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Abstract: Plants respond to biotic and abiotic pressures by changing their biophysical and
biochemical aspects, such as reducing their biomass and developing chlorosis, which can be readily
identified using remote-sensing techniques applied to the VIS/NIR/SWIR spectrum range. In the
current scenario of agriculture, production efficiency is fundamental for farmers, but diseases such
as target spot continue to harm soybean yield. Remote sensing, especially hyperspectral sensing,
can detect these diseases, but has disadvantages such as cost and complexity, thus favoring the use
of UAVs in these activities, as they are more economical. The objectives of this study were: (i) to
identify the most appropriate input variable (bands, vegetation indices and all reflectance ranges)
for the metrics assessed in machine learning models; (ii) to verify whether there is a statistical
difference in the response of NDVI (normalized difference vegetation index), grain weight and yield
when subjected to different levels of severity; and (iii) to identify whether there is a relationship
between the spectral bands and vegetation indices with the levels of target spot severity, grain
weight and yield. The field experiment was carried out in the 2022/23 crop season and involved
different fungicide treatments to obtain different levels of disease severity. A spectroradiometer and
UAV (unmanned aerial vehicle) imagery were used to collect spectral data from the leaves. Data
were subjected to machine learning analysis using different algorithms. LR (logistic regression) and
SVM (support vector machine) algorithms performed better in classifying target spot severity levels
when spectral data were used. Multivariate canonical analysis showed that healthy leaves stood out
at specific wavelengths, while diseased leaves showed different spectral patterns. Disease detection
using hyperspectral sensors enabled detailed information acquisition. Our findings reveal that
remote sensing, especially using hyperspectral sensors and machine learning techniques, can be
effective in the early detection and monitoring of target spot in the soybean crop, enabling fast
decision-making for the control and prevention of yield losses.

Keywords: disease monitoring; classification analysis; machine learning; precision agriculture;
remote sensing
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1. Introduction

The monitoring and mapping of crops on a large scale are essential to assist in
management and decision-making in various crops, thus improving production efficiency
in a more technological way [1,2]. In this context, remote sensing is an effective strategy,
allowing better precision in agricultural monitoring, especially in the health of crops, such
as soybeans, which are regularly affected by foliar diseases [3], which lead to irreversible
economic damage.

One of the diseases that affects the soybean [Glycine max (L.) Merril] is target spot
(Corynespora cassiicola), which has become increasingly prominent since 2010 due to the
use of sensitive cultivars and loss of sensitivity to regulated fungicides. Several resistant
strains of the fungus have emerged in recent years, increasing its spread and making
control difficult, generating economic losses in several soybean production areas [4]. Some
recent studies have reported yield losses of up to 24%. Among the factors that increase its
importance, its ability to survive in crop residues has a major impact [5]. Another aspect
of great importance for this disease is its host range, of which 530 plant species have been
reported [6-9].

Plants respond to biotic and abiotic pressures by changing their biophysical and
biochemical aspects, such as reducing their biomass and developing chlorosis, which can
be readily identified using remote-sensing techniques applied to the visible, near-infrared
and shortwave infrared spectrum range (VIS/NIR/SWIR) [10]. The early identification of
crop diseases offers adequate time to control potential epidemics and minimize yield
losses. In view of this, professionals in precision agriculture persist in the search for
innovative and economical solutions that easily and effectively address disease detection
[11]. Due to advances in technology, increasingly smaller, lighter and cheaper sensors
have become available for remote-sensing drone applications. In the literature, it is
possible to find detailed introductions to various drone remote-sensing systems [12,13].

A more sophisticated imaging technique, called hyperspectral imaging, uses
reflectance data collected over a wide spectral range, usually between 350 and 2500 nm,
in order to reconstruct a spatial representation of the plant leaf under analysis through
highly specialized image processing procedures. Although the use of hyperspectral data
is an extremely informative approach that enables the detection of a wider range of plant
diseases compared to RGB imaging, it does have some disadvantages, including high
costs, longer data acquisition periods and complex data analysis, especially in situations
where rapid responses or extensive assessment of large areas are required [14]. In this
sense, using machine learning techniques allied to remote sensing enables technological
advances in the agricultural environment in crop monitoring, especially in phytosanitary
aspects. The authors of [15] recommend the processing of sensor data by using machine
learning for fast and accurate classification in crop diseases.

The hypothesis of this study is that it is possible to diagnose the occurrence of target
spot on soybean leaves using hyperspectral and multispectral sensors, and to analyze the
relationship between these spectral characteristics and the crop yield. The objectives of
this study were: (i) identify spectral differences between target spot disease severity levels;
(if) investigate the relationship between disease severity levels and multi- and
hyperspectral data; (iii) identify the best input that guarantees the best performance of
machine learning algorithms between multi- and hyperspectral data.

2. Materials and Methods
2.1. Study Area

The study was carried out in the 2022/2023 crop season at Fazenda Nova Franga, at
the geographical coordinates of 53°06'40.09" W, 18°16'06.01" S, in the municipality of Costa
Rica, State of Mato Grosso do Sul, Brazil (Figure 1). According to Koppen classification, the
region’s climate is tropical humid (Aw), with a rainy season in summer and a dry season
in winter. The soil is classified as dystrophic Red Latosol with a very clayey texture [16].



AgriEngineering 2024, 6

332 of 343

Rainfall (mm)

140
120
100
80
60
40
20
0

I .,

60°W 45°W

T}/M

, B R
A ;/f/ T
3 Costa Rica
[ Mato Grosso do Sul [ 05850 - 08228 _—
[ Brazil w [ 0.8229-0.8834
s

.‘f 0.8835-0.9100 = ’(‘
- 0.9101-0.9277
60°W 45°W I 0927809617

D)

15°S

Sa0!

30°S

(A)

Figure 1. Location of the study area (A), equipment used in hyper (B) and multispectral (C) imagery,
and diagram of the map of target spot severity obtained from NDVI index (D).

Figure 2 shows the climatic conditions of the experiment throughout the soybean
crop cycle. The average temperature throughout the cycle was 21.39 °C and the average
rainfall was 26.22 mm. There was a higher rainfall rate close to 40 days after plant
emergence and mild temperatures, which favored the incidence of the disease and, as
desired, provided suitable conditions for the treatments.
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Figure 2. Average rainfall and temperature conditions during the experiment.

The experiment was carried out in an area that had cotton (Gossypium hirsutum L.) as
a previous crop. Data obtained from the chemical analysis of the soil are shown in Table
1. Fertilization together with sowing was carried out by applying 171 kg ha of NPK
formulate 06-35-06 and 83 kg ha™ of potassium chloride before sowing. Sowing was
carried out on 15 October 2022, using the M 5947 IPRO soybean cultivar, which has
INTACTA RR2 PRO technology and a relative maturity of 5.9, considered super early
(3Tentos, Barbara do Sul, Brazil). The sowing density adopted was eighteen plants m! and
an initial population of 377,774 plants ha™. The seedlings emerged on 20 October 2022.
During the experiment, all the cultural treatments and phytosanitary management were
carried out according to recommendations for the crop, except for the application of
fungicides, which was carried out according to the treatments [17]. The plots were
composed of seven rows spaced 0.45 m apart and 5.5 m long, giving a total area of 17.3
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m?. The useful area used for data collection was 4.0 m of the two central rows of each plot,
totaling 3.6 m2.

Table 1. Chemical properties of the soil in the experimental area.

pH H+Al Ca Mg Al CEC B Cu Fe Mn Zn K P OM Clay V m

cmolc dm mg dm g dm? %

53 4.6 55 17 005 120 033 14 450 166 52 970 374 36.1 67 60.2 0.8
pH CaClz; H + Al: potential acidity; Ca: calcium; Mg: magnesium; Al: aluminum; CEC: cation ex-
change capacity; B: boron; Cu: copper; Fe: iron; Mn: manganese; Zn: zinc; K: potassium; P: phos-
phorus (Mehlich); OM: organic matter; Clay: soil clay content; V: base saturation; m: aluminum sat-
uration.

2.2. Experimental Design

Four experimental plots were set up per treatment, in which the plants were treated
with different fungicides, where we considered Treatment 1 to be 50% of the leaf area
damaged by the disease where no fungicide was applied. We chose Treatment 2 with 25%
of the leaf area damaged, where Pyraclostrobin + Fluxapiroxad (116.55 + 58.45 g of active
ingredient per ha') was applied, and Treatment 3 with healthy leaves, without symptoms
of the disease, obtained by spraying Azoxystrobin + Prothioconazole + Mancozeb (75 +
1050 + 75 g of active ingredient per ha). These sprayings were carried out at intervals (15
days after application—DAA) starting at 30 days after emergence (DAE), adding up to 3
applications over the crop cycle. The spraying of each treatment was carried out with the
aim of inducing the onset of the disease for spectral measurement of severity levels.

On 18 January 2023, when the crop was in phenological stage R5.5 (grain filling—76
to 100% graining—in one of the four upper nodes on the main stem), the leaves were col-
lected from the plots of the different treatments, where 100 healthy leaflets, 100 leaflets
with 25% severity and 100 leaflets with 50% severity were obtained (Figure 3), based on
the diagrammatic scale drawn up by [18]. These samples were identified and transported
in a polystyrene box from the field to the laboratory so that the turgidity of the leaflets
was maintained.

jii (A)»

Figure 3. Healthy leaves (A), leaves with 25% target spot severity (B), and leaves with 50% target
spot severity (C).

2.3. Spectral Analysis

The hyperspectral sensor analyses of each soybean leaf sample were carried out in
the laboratory of the Federal University of Mato Grosso do Sul (campus of Chapadao do
Sul), Brazil, using the FieldSpec 4 HRes spectroradiometer from Analytical Spectral De-
vices (ASD, London, UK). This equipment can carry out spectral measurements over a
wide range from 350 to 2500 nm. Readings were recorded with an interval of 1.4 nm in the
50 to 1050 nm range and 2 nm in the 1000 to 2500 nm range. The samples were measured
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using the optional ASD Plant Probe reader (ASD, London, UK). One of the main ad-
vantages of this option is that the spectral reading is not affected by the ambient light.
Using recommendations from [19], the spectral reading peaks related to the main plant
physiological characteristics and are described in Table 2.

Table 2. Spectral band center as a function of plant characteristics.

Spectral Band Center (nm) Plant Physiological Characteristics
370 Phototropism
420 a-carotene
425 b-carotene
430 Chlorophyll absorption
440 a-carotene
445 xanthophyll
445 Chlorophyll synthesis
450 b-carotene
453 Chlorophyll b
470 a-carotene
475 Chlorophyll b
480 a-carotene
650 Chlorophyll synthesis
960 Chlorophyll absorption
1100 Chlorophyll absorption
1400 Water absorption
1930 Water absorption
2200 Al-OH, Mg-OH and COs peak
Ref [19].

The spectral bands of the repetitions in each treatment were extracted in order to
assess the best characterization of the disease in relation to spectral characteristics
(whether by spectral bands, vegetation indices [VIs], or by the direct reflectance of the
sensor) and phenological characteristics. The spectral bands were defined based on the
reflectance peaks of the electromagnetic spectrum in the identification of plant physiolog-
ical characteristics (Table 2). The spectral bands were calculated according to the method-
ology described by [19] using the values obtained by calculating the difference between
the reflectance values at the point of least inflection and the point of greatest subsequent
range. The ranges of the bands used are described in Table 3.

Table 3. Intervals of the electromagnetic spectrum in each band analyzed.

Band Spectral Range (nm)
Bl 390-420
B2 435-470
B3 480-550
B4 555-670
B5 680-750
B6 755-970
B7 1070-1120
B8 1270-1430
B9 1460-1650

B10 1850-1930

B11 2130-2460
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On 20 January 2023, at 90 DAE, with the crop at reproductive stage R5.5, spectral
images were acquired by a remotely piloted aircraft (RPA) used as an aerial platform for
the multispectral sensor. RPA XFly X800 was equipped with a Micasense multispectral
camera, model Red-edge MX with 1280 x 960 pixels and with a spatial resolution in the
scene corresponding to 0.06 m (in each band). The system mapped images in the blue (B)
(475 nm center, 20 nm bandwidth), green (G) (560 nm center, 20 nm bandwidth), red (R)
(668 nm center, 10 nm bandwidth), red edge (RE) (717 nm center, 10 nm bandwidth), and
near-infrared (NIR) (840 nm center, 40 nm bandwidth) bands. The overflight was carried
out at a 60 m altitude. The images were orthorectified using the Pix4D program version
1.55 Radiometric correction was carried out based on a standard reflective target. The
maps were manipulated and the vegetation indices extracted from the respective plots
using the ArcGis software version 10.5. The characterizations of these vegetation indices
are shown in Table 4.

Table 4. Vegetation indices calculated from reflectance values in the red (668 nm), green (560 nm),
red edge (717 nm), Nir (840 nm) and blue (475 nm) spectral bands collected by the multispectral
camera.

Abbreviation  Vegetation Index Equation Reference
Normalized difference (Nir = R)
NDVI Vegetation index (Nir +R) [20]
Normalized difference (Nir — RE)
DRE —_— 21
N Red edge index (Nir + RE) [21]
Soil-adjusted (Nir — R)
AVI 14+05)X————F—— 22
SAV Vegetation index (1+05)x (Nir+R +0.5) [22]
Green normalized (Nir — G)
NDVI —_— 23
G Difference vegetation (Nir + G) (23]
i Nir — R
BVI Enhanced vegetation . (Nir = R) [22]
Index ((Nir+ (6 xR)—(7.5xB) + 1))
Modified canopy
NDRE
MCCI Chlorophyll content — [24]
- NDVI
index

Nir: near-infrared reflectance; R:red reflectance; RE: red edge reflectance; G: green reflectance; B:
blue reflectance.

2.4. Data Analyses

By sowing with an early-cycle cultivar, we were able to isolate the target spot factor
without the presence of other diseases. Data obtained from reflectance bands and vegeta-
tion indices were submitted to machine learning analysis (Table 5); the algorithms were
selected because they are most used in agriculture for various tasks. The parameters were
adjusted according to the default settings in the Weka 3.8.5 software. The ANN used was
of the multilayer perceptron type using a backpropagation algorithm to adjust the weights
of the neural network connections with learning rates equal to 0.3, moment rates equal to
0.2 and 500 epochs, containing 10 neurons in the first layer and 10 neurons in the second.
The J48 algorithm is an adaptation of the C4.5 classifier and can be used in various classi-
fication and prediction tasks, with a pruning procedure being adopted and the minimum
number of instances allowed in a leaf node adopted was equal to 4. REPTree is a model
similar to the decision tree, which generates several trees in different interactions, select-
ing the best tree using information gain and performing error reduction pruning such as
split classifications. RF produces multiple prediction trees for the same dataset and uses a
voting scheme among all learned trees to predict new values. SVM performs classification
tasks by building hyperplanes in a multidimensional space to distinguish different classes

Table 5. Machine learning models used in classification.
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ML Machine Learning Model Reference
ANN Multilayer perceptron artificial neural network [25]

J48 J48 decision tree [26]

RL Logistic regression [27]

DT REPTree decision tree [28]

RF Random forest [29]

Rt Random tree decision tree [30]
SVM Support vector machine [31]

The effectiveness of the machine learning model was evaluated using performance
metrics, including the correct classification percentage (CC), F-score and the Kappa coef-
ficient (Table 6). The performance of the models was then subjected to an analysis of vari-
ance to determine whether there were significant differences between the variables and
the machine learning models, as well as to assess the interaction between them.

Table 6. Accuracy of the algorithms and their respective equations.

Abbreviation Accuracy Equation

cC Correct classifica- cC = (number of correct predictions)
B (total instances)
2 X (Precision X recall)
F-score F-score —
(Precision + recall)
. (observed agreement— agreement expected by chance)
Kappa Kappa coefficient Kappa =

(1 — agreement expected by chance)

The metrics were subjected to analysis of variance, and when significant differences
were obtained, boxplots were generated to visualize the means, grouped by the Scott—
Knott test at 5% significance level. All the bands, vegetation indices and yield data ob-
tained from plots with healthy leaves and 25 and 50% severity levels were subjected to
multivariate canonical analysis. The grouping of means by Scott—Knott and canonical var-
iables were carried out using the Rbio software [32], while the boxplots were generated
using the ggplot2 and ExpDes.pt packages on the R software version 4.1.0.

3. Results

Disease severity levels showed different hyperspectral curves (Figure 4). It is remark-
able that the highest reflectance in the visible region occurred in the highest severity leaves
(50%), while the lowest reflectance was in the healthy leaves, especially in the 508-700 nm
wavelengths corresponding to bands B3, B4 and B5.

Healthy leaves showed similar reflectance at a severity level of 25% in the wavelength
range from 725 to 863 nm, from which point there was a decrease in reflectance up to the
short-wave infrared (SWIR) region. In the near-infrared (NIR) region, 50% severity
showed low reflectance between the wavelengths from 725 to 794 nm, with a subsequent
increase in reflectance from this point up to the SWIR bands. This behavior was notably
represented by bands B6, B7 and B8, corresponding directly to the water content in the
leaves. Meanwhile, the 25% severity level revealed an increase in reflectance in the 725 to
1346 nm range, showing intermediate reflectance in the SWIR region.
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Canonical analysis revealed a closer relationship between healthy leaves and NDRE
and GNDVI (Figure 5A). Leaves with 25% severity were close to the 680-750 nm, and
1460-1650 nm bands. More severely attacked leaves were close to the 435-470 nm, 2130-
2460 nm, and 1850-1930 nm ranges, where the wavelengths presented an increase in re-
flectance at these levels of severity (Figure 4).

Figure 5B shows that healthy leaves and yield were closest to the SAVI, EVI, 840 nm
and grain weight vectors. Leaves with 25% severity were close to 475 nm, 560 nm, 668 nm,
and 717 nm wavelengths.

5
565-670ni Sevtrity

50%
Severity

50% +
Severity P HeafthSNDVI

Can2 (13.4%)
o
I
2
=
P
2R
a2
—
=
2ot
m.
Can2 (7.3%)

765-970nm

T T f T f T T T
-6 -4 -2 0 2 4 -4 -2 0 2 4 6

Canf (86.6%) Can1 (92.7%)

(A) (B)

Figure 5. Canonical analysis relating spectral bands based on a hyperspectral sensor (A) and vege-
tation indices based on a multispectral sensor (B) with the levels of target spot severity, grain yield,
and grain weight.
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Overall, the levels of disease severity differed from each other and formed different
spectral signatures. Thus, data were submitted to machine learning (ML) analysis in order
to find the best algorithm for classifying target spot severity levels in soybean. Six ML
algorithms and three different input configurations were used, resulting in a significant
interaction between them for the three accuracy metrics tested: correct classification per-
centage (CC), F-score, and Kappa.

For the CC and Kappa metrics (Figure 6), when using the bands as input configura-
tion, the best performance was achieved by LR and ANN. When using VIs as input, ANN
outperformed the other algorithms. Using all the reflectance values provided by the sen-
sor, LR and SVM showed the highest accuracies. When comparing the three inputs within
the algorithms, all had the best performance when using all the reflectance information
from the sensor.

Considering the F-score metric using bands as input, the best performances were
achieved by the RF, LR, ANN and SVM algorithms (Figure 6). Using VIs as input, LR and
ANN showed the best responses. Using all the information provided by the sensor, LR
and SVM had the best results. Comparing the three inputs within each algorithm, J48, RF
and RNA were better using the bands. REPtree and LR had similar performances using
bands or reflectance. SVM achieved better accuracy using reflectance as input.
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Figure 6. Boxplots for the accuracy metrics correct classification percentage (CC), Kappa, and F-
score considering the machine learning models and different inputs tested for classifying target spot
severities in soybeans in 100 samples for each severity. SB: spectral bands; VIs: vegetation indices;
ALL: all reflectance ranges provided by the hyperspectral sensor. Averages followed by the same
uppercase letters for the different inputs and the same lowercase letters for the different ML algo-
rithms do not differ by the Scott-Knott test at 5% probability.
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4. Discussion

The biophysical and biochemical behavior of plant tissue can be altered due to exter-
nal environmental factors such as diseases, causing changes in tissue color, leaf shape,
transpiration rate, leaf morphology and density, which leads to modified optical proper-
ties in the leaf tissue, altering its spectral response [33,34]. The composition and content
of pigments are modified when leaves are exposed to pathogens that cause chlorotic and
necrotic symptoms [34], such as target spot.

In the visible range (VIS) between wavelengths 400 and 700 nm, there is low reflec-
tance of the canopy due to the absorption of chlorophyll and other pigments [35], as
shown in the reference table, where the visible region is more closely related to photosyn-
thesizing pigments such as chlorophyll, anthocyanins, and carotenes. Therefore, this
range can be used to detect changes in leaf color caused by diseases and stress in plants
[36]. The low reflectance in the visible spectrum range is indicative of the efficiency of
these photosynthesizing pigments in absorbing light to sustain the essential metabolic ac-
tivities of plants and the higher reflectance of the plants affected by the disease is due to
the damage caused to the pigments, negatively affecting their function in the plant and
altering their reflectance in this range [37]. This relationship between reflectance and pho-
tosynthetic pigments provides important information for understanding the physiologi-
cal conditions and the state of the health of the plants.

In the visible range, reflectance increases in proportion to the severity of the disease.
However, in the near-infrared (NIR) region, higher reflectance is observed in healthier
leaves [38]. Overall, healthy plants have low reflectance in the visible and mid-infrared
regions and high reflectance in the NIR [39], This pattern of reflectance in the spectral
regions provides valuable indications of the plant’s phytosanitary condition, and is par-
ticularly relevant for plant health assessments and early detection of diseases. This behav-
ior was partially observed in the hyperspectral signatures in Figure 3, with the exception
of the 725-863 nm band, where there was a peak of reflectance in healthy leaves similar to
leaves with a 25% severity level.

Changes observed in the spectral signature at 25% severity when compared to
healthy leaves can provide early information on the biochemical changes in the leaf
caused by the disease, and the use of a hyperspectral sensor is essential for implementing
effective strategies to diagnose target spot and prevent major crop losses [36]. Further-
more, VIs calculated from the reflectance of the VIS and NIR bands can provide more
accurate estimates of chlorophyll content, ensuring accurate results regarding the plant’s
photosynthetic activity [40].

In the SWIR region, a higher reflectance is remarkable at the highest level of disease
severity, as this band is associated with the leaf’s chemical composition and water content
[41,42]. Several studies have reported an increased reflectance in the SWIR region in leaves
with a higher severity of diseases such as powdery mildew, grapevine leafroll virus and
rust as a result of water loss through the lesions [42-44].

Detecting, identifying and quantifying plant diseases using sensors allows more ap-
propriate management, as the sensors are sensitive, accurate and easy to use for evaluat-
ing diseases [45]. Choosing the sensor to use will depend on the resources available, since
multispectral sensors are easier to acquire from an economic point of view. By canonical
analysis, it can be seen that the multispectral sensor had a higher relationship between
healthy leaves and grain weight, both close to the VIs SAVI and EVI, and the 840 nm wave-
length. Thus, using this sensor for obtaining these VIs is more sensitive for estimating
possible yields in healthy plants due to its higher proximity to grain weight.

There was a behavior in which healthy leaves had a higher association with NDRE
and GNDVI when the hyperspectral sensor was used. Using vegetation indices from cal-
culations on the VIS/NIR range can be efficient in agricultural disease monitoring, and can
detect changes in vegetation caused by disease attack [3].
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Leaves with 25% severity were close to the 680-750 nm range, equivalent to B5, and
the 1460-1650 nm range, equivalent to B9. The stronger relationship between these spec-
tral bands and the lower severity of the disease enables early identification of target spot.
The hyperspectral sensor deserves to be highlighted in this relationship with lower dis-
ease severity levels because plants with a 25% level are still unable to see symptoms in the
upper third, making it difficult for the multispectral sensor to capture differences.

The most severely attacked leaves were in the 435-470 nm, 1850-1930 nm, and 2130-
2460 nm bands, where Figure 3 shows an increased reflectance in these bands in the hy-
perspectral signature. The 435-470 bands belong to the visible region, which have a higher
relevance for classifying the disease, as they are directly related to the pigment absorption
regions, which suffer disturbances characterized by chlorosis when the disease is present
[10]. The SWIR region covering the 1850-1930 and 2130-2460 bands tends to increase its
reflectance when the leaf’s internal water content decreases, which is directly related to a
higher disease infection rate [46].

Once the disease severities had been distinguished spectrally, this information was
used in machine learning models to find accurate algorithms for classifying disease sever-
ity. Overall, the algorithms showing the best results for the three metrics were LR and
SVM using reflectance, i.e., using all the information from the spectral range provided by
the sensor. The authors of [47] found high accuracy values in the classification of diseased
and healthy leaves by using the SVM algorithm, similarly to [44], who used LR to find a
disease detection model. The SVM has been proven to be an effective algorithm in several
classification tasks, such as classifying soybean genotypes regarding the primary macro-
nutrient contents [48] and classifying soybean genotypes according to their content of in-
dustrial grain parameters [10]. In both studies, using the raw information provided by the
sensor guaranteed better results for the algorithm. Here, both algorithms had better accu-
racies using all the information provided by the hyperspectral sensors. Hyperspectral data
provide a detailed characterization of the object studied, allowing the assimilation of spe-
cific spectral variations for detecting diseases and according to the specifications of each
severity level for each disease [49].

Using hyperspectral sensors allowed a more comprehensive acquisition of infor-
mation across the leaf spectrum, taking into account the different severity levels. This is
because hyperspectral sensors allow information about the chemical properties of what is
being evaluated to be obtained, enabling the identification, detection and analysis of the
chemical composition of the material, in our case related to the physiology of the plant,
facilitating various activities in agriculture and an essential role in harvest monitoring and
planning [50]. In our study, this in-depth spectral analysis offers a more detailed under-
standing of leaf conditions at different severity levels, contributing significantly to the ac-
curacy and sensitivity of plant-health assessments. Using this advanced approach repre-
sents remarkable progress in monitoring and diagnostic abilities, with promising impli-
cations for management and decision-making in agricultural and environmental contexts.

5. Conclusions

Applying the methodology used in this research and expanding it to other phytosan-
itary problems in different crops is a promising perspective for advancing disease moni-
toring in agriculture. In this way, the approach allows the development of broader strate-
gies for monitoring and controlling diseases in various agricultural crops using hyper-
spectral data and machine learning, thus enabling the expansion of these discoveries for
accurate and even early diagnosis of diseases. The discovery of the algorithm that deals
better with the task of classifying target stain severity levels makes it possible to use it in
an unsupervised way to classify the disease when its severity is unknown to the profes-
sional, making the process more assertive for making decisions on the management strat-
egy to be carried out.

In addition to the relevant findings provided by hyperspectral data, the employment
of machine learning algorithms provided significant classification performance, achieving
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high accuracy in identifying different levels of disease severity. This robust performance
suggests that both LR and SVM algorithms are effective, especially when using all availa-
ble information from the spectral range provided by the sensor to classify target spot se-
verity in soybeans.

Hyperspectral sensors allowed greater acquisition of information across the spec-
trum of leaves with different levels of severity of the target spot disease. Our results reveal
that the LR and SVM algorithms provide high classification accuracy and are therefore
best suited for identifying disease severity levels in soybean using the entire reflectance
range of the plants.
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