity for 7 to 14 days. The conidia were
collected by flooding the plate surface with distilled water, scraping it with a metal spat-
ula, and rinsing with distilled water; finally, the washings were filtered through gauze.
Inoculation in the Carhuaquero plots was carried out by spraying the leaves with a hand
sprayer 19 days after transplanting the seedlings. The second and third inoculations were
carried out 6 and 11 weeks after transplanting, respectively.

The severity of the disease was assessed on a ten-point scale (0–9) [28], based on the
proportion of leaf area affected by brown spot lesions. The score was assigned according
to the estimated percentage of damaged leaf area; for example, Figure 4 shows represen-
tative leaves from Paredones, where sampling point P1S presented 1.06% affected leaf
area (score 1), whereas sampling point P13S presented 7.93% affected leaf area (score 5).
Figure S1 shows representative infected leaves from the Carhuaquero sector. In Carhua-
quero, severity was assessed 19 days after the second inoculation and 6 and 22 days after
the third inoculation.

Figure 4. Representative rice leaves showing different percentages of leaf area affected by brown spot
symptoms caused by Bipolaris oryzae.

Disease severity scoring was performed by trained personnel from the Plant Pathology
Laboratory of the Pedro Ruiz Gallo National University using the same 0–9 severity scale
for all samples. To improve consistency, representative leaves were checked against the
reference severity classes before assigning the final score, and the same scoring criteria were
applied across sites and monitoring dates. Although no formal inter-rater reliability statistic
was calculated, scoring consistency was supported by the use of a standardized scale,
laboratory-based pathogen identification from symptomatic tissues, and spore monitoring
at the sampling points.
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2.3. Image Acquisition

Multispectral, RGB, and thermal images of the rice fields were acquired using a DJI
Matrice 300 RTK UAV (DJI, Shenzhen, China). Multispectral imagery was collected with
a MicaSense RedEdge camera (Micasense, Seattle, WA, USA), which captures five bands:
blue, green, red, red edge, and NIR. RGB and thermal imagery were collected using the DJI
Zenmuse H20T sensor (DJI, Shenzhen, China). Before each flight, the multispectral sensor
was radiometrically calibrated using the manufacturer’s reflectance reference panel.

The UAV operated at a flight altitude of 170 m in the Paredones sector, enabling
a multispectral resolution of 12 cm pixel−1. The flight time was approximately 7 min,
with a speed of 7.7 m s−1 and frontal/lateral overlap of 80/75%. In the Carhuaquero
sector, the UAV operated at a lower altitude because the experimental area was smaller,
enabling a multispectral resolution of 1.4 cm pixel−1. The flight time was approximately
5 min, with a speed of 1.0 m s−1 and frontal/lateral overlap of 85/80%. The difference
in flight altitude was related to the size of the area covered at each site. A higher flight
altitude was used in Paredones because the commercial field covered a larger area,
whereas a lower flight altitude was feasible in Carhuaquero because the experimental
area was smaller. This resulted in different spatial resolutions between sites. To reduce
the influence of this difference on spectral extraction, spectral variables were calculated
as mean values within standardized 1 m-radius regions of interest (ROIs) around each
sampling point using radiometrically calibrated orthomosaics acquired under clear-sky
conditions.

Multispectral image preprocessing included radiometric and geometric correction
before spectral variable extraction. Orthomosaics were generated in Pix4D using the UAV
geotagged images and the real-time kinematic (RTK) positioning and ground control
point (GCP) information available for the field surveys. Geometric processing quality
was evaluated using objective quality indicators, including image alignment, reprojec-
tion error, and the spatial consistency of the generated orthomosaics. No additional
atmospheric correction model was applied; instead, spectral consistency relied on panel-
based radiometric calibration, stable illumination conditions, and the relatively short
sensor-to-target distance typical of UAV image acquisition. The calibrated orthomosaics
were then used to extract mean spectral band values and vegetation indices within the 1
m-radius ROIs around each sampling point.

Vegetation indices were calculated using the equations in Table 2. Sampling points
were marked using a circular ROI with a radius of one meter (Figure S2). To reduce local
high-frequency noise in the UAV-derived spectral layers, a two-dimensional Savitzky–
Golay smoothing filter was applied before extracting spectral values from the ROIs.
Pixels corresponding to the spore-trap structure and its immediate surroundings were
excluded from each ROI before calculating mean spectral values, to avoid contamination
of canopy reflectance by non-vegetation elements. The vegetation indices and spectral
bands for each sampling point were calculated as averages within the ROI. Figure 5
summarizes the methodological workflow used in this study.

Table 2. Vegetation indices calculated from UAV-derived multispectral bands.

Spectral Indices Calculation Formula Sources

Normalized Difference Vegetation Index (NDVI) NDVI = NIR−Red
NIR+Red [29,30]

Normalized Difference RedEdge (NDRE) NDRE =
NIR−RedEdge
NIR+RedEdge

[10,31]

Greenness Index (GI) GI = Green
Blue [29]

Plant Biomass Index (PBI) PBI = NIR
Green [32]

Ratio Vegetation Index (RVI) RVI = NIR
Red [10,33]
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Table 2. Cont.

Spectral Indices Calculation Formula Sources

Chlorophyll Index Green (CIG) CIG = NIR
Green − 1 [34]

Green Normalized Difference Vegetation Index (GNDVI) GNDVI = NIR−Green
NIR+Green [31]

Renormalized Difference Vegetation Index (RDVI) RDVI = NIR−Red√
NIR+Red

[32,35]

Normalized Pigment Chlorophyll Ratio Index (NPCI) NPCI = Red−Blue
Red+Blue [30]

Figure 5. Flowchart for disease prediction in rice fields using machine learning models and cross-
validation, employing indices and spectral bands based on UAV data.

2.4. Machine Learning Models
2.4.1. Support Vector Regression

SVMs are used for classification and regression tasks. This algorithm transforms data
from a complex space into a higher-dimensional feature space [36]. This transformation
enables the construction of a linear regression model in the new mapped feature space,
thereby facilitating more accurate predictions [37].

Support vector regression (SVR) is based on a principle similar to that of support vector
machines (SVMs), namely, finding a hyperplane that best fits a kernel-induced feature
space, yielding better generalization performance than using the original features [38].

In this study, SVR models were implemented with linear and radial basis function
(rbf) kernels. For both kernels, the regularization parameter was set to C = 1, epsilon was
set to 0.1, and the tolerance was set to 0.001. Predictor selection was performed using
Sequential Forward Selection (SFS), with leave-One-Out Cross-Validation (LOOCV-RMSE)
as the optimization criterion. At each iteration, the candidate variable that produced the
greatest reduction in LOOCV-RMSE was added to the model, and the subset with the
lowest LOOCV-RMSE was retained. The SVR and SFS procedures were implemented in
Python (Version 3) using the scikit-learn and mlxtend packages.
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2.4.2. Random Forest Regression

Random Forest regression (RF), proposed by Breiman (2001) [39], is an ensemble
learning technique that combines the effectiveness of decision trees with randomness. It
constructs a large number of decision trees using random subsets of the training data and
randomly selected subsets of the input variables. Each decision tree makes independent
predictions, and the final prediction is obtained by averaging across all trees [40]. Its
effectiveness lies in its robustness to high-dimensional data and outliers [41]. Due to its
robustness, it is used for classification and regression [11]. In agricultural applications, the
RF model demonstrated greater accuracy in identifying areas affected by rice false smut, a
fungal disease of rice panicles caused by the ascomycete fungus Ustilaginoidea virens [42].
In predicting the severity of late blight in potato crops, using multispectral images obtained
by UAV, RF showed remarkably good performance [43].

In this study, the RF model was implemented in Python using the scikit-learn package.
Hyperparameter tuning was performed using grid search, with LOOCV-RMSE as the op-
timization criterion. The evaluated hyperparameters were the number of trees, maximum
tree depth, and the number of predictors considered at each split. The number of trees was
evaluated from 1 to 180, the maximum tree depth from 3 to 20, and max_features from 2 to 16.

2.5. Feature Selection and Multicollinearity Assessment

Feature selection was performed using SFS. The procedure started with an empty
predictor set and iteratively added the candidate variable that produced the largest reduc-
tion in LOOCV-RMSE. At each iteration, model performance was evaluated using RMSE
as the selection criterion. The process continued until all candidate variables had been
evaluated, and the subset with the lowest LOOCV-RMSE was retained as the optimal
feature combination. To assess multicollinearity among candidate predictors, the variance
inflation factor (VIF) was calculated before model fitting.

2.6. Validation Methods

To evaluate model performance in estimating rice brown spot severity at the canopy
level, the coefficient of determination (R2), root mean square error (RMSE), and relative
root mean square error (rRMSE) were calculated. Model performance was assessed using
LOOCV [31], in which each observation was used once as the validation sample and the
remaining observations were used for training. To reduce the risk of data leakage, SFS-
based feature selection was performed within the LOOCV procedure. In each iteration,
feature selection and model fitting were performed using only the training observations,
and the fitted model was then used to predict the held-out observation.

R2 = 1 −
∑n

j=1
(
Yj − Ŷj

)2

∑n
j=1

(
Yj − Ŷ

)2 (2)

RMSE =

√
∑n

j=1
(
Yj − Ŷj

)2

n
(3)

rRMSE =
RMSE

Y
× 100 (4)

where n is the total number of sampling points; Yi and Ŷj denote the jth measured and
predicted values of rice disease, respectively; Y is the average of the severity levels.
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3. Results
3.1. Correlation Coefficient

Table 3 presents the Pearson correlation analysis between the severity of rice brown
spot caused by Bipolaris oryzae and various vegetation indices and spectral bands for
the phenological stages of the vegetative, flowering, and milk-ripening stages. Pearson
correlation was used as an exploratory measure of linear association because the 0–9
severity score was treated as an ordered numerical response in the regression analysis. The
correlations were calculated using the complete dataset of 37 sampling observations from
both study sites and all evaluated growth stages. This pooled analysis was used to describe
the overall association between UAV-derived spectral variables and field-assessed rice
brown spot severity, because the number of observations within each site or growth stage
was limited. Statistical significance was interpreted using p < 0.05 as the general threshold,
and additional significance levels were indicated in Table 3 for clarity (ns, p ≥ 0.05; *,
p < 0.05; **, p < 0.01; ***, p < 0.001). Table 3 shows that a group of indices exhibited
strong and highly significant negative correlations (p < 0.001) with the severity level, in
particular the NDRE (r = −0.83), GNDVI (r = −0.82), NDVI (r = −0.80), PBI (r = −0.74),
CIG (r = −0.74), RVI (r = −0.73), RDVI (r = −0.67), GI (r = −0.57) and NIR (r = −0.52).
In contrast, the NPCI (r = 0.77, p < 0.001) and the RED spectral band (r = 0.60, p < 0.001)
showed positive and highly significant correlations with severity. Meanwhile, the GREEN
spectral band (r = 0.37, p < 0.05) and the percentage incidence of spores (CON, r = 0.40,
p < 0.05) showed positive correlations with severity. However, the RED EDGE (r = 0.30,
ns) and BLUE (r = 0.18, ns) spectral bands showed a very weak positive correlation with
severity levels.

Table 3. Pearson correlation coefficients between spectral variables, conidial counts, and rice brown
spot severity during 2025–2026.

Spectral Variable Correlation Coefficient (r) p-Value

NDRE −0.83 *** 0.0000

GNDVI −0.82 *** 0.0000

NDVI −0.80 *** 0.0000

CIG −0.74 *** 0.0000

PBI −0.74 *** 0.0000

RVI −0.73 *** 0.0000

RDVI −0.67 *** 0.0000

GI −0.57 *** 0.0002

NIR −0.52 *** 0.0009

NPCI 0.77 *** 0.0000

RED 0.60 *** 0.0001

GREEN 0.37 * 0.0256

CON 0.40 * 0.0140

RED EDGE 0.30 ns 0.0758

BLUE 0.18 ns 0.2848
Note: ns is not significant at the p ≥ 0.05 level; * is significantly correlated at the p < 0.05 level; and *** is
significantly correlated at the p < 0.001 level.
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3.2. Rice Disease Prediction Models Using Support Vector Regression (SVR)

Predictive models for rice brown spot severity were developed using SVR. To construct
the models, SVR was combined with SFS, which starts with an empty predictor set and
iteratively adds the variable that most improves model performance. The reported cross-
validated performance was obtained using the LOOCV procedure described in Section 2.6,
in which feature selection was performed within each training fold to reduce the risk of
data leakage.

Figure 6 shows the SFS process used to identify the predictor subsets for the SVR-rbf
and SVR-linear models. The procedure started with an empty predictor set and added one
variable at each iteration according to the reduction in LOOCV-RMSE. Therefore, the x-axis
represents the number of variables included in the model, whereas the y-axis represents
the corresponding cross-validated RMSE. The selected subset was the one with the lowest
LOOCV-RMSE. For SVR-rbf, the lowest error was obtained using NDRE alone, whereas for
SVR-linear, the lowest error was obtained using NDRE, GREEN, and BLUE. These results
indicate that adding more variables did not further improve the cross-validated prediction
error under the available dataset. Thus, the selected subsets were retained because they
achieved the minimum LOOCV-RMSE among the evaluated SFS candidate subsets, rather
than because of their individual correlations alone.

Figure 6. Evolution of the root mean square error (RMSE) as a function of the number of fea-
tures selected using SFS for (a) SVR-rbf and (b) SVR-linear during the vegetative, flowering and
milk-ripening stages. The selected predictor subset in each case is indicated, together with the
corresponding selected variables.

The multicollinearity assessment showed redundancy among several vegetation in-
dices, particularly between NDRE and NDVI. However, the SFS procedure did not retain
both variables in the selected SVR predictor subsets. This indicates that NDRE provided
sufficient predictive information without the simultaneous inclusion of NDVI, reduc-
ing redundant spectral information while preserving the physiological relevance of the
selected predictors.

The scatter plots in Figure 7 illustrate the relationships between observed and predicted
severity levels for the SVR-rbf and SVR-linear models, selected using SFS. During the
vegetative, flowering, and milk-ripening stages of rice, the SVR-rbf model incorporated the
NDRE variable, achieving R2_CV = 0.75, RMSE_CV = 1.34, and rRMSE_CV = 35.45%. Under
the same conditions, the SVR-linear model selected the variables NDRE, GREEN, and BLUE,
achieving an R2_CV = 0.76, an RMSE_CV = 1.31, and an rRMSE_CV = 34.85%. Although the
BLUE band showed a weak and non-significant individual correlation with disease severity
(r = 0.18; Table 3), it was retained in the optimal SVR-linear model after NDRE and GREEN
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were included. This result indicates that BLUE did not act as an independent univariate
predictor, but provided complementary information in the multivariate feature space. In
SFS, variables are selected according to their contribution to reducing the LOOCV-RMSE of
the complete model rather than according to their individual Pearson correlation with the
response variable. Therefore, the inclusion of BLUE suggests that this band contributed
to improving prediction when combined with NDRE and GREEN, possibly by capturing
residual spectral variability not represented by the red-edge and green-related predictors.
However, this result should be interpreted as model-dependent and not as evidence that
BLUE alone is a strong disease-severity indicator. In both models, the points lie close to the
1:1 reference line, indicating a relationship between the observed and predicted severity
levels. Although the SVR-linear model showed the lowest RMSE_CV, the differences among
SVR-linear, SVR-rbf, and RF were small. Therefore, the results should not be interpreted
as evidence of clear superiority of one algorithm, but rather as an indication that the
evaluated models achieved comparable predictive performance under the available dataset.
These results indicate that UAV-derived spectral variables provided useful but moderate
predictive information for estimating field-assessed rice brown spot severity under the
evaluated conditions. However, because the models were developed from a limited dataset,
their performance should be interpreted as preliminary and requires validation with larger
independent datasets.

Figure 7. Relationship between observed and predicted rice brown spot severity levels caused by
Bipolaris oryzae for the best-performing models, selected using SFS: (a) SVR-rbf and (b) SVR-linear,
both at the vegetative, flowering and milk-ripening stages.

3.3. Random Forest Model for Predicting Rice Disease

An RF model was constructed to predict rice brown spot severity during the vegetative,
flowering and milk-ripening stages in 2025 and 2026. The analysis was based on a total
of n = 37 sampling points.

The RF model was tuned by evaluating the number of trees and the subset of spectral
predictors. Figure 8a shows the out-of-bag (OOB) error as the number of trees increased;
the error stabilized after the initial trees, and the best configuration was obtained with
161 trees. Figure 8b shows the feature-selection process based on LOOCV-RMSE, where
predictor subsets were evaluated according to their contribution to reducing cross-validated
error. The RF predictor subset was selected at the point where LOOCV-RMSE reached
its minimum, indicating that larger subsets did not provide a clear additional reduction
in prediction error. Figure 8c shows the relative importance of the predictors in the final
RF model, expressed as percentage increase in mean squared error (%IncMSE). Higher
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%IncMSE values indicate that permuting that predictor caused a larger decrease in model
performance, suggesting a greater contribution to the RF prediction.

Figure 8. RF model for predicting rice brown spot severity during the vegetative, flowering and milk-
ripening stages (2025–2026) using vegetation indices and spectral bands: (a) out-of-bag error (OOB),
(b) feature selection using Leave-One-Out cross-validation (RMSE) and (c) predictor importance.

Figure 9 shows the predicted disease severity levels in rice fields compared with the
measured severity levels.

Figure 9. Predicted versus observed disease severity levels in rice fields for the RF model, using
vegetation indices and spectral bands during the vegetative, flowering and milk-ripening stages in
2025–2026.
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At the vegetative, flowering, and milk-ripening stages, the RF model based on in-
dices and spectral bands achieved moderate predictive performance, with a coefficient of
determination (R2_CV) of 0.75, an RMSE_CV of 1.34, and an rRMSE (%) of 35.60%.

Table 4 summarizes the performance of the disease prediction models using two
machine-learning approaches: SVR and RF. The models obtained were validated using
LOOCV. For the RF model, the OOB error was used to evaluate the number of trees, whereas
LOOCV-RMSE was used for predictor subset selection and model comparison.

Table 4. Performance of the machine learning models for predicting rice brown spot severity
during the vegetative, flowering, and milk-ripening stages for 2025–2026, using leave-one-out
cross-validation.

Machine Learning
Models

Leave–One-Out Cross Validation (LOOCV)

R2_CV RMSE rRMSE (%)

Support Vector
Regression (SVR-rbf) 0.75 1.34 35.45

Support Vector
Regression

(SVR-linear)
0.76 1.31 34.85

Random Forest (RF) 0.75 1.34 35.60

According to Table 4, the three models showed comparable predictive performance.
The SVR-linear model presented the slightly lowest RMSE_CV (1.31) and highest R2_CV
(0.76), whereas SVR-rbf and RF showed very similar results (R2_CV = 0.75; RMSE_CV = 1.34).
However, the rRMSE values were close to 35% in all models, indicating moderate prediction
error. Therefore, the small differences among models should be interpreted cautiously, and
the results should be considered as preliminary evidence of the potential of UAV-derived
multispectral variables for brown spot severity estimation rather than as evidence of strong
prediction ability.

4. Discussion
4.1. Relationship Between Vegetation Indices and Disease Severity

UAV-based remote sensing has been increasingly used for rice disease monitoring [8,10,32],
and the results of this study suggest that UAV-derived multispectral variables can also provide
useful information for estimating rice brown spot severity under field conditions.

Rice brown spot disease, caused by Bipolaris oryzae, induces a series of changes in
physiological and biochemical parameters [16]. In the present study, rice plants inocu-
lated with the fungus Bipolaris oryzae experienced biotic stress, which may affect normal
development and contribute to reductions in green leaf area and biomass. These responses
are consistent with Almeida et al. [16], who reported reductions in photosynthetic pig-
ments and alterations in physiological performance in rice plants exposed to drought
stress and Bipolaris oryzae infection. From a remote-sensing perspective, such physiological
changes can modify canopy reflectance mainly in the visible, red-edge, and NIR regions
because plant diseases and stress alter pigment concentration, photosynthetic activity, and
leaf/canopy structure [44]. Chlorophyll loss associated with disease stress can reduce
light absorption in the red region, which may increase red reflectance, whereas necrotic
lesions, changes in leaf internal structure, and reductions in green leaf area can affect NIR re-
flectance [17,45]. The red-edge region is particularly sensitive to canopy chlorophyll-related
properties, and red-edge-based indices have shown strong performance for estimating
crop chlorophyll and nitrogen content [46]. In addition, changes in plant pigments can be
sensitively detected using UAV-based hyperspectral data, as reported by Feng et al. [35].
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Therefore, the negative correlations observed for NDRE, NDVI, GNDVI, RVI, and NIR,
and the positive correlations observed for NPCI and RED, are biologically consistent with
disease-induced pigment degradation, photosynthetic impairment, and structural dam-
age in infected rice plants. Although these spectral responses are biologically consistent
with brown spot-induced damage, they should be interpreted together with field severity
assessments, spore monitoring, and pathogen identification, because similar changes in
pigment concentration, canopy vigor, biomass, and leaf/canopy structure may also occur
under other stress conditions.

The NDRE index showed the strongest negative correlation with disease severity
(r = −0.83; Table 3). This response is mechanistically plausible because the red-edge
region is highly sensitive to variations in chlorophyll content and canopy vigor. As brown
spot severity increases, chlorophyll degradation and lesion expansion reduce the spectral
contrast captured by NDRE, leading to lower NDRE values in more severely affected
plants [47].

High NDVI values were associated with low levels of brown spot disease severity,
resulting in a negative correlation of −0.80 (Table 3). Zhang et al. [48] reported a similar
result when they analyzed the relationship between disease severity and NDVI, enabling
quantification of disease severity levels in rice field plots.

Healthy vegetation reflects more NIR radiation and absorbs more red light, resulting
in high RVI reflectance ratios (RVI = NIR/RED) [49,50]. Another index that correlated
negatively with disease severity is the RVI (r = −0.73). This is because brown spot disease
alters the pigmentation and structure of leaves, thereby changing the reflectance properties
of infected plants. Consequently, diseased plants may exhibit lower RVI values than healthy
plants [49,50].

Meanwhile, the NPCI (r = 0.77) showed a positive correlation with disease severity.
According to Peñuelas et al. [51], the NPCI acts as a rough estimate of the ratio between
total pigments and chlorophyll a, and the NPCI decreases in healthy plants and increases in
stressed plants, as observed in this study. The NPCI proved suitable for assessing different
levels of infection in wheat; however, the index’s performance varies considerably across
different growth stages [48].

The RED spectral band showed a positive correlation with disease levels (Table 3),
whilst the NIR spectral band showed a negative correlation. In previous studies [8], it was
observed that as the degree of infection by Pyricularia increased, reflectance values in the
RED spectral band increased. Although spectral bands exhibit variable responses to the
physiological and biochemical properties of plants, the values in the RED and RED EDGE
regions proved to be the most sensitive to diseases such as Pyricularia, tungro, and bacterial
blight of rice, caused by viruses, bacteria, and fungi [52].

4.2. Performance of Machine Learning Models

The results of this study indicate that UAV-derived spectral bands and vegetation
indices can provide useful information for estimating the severity of rice brown spot
caused by Bipolaris oryzae during the vegetative, flowering, and milk-ripening stages.
The support vector regression model with a linear kernel (SVR-linear), validated using
LOOCV, showed the slightly lowest prediction error (R2_CV = 0.76), followed by the
SVR-rbf model (R2_CV = 0.75). The absence of NDVI from the best-performing SVR
models may be explained by its redundancy with NDRE. Although both indices were
strongly correlated with disease severity, NDRE showed the strongest association and
provides red-edge information that is more directly related to chlorophyll-sensitive canopy
responses. Therefore, the SFS procedure favored NDRE over NDVI, reducing redundant
spectral information while preserving the physiological relevance of the selected predictors.

https://doi.org/10.3390/drones10070495

https://doi.org/10.3390/drones10070495


Drones 2026, 10, 495 16 of 21

Saeed et al. [53] demonstrated that SVM-rbf was the best algorithm for predicting the geo-
graphical origin of white rice among the various algorithms tested, achieving an accuracy
of 0.99 in LOOCV. A key advantage of SVM is its ability to generalize from small
datasets [54]. However, Zhao et al. [8] reported that the SVM algorithm did not yield
the best results for detecting Pyricularia disease in rice. Furthermore, the RF model reached
an R2_CV of 0.75 (Table 4), with an RMSE of 1.34, slightly higher than that of the SVR-
linear model, indicating comparable performance. Tripathi et al. [55] found that among
all models, the RF model achieved the highest accuracy in predicting rice yield, with an
RMSE of 0.27 t ha−1. Similar findings were reported by Quille-Mamani et al. [31], who
integrated vegetation and texture indices to forecast rice yield at different phenological
stages. The integration of spectral and textural features derived from UAV multispectral
imagery has been reported to improve rice disease detection [11]; therefore, future studies
should evaluate whether textural features can improve brown spot severity estimation.

Previous remote-sensing studies on rice brown spot have mainly relied on hyperspectral
reflectance measured at the leaf or canopy scale. Liu et al. [17] reported high prediction accu-
racy for brown spot severity using leaf-level hyperspectral data, with validation RMSE values
as low as 2.0% for partial least-squares regression and 5.8% for stepwise regression. Similarly,
Liu et al. [45] characterized brown spot severity using laboratory and field hyperspectral
reflectance data, confirming the sensitivity of spectral information to disease-induced canopy
changes. Compared with these studies, the present work achieved moderate predictive perfor-
mance at the field scale (SVR-linear: R2_CV = 0.76; RMSE_CV = 1.31) using bands extracted
from UAV-acquired multispectral imagery and vegetation indices under field conditions. This
difference is expected because hyperspectral measurements provide many narrow bands and
are often acquired under more controlled conditions, whereas UAV multispectral imagery uses
fewer broad bands and is more affected by field heterogeneity, canopy structure, illumination,
spatial resolution, and geolocation uncertainty. Therefore, the main advantage of this study is
not higher accuracy than leaf-level hyperspectral approaches, but its field-scale applicability
using UAV multispectral imagery and a reduced set of predictors.

Classification results from previous studies should not be directly compared with
the regression metrics reported in this study. Many rice disease studies report accuracy,
precision, recall, or F1-score because they classify healthy and diseased plants or disease
categories. In contrast, this study estimated brown spot severity on a 0–9 scale using
regression models and evaluated performance using R2_CV, RMSE_CV, and rRMSE_CV.
Therefore, classification studies were used only as methodological context, not as direct
benchmarks for model performance.

Comparisons with previous studies should be interpreted cautiously because several
cited works differ from the present study in target disease, sensor type, crop, spatial scale,
or prediction objective. Studies on rice blast, false smut, other crop diseases, hyperspectral
data, or satellite imagery provide useful methodological context, but their accuracy metrics
are not directly comparable with those obtained here for UAV-based estimation of rice
brown spot severity. Therefore, these studies were used mainly to support the broader
remote-sensing and machine-learning framework for crop disease assessment, whereas the
specific contribution of this work is the field-scale estimation of Bipolaris oryzae severity in
rice using UAV-derived multispectral variables under Peruvian conditions.

4.3. Study Limitations and Future Research

Despite the promising associations observed between UAV-derived spectral variables
and field-assessed brown spot severity, the results should be interpreted cautiously. The
predictive performance obtained in this study reflects the combined influence of disease
symptoms, canopy condition, phenological stage, site-specific management, image resolu-
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tion, and field-assessment uncertainty. Therefore, the models should not be interpreted as
fully transferable diagnostic tools, but as preliminary field-scale models developed under
the specific conditions evaluated in this study.

One important limitation is that the dataset combined observations from different
phenological stages, including vegetative, flowering, and milk-ripening stages. This may
have affected model robustness because the spectral characteristics of cereal crops change
dynamically during growth [51].

Model uncertainty may also be associated with differences in disease occurrence con-
ditions between the two study areas and with the interaction between host resistance and
crop management. The experiment was conducted on the El Valor variety, which is resistant
to pests and fungal diseases. This resistance may have limited symptom development and
reduced the spectral contrast between healthy and infected plants, particularly under low
disease pressure. In Paredones, brown spot occurred under natural infection conditions
in a commercial rice field, where fungicide applications were used as part of standard
crop management to control the disease and prevent yield decline. Consequently, no
symptoms were observed at six sampling points, whereas mild infection was observed at
seven points. In contrast, the Carhuaquero experiment involved artificial inoculation under
a more controlled field setting and showed a wider severity range, from 2 to 9. Despite
differences in infection conditions between sites, symptom expression was consistent with
the characteristic brown spot symptoms associated with Bipolaris oryzae, and pathogen pres-
ence was supported by spore monitoring and laboratory identification. Therefore, disease
severity assessments from both sites were considered to reflect the same host–pathogen
interaction and were used jointly for model development. The datasets from both sites
were combined to increase the range of field-assessed brown spot severity available for
model development, rather than to compare natural infection and artificial inoculation as
separate treatments. However, these contrasting disease conditions may have increased the
heterogeneity of the spectral–severity relationships used for model training. In addition,
the UAV flight altitude differed between sites because the area covered in Paredones was
substantially larger than that in Carhuaquero, resulting in different spatial resolutions that
may have affected the spectral information extracted within the 1 m-radius ROIs.

Field survey uncertainty should also be considered because disease severity was
visually assessed on leaves and may be affected by observer judgment, lesion distribution
within the canopy, and the representativeness of the sampled leaves around each post.

The rRMSE values of approximately 35% indicate moderate prediction error, which
limits the strength of the conclusions that can be drawn from the models. The limited
number of sampling observations (n = 37) is another important constraint, because small
datasets can increase model instability and limit the generalizability of machine-learning
results. Although LOOCV was used to maximize the use of the available data and provide
an internal estimate of predictive performance, it does not replace validation with indepen-
dent field data. Therefore, although the proposed models show potential for estimating
brown spot severity under field conditions, their predictive capacity should be interpreted
as preliminary. This limitation should be interpreted in light of the limited sample size, site
heterogeneity, differences in spatial resolution, and possible field-assessment uncertainty.

Therefore, the current models should not be considered ready for operational disease
management or direct decision-making in precision agriculture. Their use should remain
limited to exploratory plot-level severity estimation until they are validated with larger,
independent, and more representative datasets. Future research should include larger
datasets, more balanced severity levels, standardized flight heights, independent validation
fields, repeated severity assessments, and complementary predictors such as textural and
thermal features to improve model robustness and transferability.
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Another source of uncertainty is that the spectral indices used in this study are sensitive
to general crop stress rather than exclusively to brown spot infection. Therefore, the disease
effect could not be fully isolated from crop stage, site-specific conditions, water or nutrient
status, and fungicide effects under the field-based design used in this study. Instead, the
interpretation of the spectral response as related to brown spot severity was supported
by three lines of evidence: field-based severity scoring using a standardized 0–9 scale,
spore monitoring at the sampling points, and laboratory-based identification of Bipolaris
oryzae from symptomatic tissues. In addition, all observations corresponded to the same
rice variety, which reduced varietal variability. However, vegetation indices based on
visible, red-edge, and NIR reflectance are commonly associated with changes in chlorophyll
content, canopy vigor, biomass, and structural properties, which may also be affected
by phenological stage, water or nutrient status, and crop management practices [44,56].
Although disease severity was assessed in the field and symptomatic tissues were used
for pathogen identification, spectral responses may also have been influenced by these
non-disease factors. Therefore, the models should be interpreted as tools for estimating
field-assessed brown spot severity under the evaluated conditions, rather than as disease-
specific diagnostic models able to isolate Bipolaris oryzae effects from all other stress factors.
Future studies should include controlled treatments, independent validation fields, and
complementary variables such as soil moisture, nutrient status, thermal information, and
management records to better separate disease effects from other sources of crop stress.

5. Conclusions
• In this study, UAV multispectral imagery was used to estimate the field-scale severity of

rice brown spot caused by Bipolaris oryzae. Several vegetation indices and spectral bands
were evaluated as predictors across the vegetative, flowering, and milk-ripening stages.

• Among the evaluated models, SVR-linear showed the slightly lowest prediction error
with NDRE, GREEN, and BLUE selected as the most relevant predictors. However, the
performance of SVR-linear, SVR-rbf, and RF was very similar, and the rRMSE values of
approximately 35% indicate moderate prediction error. Therefore, the results should
be interpreted as preliminary evidence that UAV-derived multispectral information
can support plot-level estimation of rice brown spot severity, rather than as evidence
of strong predictive accuracy.

• The models were evaluated using LOOCV, which was appropriate for maximizing the
use of the available data given the limited number of sampling observations. However,
because the dataset comprised only 37 sampling observations and no independent
external validation was performed, the reported performance should be interpreted
as preliminary and should not be considered evidence of full model robustness or
broad transferability.

• These findings directly address the limitations of conventional disease monitoring,
which is labor-intensive, time-consuming, and spatially discontinuous. In prac-
tical terms, spatial outputs derived from this type of model could support tar-
geted field scouting and, after further validation, precision-management actions
such as prioritizing areas for phytosanitary intervention or guiding variable-rate
fungicide application.

• The main limitations of this study include the limited sample size, the combination of
different growth stages, contrasting field conditions between sites, different disease
establishment conditions, and unbalanced disease severity levels. Therefore, practical
implementation requires further research with larger datasets, independent validation
fields, and more balanced disease severity gradients to improve model robustness,
transferability, and operational applicability.
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quero sector; Figure S2: workflow for extracting mean spectral variables in the vicinity of each
post; Figure S3: representative images of fieldwork showing the installed posts, spore traps, the leaf
sampling area, and the UAV flight configuration.
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