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1 Department of Agricultural Zoology, Faculty of Agriculture, University of Zagreb, Svetošimunska Cesta 25,
10000 Zagreb, Croatia; ipajac@agr.hr (I.P.Ž.); dlemic@agr.hr (D.L.)

2 Faculty of Electrical Engineering and Computing, University of Zagreb, Unska 3, 10000 Zagreb, Croatia;
vinko.lesic@fer.unizg.hr

3 Department of Soil Amelioration, Faculty of Agriculture, University of Zagreb, Svetošimunska Cesta 25,
10000 Zagreb, Croatia; mzovko@agr.hr

4 Bc Institute for Breeding and Production of Field Crops, Rugvica, Dugoselska 7, 10370 Dugo Selo, Croatia;
marko.maricevic@bc-institut.hr

* Correspondence: sskendzic@agr.hr (S.S.); hrvoje.novak@fer.unizg.hr (H.N.);
Tel.: +385-998-563-990 (S.S.); +385-997-348-453 (H.N.)

Abstract

The cereal leaf beetle (CLB; Oulema melanopus L., Coleoptera: Chrysomelidae) is a serious
pest of wheat, capable of causing yield losses of up to 40% through photosynthetic impair-
ment. Early detection and severity assessment are essential for effective and sustainable
pest management. This study evaluates the potential of hyperspectral remote sensing (RS)
combined with machine learning (ML) for non-invasive detection of CLB-induced stress
in winter wheat. Spectral reflectance was measured using a full-range spectroradiome-
ter (350–2500 nm) from flag leaves categorized into four damage levels (healthy, slightly,
moderately, and severely damaged). Three input datasets were used for ML classification:
full spectral reflectance, a set of 13 vegetation indices (VIs), and outputs of dimensionality
reduction technique. CLB stress increased reflectance in the visible range (400–700 nm)
and reduced it in the near-infrared (700–1400 nm), consistent with chlorophyll degradation
and mesophyll damage. Several VIs, including RIGreen, NDVI750, GNDVI, and NDVI,
correlated strongly with damage severity (τ = 0.78–0.81). Among the six ML models
tested, Support Vector Machine (SVM) achieved the highest classification accuracy of 90.0%
(precision = 0.90, recall = 0.90, F1 = 0.90) across the four severity classes, and achieved
91.9% accuracy at the early-detection threshold. As far as the currently available literature
indicates, this study provides one of the earliest quantitative assessments of CLB damage
severity based on full-spectrum leaf-level hyperspectral reflectance integrated with ML
classification. These findings were obtained under controlled, leaf-level measurement con-
ditions and therefore represent a proof-of-concept; future validation using UAV and satellite
platforms is needed to assess performance under operational field variability. Overall, our
findings highlight the potential of hyperspectral RS and ML for precision pest monitoring,
supporting threshold-based decision-making and more sustainable insecticide use.

Keywords: winter wheat; cereal leaf beetle; Oulema melanopus; hyperspectral sensing;
vegetation indices; machine learning; precision pest management
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1. Introduction
Wheat (Triticum aestivum L.) is a globally important crop, serving as a major source

of calories and protein [1,2]. However, climate change is intensifying pest pressure, exac-
erbating biotic stress [3,4]. Among key wheat pests, the Cereal leaf beetle (CLB), Oulema
melanopus L. (Coleoptera: Chrysomelidae) has shown increasing outbreak severity under
warming conditions and remains particularly damaging. Larvae cause substantial leaf
tissue loss, reducing chlorophyll content and photosynthesis, leading to up to 80% assimi-
lation loss in severe cases [5–10]. Both larvae and adults feed on the upper mesophyll layer,
stripping tissue down to the cuticle and creating a distinctive damage pattern [11]. Damage
peaks during flowering and grain filling, impacting grain development and yield [10].
Beyond direct feeding damage, CLB infestations can accelerate senescence, reduce tillering,
and exacerbate water stress [10,12].

CLB, native to Europe, has become a major invasive pest in North America, causing
yield losses of up to 40% in untreated fields [12–17]. In Europe yield losses have been
reported at 3% per larva in relation to tiller damage in Germany [10,18] and between 0.3 and
0.5 t/ha in Poland [19]. Managing CLB damage in wheat depends on economic thresholds,
which vary by region [20]. In the USA, early thresholds of one larva per stem [12,21] often
led to excessive defoliation [17,22]. Current recommendations suggest intervention at
25 eggs or larvae per 100 tillers [23] and phenology-based thresholds of three eggs or larvae
per plant before boot stage (BBCH 39) and one larva per flag leaf beyond BBCH 40 [24]. In
Europe, chemical control remains the dominant management strategy despite lower CLB
impact [10,19,25]. Thresholds vary: one to two larvae per stem at boot stage in Poland [19]
and around three larvae per stem in Switzerland [10]. Timely intervention is crucial to
minimize yield losses while preserving natural enemies [26]. This highlights the need for
well-planned control measures, especially since a single larva can cause up to 10% flag leaf
defoliation, while severe damage can lead to yield losses of up to 23% [14,27–29].

Pest control relies heavily on chemicals, often leading to overuse and pest resis-
tance [30]. However, remote sensing (RS) and machine learning (ML) offer new possibilities
for early detection and targeted management; unlike traditional visual scouting, which
is subjective and limited in scope, RS and ML enable consistent, large-scale detection of
early pest damage [31,32]. To maintain agricultural yields, farmers are turning to precision
agriculture applications coupled with RS [33]. RS is based on the principle that vegetation,
soil, and other objects reflect electromagnetic energy at specific wavelengths depending
on their chemical composition, physical properties, and surface characteristics [34]. As a
non-invasive monitoring technique, RS enables the assessment of plant health and stress
without physical contact, making it highly valuable for precision agriculture. The most im-
portant wavelengths for vegetation studies include the visible (400–700 nm), near-infrared
(750–1300 nm) and short-wave infrared (1300–2500 nm) ranges [34]. Multi- and hyper-
spectral sensors measure the spectral reflectance of plants and enable the calculation of
vegetation indices (VI) as reliable indicators of plant stress, which have practical appli-
cations for site-specific management [35]. For effective remote or proximal sensing of a
particular plant stress parameter, it is important to determine the spectral reflectance and
VI that exhibit sensitivity to its influence on plant response [36,37]. These metrics can
be effectively used to detect hot spots in fields where stressed plants indicate potential
problems. By pinpointing specific problem areas, interventions can be strategically focused,
enabling proactive and targeted measures to mitigate the impact of damage in fields [38].

While hyperspectral sensing provides highly detailed crop information, its large-scale
use remains constrained by cost, workflow complexity, weather windows, and accessibility
for smallholder farmers [32,35].
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RS data has been widely used to investigate various abiotic and biotic stress factors in
wheat crops. Notable examples include the detection of aphid damage in wheat [38–41],
the identification of fungal diseases [42–45], the assessment of nutrient status and defi-
ciency [46–48] and the monitoring of drought stress [49–51]. However, none of these studies
specifically investigated stress in the form of leaf tissue loss—morphologically and distinct
form of damage that directly removes photosynthetic tissue and therefore requires different
management actions than other stress factors. Understanding how RS can capture this type
of damage through spectral reflectance changes could enhance early detection and improve
targeted management strategies.

Machine learning (ML) has become an essential tool in RS for detecting crop stress and
monitoring pest impacts [52]. ML approaches can process large, multitemporal datasets and
uncover subtle spectral patterns associated with stress responses by evaluating multiple
variables simultaneously [53,54]. Pre-processing techniques such as Uniform Manifold
Approximation and Projection (UMAP) or Principal Component Analysis (PCA) are com-
monly used to reduce data dimensionality and improve computational performance while
retaining agronomically relevant information [41,55]. Supervised algorithms, including
support vector machines (SVM), random forests (RF), and gradient boosting models (GBM),
have demonstrated strong performance in agricultural stress classification, particularly
when stress symptoms are visually subtle or confounded by environmental conditions [56].
SVM has been especially effective in crop stress detection applications due to its ability
to model non-linear boundaries under limited training samples [41,55]. These methods
are suitable for differentiating pest-induced damage, such as defoliation caused by the
CLB, from other biotic and abiotic stressors. To enhance interpretability, explainable ML
tools—such as Shapley Additive exPlanations (SHAP)—are increasingly used to quantify
the contribution of individual spectral bands, VI, or temporal features to model outputs [57].
This supports agronomic interpretation by highlighting spectral signatures most indica-
tive of pest-induced stress, enabling improved decision-making in wheat protection and
integrated pest management.

Despite extensive remote sensing research on wheat physiology, disease stress and
abiotic stress, to our knowledge no published study has quantitatively evaluated CLB
damage severity using hyperspectral reflectance integrated with ML classifiers.

The main aim of this study is to demonstrate the advanced potential of hyperspectral
RS and ML for early detection and targeted management of CLB infestations in win-
ter wheat.

The specific objectives of this paper include: (1) to investigate the changes in spectral
reflectance of wheat plants in response to varying levels of CLB damage to flag leaves;
(2) to identify the VI that correlate most strongly with the severity of CLB infestation; and
(3) to develop ML algorithms to classify the severity of damage to wheat plants based on
spectral data.

2. Materials and Methods
The analytical approach in this study includes data acquisition, processing, and ML-

based classification of plant damage levels. As shown in Figure 1, the framework consists
of three key stages:

I. data acquisition;
II. data analysis;
III. ML modeling.
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Figure 1. Methodological workflow of the study, from data acquisition to data analysis and machine
learning modeling. Solid arrows show sequential processing steps, while dashed arrows link each
stage to the corresponding results-verification procedures.

2.1. Data Acquisition
2.1.1. Study Site and Experimental Design

The study was conducted at the experimental fields of Bc Institute for Breeding and
Production of Field Crops (45◦44′49.1′′ N, 15◦56′13.4′′ E, Zagreb, Croatia) (Figure 2). The
institute specializes in seed production and crop breeding programs. The winter wheat
variety used was Bc Anica, a common and high-yielding soft wheat variety in this region
of Europe. The experiment was conducted on a 240 m2 wheat field, sown in rows with a
typical spacing of 12 cm. Standard agronomic practices, including fungicide application
and fertilization, were applied to maintain consistent growing conditions, with the wheat
relying solely on rainfall for water. The study period extended from early April to mid-June
2022 and covered the critical phenophases for CLB infestation on wheat: stem elongation
(from BBCH 39), booting (BBCH 40–49), heading (BBCH 50–59), flowering (BBCH 60–69)
and milky grain development (up to BBCH 75). Visual assessments and spectral data
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acquisition were conducted once during each BBCH phase listed above, covering the entire
experimental field.

Figure 2. Study site location in Zagreb, Croatia. The upper map shows the regional context, while the
lower panel presents a satellite view of the experimental wheat field (45◦44′49.1′′ N, 15◦56′13.4′′ E),
where CLB assessments and hyperspectral measurements were conducted.

2.1.2. Visual Assessment of Damage on Flag Leaves

Visual assessments of flag leaf damage caused by CLB were conducted concurrently
with the spectral measurements by an experienced entomologist. In the entire experimental
field, the plants were inspected and the CLB damage reading was performed according
to the standard method. The damage rate in winter wheat was defined as the percentage
of flag leaves exhibiting tissue reduction. The damage categories recorded during in situ
measurements reflected the most common patterns observed in the field. The rate of
damage was estimated by calculating the average percentage of leaf tissue loss across all
sampled plants, with a focus on the most frequently occurring damage levels to ensure
accurate assessment.

Flag leaf samples were classified into four distinct damage categories:

I. healthy leaf samples with no visible symptoms, representing 0% damage;
II. slightly damaged leaves, with 10–15% leaf tissue loss; corresponding to the treatment

threshold of 1 larva per flag leaf;
III. moderately damaged leaves, exhibiting 15–30% leaf tissue loss, corresponding to

the treatment threshold of 2–3 larvae per flag leaf (aligns with central European
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economic thresholds, where farmers can often tolerate yield losses from damage
levels below this threshold);

IV. severely damaged leaves, showing extensive feeding, with 30–60% leaf tissue loss.

This damage scale aligns with research indicating that a single CLB larva can consume
around 10% of a flag leaf surface [14,27,29] providing practical damage thresholds for
field management.

2.1.3. Spectral Data Acquisition

Spectral measurements were conducted in situ on flag leaves of winter wheat through-
out the BBCH 39–75 phenological phases using a Spectral Evolution® SR-2500 (Haverhill,
MA, USA) portable spectroradiometer. The device can measure spectral reflectance of
samples and covers the range from 350 to 2500 nm. The spectroradiometer captures data
across 2151 spectral bands and automatically resamples the spectra at a 1 nm resolution for
export. The spectral resolution varies across the range, with 5 nm in the 350–1000 nm range
and 22 nm in the 1000–2500 nm range. A contact probe with an integrated halogen light
source was used for precise measurements. Before each scan, any insect fragments or debris
were carefully removed from the leaf surface to prevent any interference. Calibration was
performed every 10 scans with a white BaSO4 reference panel (99% Spectralon; SphereOp-
tics GmbH, Herrsching, Germany). To ensure a uniform measurement, the contact probe
of the spectroradiometer was positioned directly and vertically above the adaxial side of
the flag leaf, with black paper placed under the leaf to avoid light interference. In this way,
environmental factors such as lighting conditions and leaf orientation were minimized.
This method greatly reduced the influence of external light or shadow, which improved the
reliability and consistency of the reflectance data [58]. Spectral measurements were taken at
three different points on each flag leaf to enable accurate assessment of infestation severity.
The device was connected to a portable computer and the collected data was stored using
Darwin SP V1.5 software (Spectral Evolution, Haverhill, MA, USA). This setup allowed for
efficient data management and analysis of the collected spectral reflectance.

2.2. Data Analysis
2.2.1. Data Processing

To extract relevant patterns correlating with damage levels, the analysis was conducted
through consecutive steps, detailed in the following sections.

Measurements were taken at three spots on each flag leaf to account for within-leaf
variability. These three spectral signatures were averaged into a single representative
spectrum per leaf using the Darwin SP V1.5 software. Prior to averaging, faulty or inconsis-
tent measurements, as well as spectra that could not be assigned to predefined categories,
were removed to ensure data quality. After preprocessing and averaging, the final dataset
consisted of 210 unified spectral reflectance measurements, distributed across the four
damage categories as follows:

1. Healthy plants: 52;
2. Slightly damaged plants: 52;
3. Moderately damaged plants: 46;
4. Severely damaged plants: 60.

The number of samples in each category was chosen to achieve a relatively balanced
distribution across all damage levels. The target variable was encoded in an ordinal manner,
with healthy plants labeled as 1 and severely damaged plants labeled as 4.



Agriculture 2025, 15, 2482 7 of 28

2.2.2. Data Segmentation

To account for varying data availability and information content, the dataset was
segmented into: (i) spectral reflectance, (ii) calculated VI, and (iii) UMAP-derived outputs.
Since spectral reflectance acquisition requires expert knowledge, costly equipment, and
on-site measurements, VI-based approaches (ii) were explored as an alternative using
publicly available RS data (e.g., Copernicus, Landsat). UMAP (iii) was utilized for visual
analysis and its relevance to ML modeling, offering improved accuracy and reduced
computational demand.

Spectral Reflectance Data

The raw spectral reflectance data, within the wavelength range from 350 to 2500 nm,
were considered as the first subset of available data, consisting of 2151 individual reflectance
measurements per sample. Reflectance was measured as a percentage for each wavelength,
ranging from 0 to 100%. The full dataset is openly available on Zenodo and is provided in
the Data Availability Statement [59].

Vegetation Indices (VI)

The selection of VI was based on a comprehensive review of the latest scientific
literature (Table 1). VI were carefully chosen to monitor plant responses to pest-induced
stress, focusing on physiological parameters such as chlorophyll content and cell structure
which are known to change under biotic stress conditions [60–62]. Priority was given
to indices that have demonstrated high sensitivity to these factors, ensuring a detailed
assessment of CLB damage severity. In addition, several supplementary indices were
included to explore potential stress indicators, such as changes in water content, which
may reflect subtle or secondary plant responses to pest damage. The 13 VI listed in Table 1,
defined using reflectance (R) at specific wavelengths (nm), were employed to analyze the
spectral data.

Table 1. List of spectral vegetation indices used in the analysis, defined using reflectance (R) at
specific wavelengths (nm).

Vegetation Index Formula Source

Normalized Difference Vegetation Index (NDVI) NDVI = R800−R670
R800+R670

[63]

Red Edge Normalized Difference Vegetation Index (NDVI750) NDVI750 = R750−R705
R750+R705

[64]

Green Normalized Difference Vegetation Index (GNDVI) GNDVI = R800−R550
R800+R550

[65]

Carotenoid Reflectance Index 1 (CRI1) CRI1 = 1
R510

− 1
R550

[66]

Carotenoid Reflectance Index (CRI2) CRI2 = 1
R510

− 1
R700

[67]

Structural Independent Pigment Index (SIPI) SIPI = R800−R445
R800+R680

[68]

Chlorophyll Reflectance Index green (RIgreen) RIgreen =
(

1
R520−R585

− 1
R750−R800

)
·R750 − R800 [69]

Water Band Index (WBI) WBI = R900
R970

[70]

Photochemical Reflectance Index (PRI) PRI = R531−R570
R531+R570

[71]

Moisture Stress Index (MSI) MSI = R1599
R819

[72]

Normalized Difference Water Index (NDWI) NDWI = R860−R1240
R860+R1240

[50]

Red Edge Position (REP) REP = 700 + 40·
R670+R780

2 −R700
R740−R700

[73]

Chlorophyll/Carotenoid Index (CCI) CCI = R532−R630
R532+R630

[74]
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Uniform Manifold Approximation (UMAP)

To optimize ML-based modeling of plant damage levels, dimensionality reduction
was applied to the initial dataset of 2151 spectral measurements per sample. Uniform
Manifold Approximation and Projection (UMAP) [75] was selected due to its non-linear
transformation capabilities, allowing for the detection of complex patterns [41].

2.2.3. Visual and Statistical Analysis

Visual and statistical analyses were conducted using visualization techniques and
summary statistics to identify patterns and anomalies. Kendall’s τ was used for correlation
analysis, as input variables were continuous and the target variable ordinal [76]:

τ =
C − D
C + D

,

where C is the number of concordant pairs and D is the number of discordant pairs.

2.3. Machine Learning (ML) Analysis

The ML analysis focused on differentiating plant damage levels using various algo-
rithms. It was conducted through a series of consecutive steps, detailed in the following
sections.

2.3.1. Data Splitting and Processing

The main goal of data splitting was to ensure that the training and testing of the ML
models was performed on separate datasets, i.e., that the models were tested on previously
unseen data, with no data leakage. The splitting of the overall available dataset, including
all 210 data samples, was performed in the same manner, regardless of the number of
features utilized as model inputs (subsets i–iii from Section 2.2.2). The training and testing
data was randomly separated in a stratified manner with a 70–30 ratio. Stratification
ensured that the ratio of different damage levels within the overall dataset was maintained
in both the training and testing datasets. To ensure accurate validation of the ML models
on a rather small dataset size, a nested cross-validation was implemented (Figure 3). This
strategy implied several repetitions of training and testing ML models on different folds
of the data (outer loop), while further splitting the training dataset into several folds for
tuning the models’ hyperparameters and preventing overfitting (inner loop). The outer
loop consisted of 10 folds with 70–30 stratified train–test splits, with the results presented as
an average over the folds with accompanying variance. The inner fold consisted of 5 folds
with 80–20 train–validation stratified splits, with results averaged over the folds, which
were utilized only to determine the best set of model hyperparameters on the training set.

In addition to the cross-validation strategy, the data for all input combinations were
standardized, i.e., the mean was set to 0 and the standard deviation to 1. Although some
of the implemented ML models did not require data standardization, the same unified
preprocessing procedure was applied in all cases.

To account for the slight class imbalance in stress severity levels, class-balanced
weights (inverse-frequency weighting) were applied during model training for algorithms
that support cost-sensitive learning (e.g., SVM and gradient boosting models).
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Figure 3. Nested cross-validation workflow. The outer loop applies repeated 70–30 stratified train–
test splits (10 folds), while the inner loop divides each training set into 80–20 train–validation folds
(5 folds) for hyperparameter tuning. Arrows indicate the sequential flow, and the three dots (“. . .”)
mark the continuation of the procedure through all n-fold iterations.

2.3.2. Machine Learning Models and Models Training

For the ML-based modelling of the posed classification problem, the following selec-
tion of models was chosen:

• Logistic regression (LR);
• K Nearest Neighbours (KNN);
• Support Vector Machine (SVM);
• Random Forest (RF);
• LightGBM [77];
• XGBoost [78].

The selected list of models covered a range from simple to more complex. Chosen
approaches encompassed a variety of structures (from linear to decision trees ensembles), a
range of model and model tuning complexities, in order to obtain a general sense of the
ML application contributions towards damage severity classification.

Model training was performed using a nested cross-validation strategy (Figure 3,
inner loop). For the tuning of respective model hyperparameters, a Tree-structured Parzen
Estimator implemented within the Optuna Python library was utilized [79]. Full details on
the methodology are provided in Appendix A, while a complete list of individual model
hyperparameters is included in Appendix B (Tables A1 and A2). Performance metrics of the
overall model tuning and inference times are provided in Appendix C (Tables A3 and A4).
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2.3.3. Models Validation

Validation of the models’ accuracy was performed over 10 different stratified data
folds, as presented in Figure 3 (outer loop). A selection of most common classification
metrics was chosen for the analysis of models’ performance:

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

F1 = 2· Precision·Recall
Precision + Recall

where TP denotes True Positive classifications, TN the True Negative classifications, FP the
False Positive classification, and FN the False Negative classifications. Final performance
results were presented as averaged metrics over the 10 folds, together with a standard
deviation of the obtained metric values to indicate the robustness of individual model
performance. Results were presented for individual model performances over each of the
3 separate input combinations (as presented in Section 2.2.2).

In addition to the general multi-class classification across all damage severity lev-
els, model validation was also conducted at two pest management-relevant thresholds:
(i) slightly damaged plants (≈1 larva per flag leaf; early detection threshold), and (ii) mod-
erately damaged plants (≈2–3 larvae per flag leaf; treatment threshold). This enabled
assessment of model performance under both early-warning and intervention-oriented
decision contexts.

2.3.4. Feature Importance Analysis

To assess the contribution of spectral reflectance and VI, a feature importance analysis
was conducted on the best-performing ML model. Global Shapley additive explanations
(i.e., SHAP values) [80] were used to quantify feature importance, applying a game-theoretic
approach to rank raw spectral wavelengths and VI.

3. Results and Discussion
3.1. Visual and Statistical Analysis

The analysis was performed separately on individual subsets of the data, i.e., (i) spec-
tral reflectance, (ii) set of calculated VI, and (iii) UMAP transformed data.

3.1.1. Response of Leaf Reflectance Spectra to CLB Damage

The spectral reflectance curves for different levels of CLB-induced damage (Figure 4)
were shown to display clear patterns throughout VIS, NIR and SWIR spectrum, allowing a
distinct separation between healthy and three levels of damaged flag leaves. The following
interpretations regarding chlorophyll content, mesophyll structure, and water status are
based on observed spectral patterns and supporting literature, as no direct physiological or
biochemical measurements were conducted in this study.

In the VIS range (400–700 nm), particularly around 550 nm (green peak), healthy
plants exhibited almost 10% lower reflectance compared to severely CLB-affected plants, a
pattern reflecting their higher chlorophyll content and more efficient absorption of light
for photosynthesis [81,82]. This pattern is interpreted as reflecting lower chlorophyll
content in damaged plants, as suggested by previous studies [64,83–86]. In the red region
around 650 nm, these differences became even more pronounced: healthy plants absorbed
a considerable amount of red light, while damaged plants, especially those with severe
damage, reflected more light due to further chlorophyll degradation [84]. This trend
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aligns with a previous study [7] which reported a decrease in photosynthetic pigments,
including total chlorophyll content, in winter wheat as CLB infestation increased. In
addition to chlorophyll, reflectance changes in the blue region (~440–470 nm) may also be
linked to alterations in carotenoid content and the carotenoid-to-chlorophyll ratio under
stress, as carotenoids strongly absorb blue light and play key roles in photoprotection and
antioxidative defense [84–88].

In the NIR range (750–1300 nm), the pattern was reversed: healthy flag leaves exhib-
ited high reflectance due to their intact mesophyll structure, which effectively scatters NIR
radiation within the leaf [89,90]. In contrast, damaged leaves reflected less NIR radiation,
consistent with mesophyll degradation and water loss that reduce scattering capacity and
assimilation efficiency [91,92]. Herbivory damage caused by CLB is known to compro-
mise structural integrity and leaf water content [10], with mesophyll tissue disruption
further limiting photosynthetic capacity. Similar trends were observed by Xu et al. [93],
who reported markedly lower NIR reflectance in tomato leaves infested with leaf miners
compared to healthy controls.

In the SWIR regions, a clear trend was observed between 1550 and 1800 nm, with the
most pronounced peak at 1650 nm. At this wavelength, healthy plants exhibited higher
reflectance, likely related to their greater water content and structural integrity [10,94–96].
This made 1650 nm a particularly sensitive wavelength for detecting water stress and CLB-
induced leaf damage. Spectral reflectance at around 1650 nm also underpins several VI
used to estimate leaf water content [94–96]. However, other regions of the SWIR spectrum
showed less consistent trends. In addition to water absorption, SWIR reflectance is also
affected by proteins, cellulose, lignin [92,97,98], and other biochemical changes in leaf com-
position [98,99]. Although the spectral patterns described above provide clear separability
among damage levels, they reflect leaf-level measurements collected under controlled and
uniform conditions. This design ensured that differences in reflectance were attributable to
CLB-induced tissue loss rather than variety-, site- or season-driven variability. As noted
earlier, the interpretation of pigment- and water-related changes remains inferential, albeit
consistent with established literature. While such controlled measurements are appropriate
for isolating the spectral signature of CLB damage, they represent a necessary first step
before canopy-level validation under more variable field conditions.

Figure 4. Mean spectral reflectance curves (350–2500 nm) for four CLB damage severity levels
(healthy, slightly damaged, moderately damaged, and severely damaged). Solid lines represent mean
reflectance, while shaded areas indicate the 95.45% confidence interval for each damage class.

3.1.2. Vegetation Indices (VI)

The VI listed in Table 1 were analyzed. First, box plots of the VI distribution are
presented in Figure 5, where for ease of understanding and simpler visualization, all VI
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values were z-standardized. All VIs exhibited a decreasing trend with increasing CLB
damage, except for SIPI and MSI. Both indices increased progressively from healthy to
moderately damaged leaves and showed an additional jump in the severe damage class.
This upward deviation in the severe category contrasts sharply with the monotonic decline
observed in the other indices and represents a clear trend shift in their response to CLB
damage. Additionally, SIPI and NDWI displayed a trend shift, where severe damage levels
resulted in slightly higher values compared to the rest of the data.

 

Figure 5. Distribution of vegetation indices (VIs) for four CLB damage severity levels (healthy,
slightly damaged, moderately damaged, severely damaged). All VI values were z-standardized to
enable comparison across indices with different numerical ranges. Boxplots represent the median,
interquartile range, and outliers.

The results were further validated by the Kendall’s Rank correlation calculations,
presented in the heatmap matrix in Figure 6, which illustrates the correlation between the
severity of CLB damage and each of the VI tested.

VI with the highest Kendall correlation coefficients were RIGreen (τ = −0.81), NDVI750
(τ = −0.80), GNDVI (τ = −0.80), and NDVI (τ = −0.78), highlighting their strong relation-
ship with CLB-induced damage levels on flag leaves. The RIGreen stands out due to its
more complex formula, which combines multiple wavelength ranges (as seen in Table 1).
This index relies heavily on the green range (around 520 nm and 585 nm), along with
contributions from the blue (520 nm) and NIR (750–800 nm) regions. Its strong performance
can be attributed to its ability to capture variations in the green region, which is highly
sensitive to chlorophyll content. Based on the box plot in Figure 5, the RIGreen shows
the best separation between healthy leaves (green) and slightly damaged leaves (yellow)
making it particularly useful, aiding early CLB detection. Identifying infestations at the
onset of larval feeding enables timely intervention, preventing severe damage as larvae
progress to highly destructive late instars, which can escalate within days [14]. Additionally,
since this damage coincides with the economic threshold of one larva per flag leaf (or 10%
flag leaf damage by CLB), the RIGreen could be a valuable tool for estimating the optimal
moment for treatment. For the discrimination of healthy plants from moderately damaged
plants (15–30% damage on flag leaves), NDVI750 performed the best. This is particularly
relevant when insecticide treatments against CLB larvae become necessary, aligning with
the economic threshold of two to three larvae per plant. Other indices, such as GNDVI
and NDVI, which are widely used [100–103] can also be employed for this purpose. These
indices are suitable for mapping infestation hotspots in fields through satellite or drone
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imagery [104–106] as CLB infestations typically occur in patches [29,107,108]. By integrat-
ing these tools into precision agriculture, growers can generate prescription maps to target
specific areas with CLB infestation for insecticide treatments, optimizing resource use and
minimizing unnecessary chemical application. Similar strategies have been reviewed [109],
highlighting the benefits of precision systems for targeted pest control, which aligns with
the findings of this study.

Figure 6. Kendall’s τ correlation matrix between vegetation indices and CLB damage severity. Indices
are ordered by the strength of their correlation with damage level.

While CLB infestations can affect the water content in wheat, the results for water-
related VI in this study, based on Kendall correlation, were mixed. MSI showed a relatively
good correlation with plant damage (τ = 0.67), indicating that it could still be useful in
assessing water stress as secondary symptom of CLB infested plants. In contrast, WBI
(τ = −0.42) and NDWI (τ = −0.33) displayed lower correlation values, suggesting that these
indices may not be as effective for detection of damage by CLB.

Several studies have demonstrated the utility of various VI for detecting pest damage.
For instance, PRI and SIPI were effective for detecting fungal infections in winter wheat, as
they respond to fungal tissue on the leaf surface [110]. Similarly, Das et al. [111] showed
that classical indices such as NDVI, RVI, GI, PRI and LMVI1 can discriminate yellow
mosaic virus–infected soybean leaves, highlighting the broader applicability of VI for
detecting biotic stress across crop species. In contrast, our study focused on CLB-induced
leaf tissue loss, which explains why indices like NDVI750, RIGreen and GNDVI sensitive
to chlorophyll and structural changes, were more suitable. The key difference lies in the
physiological response of the plant: fungal infections alter the leaf surface by introducing
fungal structures, changing the reflectance properties of the leaf. In contrast, CLB larvae
cause direct tissue loss, creating characteristic white streaks on the leaf as they strip away
the outer layers [11] which reduces both the leaf area and its ability to reflect light. Similarly,
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aphid infestations, characterized by piercing–sucking feeding, lead to distinct spectral
changes [40]. The Aphid Index (AI) was the most effective for monitoring aphid damage, as
it leverages red edge and NIR regions to detect internal stress responses without significant
tissue loss. This highlights how the type of damage, whether surface alteration or tissue
loss, determines which VI are most suitable for detecting different pest damage types.

3.1.3. Uniform Manifold Approximation and Projection (UMAP) Transformation

UMAP dimensionality reduction was performed using optimized hyperparameters
(n_neighbors = 15, min_dist = 0.1), which were selected through a nested cross-validation
procedure (5 outer folds, 3 inner folds) combined with a constrained, literature-informed
grid search. Within each inner loop, candidate embeddings were evaluated based on
silhouette analysis of the obtained data transformation, ensuring that selected parameter
values maximized preservation of class-relevant structure while mitigating overfitting
given the limited sample size (~200 samples).

The final two-dimensional embeddings (Figure 7) retained meaningful separation
between severity categories, with clear clustering in the extreme classes (healthy and
severe) and moderate overlap in intermediate stages, reflecting gradual physiological
progression of damage rather than discrete categorical boundaries. Although UMAP
is unsupervised and does not explicitly optimize for class separability, the embeddings
captured relevant spectral variation associated with pest-induced stress while reducing
dimensionality from 2151 wavelengths to two latent axes. This confirms that UMAP can
effectively compress high-dimensional hyperspectral data while still preserving biologically
interpretable gradients of wheat damage severity.

Figure 7. Uniform Manifold Approximation and Projection (UMAP) transformation of hyperspectral
data for preassigned damage levels in CLB infested wheat flag leaves.

Finally obtained UMAP transformations demonstrated strong Kendall’s rank cor-
relations, with Component 1 showing a strong correlation of 0.829, and Component 2
a mild correlation of 0.315. These results additionally confirm that UMAP components
were closely aligned with the damage levels, rendering it a suitable input dataset for the
ML-based approaches.

3.2. Machine Learning (ML) Modelling

For the ML modelling and analysis of the data, 6 different ML models were trained and
validated, utilizing the nested cross-validation strategy depicted in Figure 3. The process
was repeated for three different sets of inputs: (i) spectral reflectance data (wavelengths),
(ii) VI and (iii) UMAP data transformation.
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3.2.1. ML Models Validation

The obtained validation results are listed in Table 2, individually for each model as
well as for each set of inputs. Bolded values represented the best-performing model for
each set of inputs, with the results additionally averaged to obtain a “global” performance
of the ML models across the input sets. Overall accuracy results showed good classification
performance, with average validation accuracy ranging from 81.43–90.63%. The variance
of the performance remained within reasonable levels of <7%, which was expected due to
the small size of the overall dataset. Precision and recall results also demonstrated good
performance of the models, with false positive (precision) and false negative (recall) values,
along with variance, remaining within reasonable amounts.

Table 2. Machine learning models classification validation results. Bolded values represent the
best-performing model for each set of inputs, with the results additionally averaged to obtain a global
performance of the ML models across the input sets.

LR KNN SVM RF LGBM XGBM Average

Wavelengths

Accuracy 88.25 ± 2.50 86.98 ± 4.95 90 ± 2.37 89.52 ± 3.68 89.05 ± 2.84 87.94 ± 4.92 88.62 ± 3.54
Precision 0.89 ± 0.03 0.87 ± 0.05 0.90 ± 0.02 0.90 ± 0.03 0.89 ± 0.03 0.88 ± 0.05 0.88 ± 0.04

Recall 0.88 ± 0.03 0.87 ± 0.05 0.90 ± 0.02 0.89 ± 0.04 0.89 ± 0.03 0.88 ± 0.05 0.89 ± 0.04
F1-score 0.88 ± 0.03 0.87 ± 0.05 0.90 ± 0.02 0.89 ± 0.04 0.89 ± 0.03 0.88 ± 0.05 0.89 ± 0.04

VI

Accuracy 87.78 ± 3.09 87.62 ± 2.68 90.63 ± 3.54 86.51 ± 4.18 85.71 ± 3.67 86.83 ± 3.43 87.51 ± 3.43
Precision 0.88 ± 0.03 0.88 ± 0.02 0.91 ± 0.03 0.87 ± 0.05 0.86 ± 0.04 0.87 ± 0.04 0.88 ± 0.04

Recall 0.87 ± 0.03 0.87 ± 0.03 0.90 ± 0.04 0.86 ± 0.04 0.85 ± 0.04 0.86 ± 0.03 0.87 ± 0.04
F1-score 0.87 ± 0.03 0.87 ± 0.03 0.90 ± 0.04 0.86 ± 0.04 0.85 ± 0.04 0.85 ± 0.04 0.87 ± 0.04

UMAP

Accuracy 84.29 ± 3.92 85.55 ± 4.99 88.41 ± 5.55 85.71 ± 5.55 82.38 ± 6.75 81.43 ± 3.89 84.63 ± 5.10
Precision 0.85 ± 0.04 0.86 ± 0.05 0.89 ± 0.05 0.87 ± 0.05 0.84 ± 0.06 0.82 ± 0.04 0.86 ± 0.05

Recall 0.84 ± 0.04 0.85 ± 0.05 0.88 ± 0.05 0.85 ± 0.06 0.82 ± 0.07 0.81 ± 0.04 0.84 ± 0.05
F1-score 0.84 ± 0.04 0.85 ± 0.05 0.88 ± 0.05 0.86 ± 0.05 0.82 ± 0.07 0.81 ± 0.04 0.84 ± 0.05

Among the ML models tested, SVM consistently outperformed others. While ad-
vanced tree-based models such as LGBM and XGBM were included, SVM excelled due to its
robust mathematical foundations, making it well suited for small, complex datasets [56,112].
In contrast, tree-based ensemble models tend to overfit and require careful hyperparameter
tuning, as they typically perform best when larger sample sizes allow reliable partitioning
of feature space and sufficient ensemble diversity [56].

The best overall performance was achieved using the full spectral dataset, as some
information was lost when transformed into VI or UMAP values. However, the VI-based
inputs showed no significant performance drop, highlighting their potential for remote
sensing-based CLB stress detection in the field. When contextualized with previous hyper-
spectral pest- and disease-detection studies, the performance of our models aligns well with
published accuracy ranges. A similar study [33] used a Random Forest (RF) classifier to
detect fall armyworm (Spodoptera frugiperda) damage in cotton and achieved an F-measure
of 0.913 by day eight. Near-perfect detection (>99%) has been reported for binary leafminer
infestation using SVM classifiers [113] and Susič et al. [114] achieved 90–100% accuracy
when distinguishing nematode-infested from drought-stressed tomato leaves. Yellow rust
in wheat has similarly been detected with >99% accuracy using MLP-derived spectral
features [115]. Moderate performance has also been documented: for example, PLS-DA
classification of Potato Y-virus–infected leaves produced a mean validation κ ≈ 0.73 [116].
Additionally, SVM has previously been identified as the best-performing model for classify-
ing soybean rust infection stages [117], reinforcing its robustness for multi-level crop damage
classification. By contrast, multi-class arthropod stress detection is substantially more chal-
lenging. Nansen et al. [118] reported only 39–68% accuracy when separating whitefly-, mite-,
and thrips-infested gerbera plants, with an overall accuracy of 76%. Within this context,
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our four-class CLB severity classification achieving 88–91% accuracy falls well within—or
above—the expected performance range for multi-level biotic stress discrimination.

Building on this overall performance evaluation, we further examined how well the
models operate at agronomically meaningful thresholds relevant for CLB management
in a one-versus-all manner: (II) slightly damaged (early detection/economic threshold of
approximately 1 larva per flag leaf) (Figure 8) and (III) moderately damaged (treatment
threshold of approximately 2–3 larvae per flag leaf) (Figure 9). Across both thresholds, full
spectral reflectance (wvls) delivered the most stable and highest accuracy, while VI achieved
near-equivalent performance, typically within a few percentage points, supporting their use
as scalable inputs for UAV/satellite workflows with only a modest loss of discriminative
power [119,120]. In contrast, UMAP-derived inputs were more variable and generally less
accurate, consistent with reports that dimensionality reduction can erode class separability
in small multi-class hyperspectral datasets [121].

Figure 8. Classifier performance at the early-detection threshold (slightly damaged plants) across
spectral inputs (wvls, VI, UMAP) using 10-fold nested cross validation; Accuracy, Precision, Recall,
F1-score (mean ± SD).

At the slightly damaged stage (Figure 8), the spectral signal is weaker and overlaps
with background variation; therefore, maximising sensitivity (recall) is essential to avoid
missing incipient cases, consistent with early-detection studies where pre-symptomatic
signals require sensitive features or classifiers [122,123]. By contrast, at the moderately
damaged stage (Figure 9), clearer class boundaries yield higher accuracy and precision,
so a balanced emphasis on accuracy and F1 is appropriate for treatment decisions. These
trends align with reports that classical learners—particularly SVM—perform robustly
on high-dimensional spectra, and that VI can serve as practical surrogates for wide-area
monitoring [36,37,119,124].

3.2.2. ML Models Feature Importance Analysis

Feature importance analysis was performed for the highest-performing model from
Table 2, the SVM model, using the overall dataset that included all four damage sever-
ity levels and both types of spectral inputs: vegetation indices (VI) and full reflectance
wavelengths. For simplicity, only the top ten most relevant features were presented in
the analysis. SVM feature importance obtained based on the SHAP values calculation is
presented in Figure 10, both for the wavelengths (nm) and VI datasets.
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Figure 9. Classifier performance at the treatment threshold (moderately damaged plants) across
spectral inputs (wvls, VI, UMAP) using 10-fold nested cross validation; Accuracy, Precision, Recall,
F1-score (mean ± SD).

 

Figure 10. Feature importance quantization for the wavelengths (left) and vegetation indices (right)
inputs set of the SVM model, based on SHAP values calculation.

The obtained wavelength importance results correlated well with the analysis pre-
sented in Section 3.1.1, particularly Figure 4, which highlighted the differences between
the spectral reflectance of different damage levels. It is interesting to note that the SVM
algorithm, due to its inherent robustness, uniformly utilized reflectance throughout the
entire measured spectrum, with relevance given to specific, more correlated bands. Among
the top-ranked features, SHAP highlighted narrow bands in the blue region (444, 454, and
455 nm), which are mainly sensitive to chlorophyll absorption but also to carotenoids that
absorb strongly in this part of the spectrum and contribute to photoprotection and stress
response [81,85]. In addition, the 830 nm band, located in the red-edge/NIR transition, was
the most important single feature, reflecting its dual sensitivity to chlorophyll concentra-
tion and changes in leaf structure, making it a robust indicator of early stress effects on
photosynthetic efficiency and canopy integrity [125]. Alongside these, bands in the broader
NIR and SWIR regions also emerged as highly relevant. The NIR range was important for
assessing internal leaf structure, while the SWIR range effectively captured water-related
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stress and changes in leaf composition, consistent with previous reports linking these
regions to plant physiological status [89–92,94–99].

A similar match was observed between the SHAP values of VI and Kendall’s Rank
coefficient (see Figure 6), where NDVI, GNDVI, NDVI750, RIGreen and CRI2 were present
in the top five VI of both ranking procedures. This was expected as these indices are known
for their ability to represent plant health in terms of greenness and vigor. Notably, the
CRI2 stood out with the highest SHAP value, indicating its significant impact on the model
output. These findings align with those of a previous study [7], which observed increased
carotenoid content in wheat genotypes infested with CLB. This suggests that carotenoids,
important for photoprotection and antioxidant defense [126] play a role in the plant’s stress
response to herbivory—supporting the use of CRI2 for detecting such changes. In addition,
CRI1, PRI and REP were prominently featured in the SHAP feature importance analysis,
indicating their significant contribution to the classification accuracy of the SVM model.
These indices were frequently used by the model, emphasizing their role in discriminating
damage levels. Although SIPI was highlighted in the analysis, its lower Kendall’s rank
coefficient and the fact that it primarily distinguishes severely damaged plants (Figure 5)
that are already beyond economic thresholds, limit its practical value.

In precision agriculture, analyzing high-dimensional spectral data, such as that from
hyperspectral sensors, often requires dimensionality reduction techniques to simplify the
data while retaining the most relevant information. Our study has shown that despite
the challenges of early pest detection, a refined method combining spectral reflectance,
derived VI and UMAP-transformed data has been developed to classify different levels
of CLB damage using ML models. The SVM model achieved similar accuracy (88–90%)
regardless of whether the full spectral dataset or the reduced data (VI and UMAP) were
used, highlighting the effectiveness of this approach. This method proves particularly
valuable for decision-making and early intervention, as it allows accurate pest management
when economic thresholds are reached, ensuring timely and effective control.

Although leaf-level measurements provide clear spectral separation among CLB dam-
age classes, their transferability to canopy or UAV scales is influenced by factors such
as soil background, LAI, leaf angle distribution and multiple scattering [127]. Earlier
studies demonstrated that different canopy layers contribute unevenly to the measured
signal [127] and that soil and plant architectural variability can alter canopy-level biochem-
ical retrievals [128] supporting the view that leaf-to-canopy transitions are not universally
linear [129]. However, wheat represents a favourable case for achieving successful leaf-to-
canopy transfer. Its canopy is comparatively shallow, and the flag leaf—both physiologically
dominant and structurally exposed—accounts for much of the intercepted radiation and
assimilate supply [130]. Because CLB larvae remove tissue directly from this uppermost
leaf, the resulting spectral signal is less diluted by lower canopy layers, increasing the
likelihood that leaf-level CLB signatures remain detectable at canopy scale, particularly
when using proximal or UAV hyperspectral sensors. Radiative transfer models such as
PROSAIL, which couple leaf optical properties with canopy architecture, provide a robust
framework for exploring how leaf-level changes propagate to canopy reflectance under
realistic sun–sensor geometries [131]. While full radiative-transfer modelling was beyond
the scope of this study, future work could use such simulations, together with large-scale
spectral observations, to more rigorously assess the detectability of CLB damage at canopy
level under field heterogeneity.

4. Conclusions
Wheat, as a staple crop, is highly susceptible to various biotic stress factors, including

insect pests, which can significantly reduce crop yields. Recent advances in multispectral
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and hyperspectral sensors have enabled more precise monitoring of plant stress using
spectral reflectance and VI as numerical indicators. As far as current literature indicates,
this is among the first studies to investigate the effects of CLB infestation on the spectral re-
flectance of wheat and provides new insights into how pest-induced stress can be detected
non-destructively. A framework was developed to model the spectral response of CLB
damage at four severity levels, aligned with economic thresholds for insecticide application.
In addition to this full multi-level classification, the framework was also evaluated at two
agronomically relevant thresholds (slightly and moderately damaged plants), strengthen-
ing its decision-making relevance. Using a full-range spectroradiometer (350–2500 nm)
and ML techniques, results confirmed that hyperspectral sensing effectively captures CLB-
induced physiological changes. UMAP was used together with ML models such as SVM
to efficiently manage large spectral datasets and classify damage levels with high accu-
racy. Among the models tested, the SVM classifier achieved the strongest performance,
reaching 90% overall accuracy across the four severity classes and over 91% accuracy at
the early-detection threshold, demonstrating its suitability for operational severity assess-
ment. This approach illustrates how big data in agriculture can be effectively processed
using advanced computational techniques. Feature importance analysis identified key
VI (GNDVI, NDVI750, RIGreen, NDVI and CRI2), which were closely associated with
pigment and structural changes in flag leaves. One of the most important contributions of
this research is the potential to simplify and improve pest monitoring practices. Although
proximal sensing was the focus of this study, the methodology could be adapted to systems
capable of scanning larger areas, such as drone- or satellite-based sensors, bearing in mind
that satellite platforms provide only discrete VIS–NIR and selected SWIR channels (e.g.,
Sentinel-2: 1610 and 2190 nm; Landsat 8/9: 1570–1650 and 2110–2290 nm) rather than full
350–2500 nm hyperspectral coverage. As a result, only part of the diagnostic spectral infor-
mation identified here would be transferable to satellite applications, whereas UAV-based
sensing can retain much of the spectral detail required for accurate damage discrimina-
tion. Given the scale of wheat cultivation, this approach offers a scalable solution for field
monitoring and early pest detection. Differentiating healthy from slightly/moderately
damaged plants enables timely intervention and more precise pest management, including
targeted pesticide use. Additionally, the spectral differentiation between damage levels
suggests that this approach could be applied to map infestation hotspots, providing valu-
able insights for generating prescription maps. This work integrates spectral reflectance,
VI, and ML modelling for both global and threshold-based classifications, achieving high
accuracy and identifying key indices relevant to plant stress, demonstrating scalability to
UAV or satellite monitoring. It should also be noted that other abiotic or biotic stresses
(e.g., drought, fungal pathogens, nutrient deficiencies) can induce partially overlapping
spectral responses, and future work should evaluate model specificity under multi-stress
field conditions. Future studies integrating canopy-level or large-scale sensing will be
essential to validate these leaf-derived signatures under real field conditions. While results
reflect specific experimental conditions, they serve as a proof-of-concept for early detection
and agronomically relevant, threshold-based pest management.
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Abbreviations
The following abbreviations are used in this manuscript:

CLB Cereal Leaf Beetle
ML Machine learning
RS Remote sensing
VI Vegetation index/indices
LR Linear regression
KNN k-nearest neighbor
RF Random Forest
LGBM Light Gradient-Boosting Machine
XGBM Extreme Gradient Boosting Machine
LAI Leaf area index

Appendix A. Implementation Aspects
The processing and analysis of data, including algorithms presented in Section 2.2.

Data analysis and Section 2.3. Machine learning analysis was performed in Python 3.9,
with utilization of the corresponding open-source libraries:

Scikit-learn: data processing, PCA, LR, KNN, SVM, RF (version 1.2.2 https://scikit-
learn.org/stable/ (accessed on 11 September 2025)),

uMAP (https://umap-learn.readthedocs.io/en/latest/ (accessed on 12 September
2024) version 0.1.1),

LightGBM (https://lightgbm.readthedocs.io/en/latest/ (accessed on 19 September
2025) version 4.1.0),

XGBoost (https://xgboost.readthedocs.io/en/stable/python/python_intro.html
(accessed on 20 September 2025) version 1.6.2),

Optuna (https://optuna.org/ (accessed on 20 September 2025) version 3.2.0),
SHAP (https://shap.readthedocs.io/en/latest/ (accessed on 8 October 2024) ver-

sion 0.44.1).
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Agriculture 2025, 15, 2482 21 of 28

Appendix B

Table A1. Model hyperparameter search space.

Model Hyperparameter Range

UMAP
No. of neighbors [5, 10, 15, 20, 30]

Minimum distance [0.0, 0.01, 0.05, 0.1, 0.2, 0.5]

Logistic regression
C [1 × 10−3, 50], uniform distribution in the log domain

Tolerance [1 × 10−6, 1 × 10−3], uniform distribution

Penalty [l1, l2, elasticnet]

K-nearest neighbors

No. of neighbors [1, 50], integer

Weights [uniform, distance]

Metric [Euclidean, Manhattan, Minkowski]

Support vector machine

Kernel [linear, rbf, poly, sigmoid]

C [0.1, 50], float

Gamma [0.0001, 0.001, 0.01, 0.1, 1, scale, auto]

Degree [2, 3, 4, 5], if kernel = poly

Random forest

No. of estimators [1, 500], integer

Max features [auto, sqrt]

Max depth [10, 110], integer, step = 10

Min samples split [2, 10], integer, step = 2

Min samples leaf [1, 4], integer

Light gradient-boosting
machine

Objective Multiclass

Boosting type GBDT

No. of leaves [2, 256], integer

Learning rate [1 × 10−4, 0.1], uniform distribution in the log domain

No. of estimators [10, 1000], integer

Reg alpha [1 × 10−8, 10], uniform distribution in the log domain

Reg lambda [1 × 10−8, 10], uniform distribution in the log domain

Subsample [0.5, 1], float, step = 0.01

Colsample bytree [0.5, 1], float, step = 0.01

Min child samples [5, 50], integer, step = 5

Min child weight [1 × 10−3, 10], float, step = 1 × 10−3

Metric Multi logloss

Num of classes 4

Max depth −1

Subsample freq 1

Early stopping rounds 20

Objective Multi:softmax

Booster gbtree

No. of leaves [2, 256], integerXGBoost

Learning rate [1 × 10−4, 0.1], uniform distribution in the log domain

No. of estimators [10, 1000], integer
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Table A1. Cont.

Model Hyperparameter Range

Alpha [1 × 10−8, 10], uniform distribution in the log domain

Lambda [1 × 10−8, 10], uniform distribution in the log domain

Subsample [0.5, 1], float, step = 0.01

Colsample bytree [0.5, 1], float, step = 0.01

Min child samples [5, 50], integer, step = 5

Min child weight [1 × 10−3, 10], float, step = 1 × 10−3

Metric Multi logloss

Num of classes 4

Subsample freq 1

XGBoost

Early stopping rounds 20
gray-shaded fields denote fixed hyperparameters.

Appendix C

Table A2. Model tuning performance times—wavelength inputs set.

Model Single Trial Time (s) Total CV Tuning Time (s) Inference Time per Sample (ms)

LR 1.2879 ± 0.0643 64.39 ± 3.22 0.0155 ± 0.0015

KNN 0.3867 ± 0.0455 19.34 ± 2.28 0.0376 ± 0.0109

SVM 0.3224 ± 0.0398 16.11 ± 1.99 0.0237 ± 0.0058

RF 21.0088 ± 6.9670 1050.44 ± 348.35 0.0427 ± 0.0101

LGBM 1.0313 ± 0.1558 51.56 ± 7.79 0.0924 ± 0.0081

XGBM 8.4305 ± 2.9326 421.52 ± 146.63 0.0215 ± 0.0052

Table A3. Model tuning performance times—vegetation indices inputs set.

Model Single Trial Time (s) Total CV Tuning Time (s) Inference Time per Sample (ms)

LR 0.1013 ± 0.0100 5.06 ± 0.50 0.0020 ± 0.0021

KNN 0.0570 ± 0.0153 2.85 ± 0.76 0.0030 ± 0.0032

SVM 0.0598 ± 0.0158 2.99 ± 0.79 0.0032 ± 0.0059

RF 1.8527 ± 0.3578 92.64 ± 17.89 0.0176 ± 0.0102

LGBM 0.2271 ± 0.0214 11.36 ± 1.07 0.0074 ± 0.0049

XGBM 1.2151 ± 0.3844 60.75 ± 19.22 0.0019 ± 0.0022

Table A4. Model tuning performance times—UMAP-transformed inputs set.

Model Single Trial Time (s) Total CV Tuning Time (s) Inference Time per Sample (ms)

LR 0.0747 ± 0.0146 3.73 ± 0.73 0.0018 ± 0.0028

KNN 0.0592 ± 0.0215 2.96 ± 1.07 0.0018 ± 0.0023

SVM 0.0570 ± 0.0183 2.85 ± 0.91 0.0011 ± 0.0008

RF 2.2010 ± 0.2254 110.05 ± 11.27 0.0301 ± 0.0140

LGBM 0.2268 ± 0.0153 11.34 ± 0.76 0.0071 ± 0.0108

XGBM 1.0016 ± 0.3155 50.58 ±15.77 0.0034 ± 0.0031
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The overall ML models training and validation procedure lasted for 5 h and 30 min on
a machine with 4 cores, 3.5 GHz clock and 16 GB of RAM.
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Abiotic and Biotic Drought Stress in Tomatoes Using Hyperspectral Imaging. Sens. Actuators B Chem. 2018, 273, 842–852.
[CrossRef]

115. Moshou, D.; Bravo, C.; West, J.; Wahlen, S.; McCartney, A.; Ramon, H. Automatic detection of “yellow rust” in wheat using
reflectance measurements and neural networks. Comput. Electron. Agric. 2004, 44, 173–188. [CrossRef]

116. Couture, J.J.; Singh, A.; Charkowski, A.O.; Groves, R.L.; Gray, S.M.; Bethke, P.C.; Townsend, P.A. Integrating spectroscopy with
potato disease management. Plant Dis. 2018, 102, 2233–2240. [CrossRef]

117. Negrisoli, M.M.; Negrisoli, R.; da Silva, F.; Lopes, L.S.; Souza Júnior, F.S.D.; Velini, E.D.; Raetano, C.G. Soybean rust detection and
disease severity classification by remote sensing. Agron. J. 2022, 114, 3246–3262. [CrossRef]

118. Nansen, C.; Murdock, M.; Purington, R.; Marshall, S. Early infestations by arthropod pests induce unique changes in plant
compositional traits and leaf reflectance. Pest Manag. Sci. 2021, 77, 5158–5169. [CrossRef]

119. Segarra, J.; Araus, J.L.; Kefauver, S.C. Farming and Earth Observation: Sentinel-2 data to estimate within-field wheat grain yield.
Int. J. Appl. Earth Obs. Geoinf. 2022, 107, 102697. [CrossRef]

120. Kamenova, I.; Dimitrov, P. Evaluation of Sentinel-2 vegetation indices for prediction of LAI, fAPAR and fCOVER of winter wheat
in Bulgaria. Eur. J. Remote Sens. 2020, 54 (Suppl. S1), 89–108. [CrossRef]

121. Feng, F.; Li, W.; Du, Q.; Zhang, B. Dimensionality reduction of hyperspectral image with graph-based discriminant analysis
considering spectral similarity. Remote Sens. 2017, 9, 323. [CrossRef]

122. Ou, Y.; Yan, J.; Liang, Z.; Zhang, B. Hyperspectral Imaging Combined with Deep Learning for the Early Detection of Strawberry
Leaf Gray Mold Disease. Agronomy 2024, 14, 2694. [CrossRef]

123. Tomaszewski, M.; Nalepa, J.; Moliszewska, E.; Ruszczak, B.; Smykała, K. Early Detection of Solanum Lycopersicum Diseases
from Temporally-Aggregated Hyperspectral Measurements Using Machine Learning. Sci. Rep. 2023, 13, 7671. [CrossRef]

124. Melgani, F.; Bruzzone, L. Classification of hyperspectral remote sensing images with support vector machines. IEEE Trans. Geosci.
Remote Sens. 2004, 42, 1778–1790. [CrossRef]

125. Gitelson, A.; Merzlyak, M.N. Quantitative Estimation of Chlorophyll-a Using Reflectance Spectra: Experiments with Autumn
Chestnut and Maple Leaves. J. Photochem. Photobiol. B Biol. 1994, 22, 247–252. [CrossRef]

https://doi.org/10.3390/rs9090961
https://doi.org/10.1094/PDIS-10-17-1536-RE
https://doi.org/10.1080/15427528.2019.1648348
https://doi.org/10.1007/s10661-022-10766-6
https://doi.org/10.3844/ajassp.2009.1031.1035
https://doi.org/10.1016/j.compag.2017.07.019
https://doi.org/10.3390/en15010217
https://doi.org/10.1016/j.cropro.2021.105644
https://doi.org/10.1603/EN10058
https://www.ncbi.nlm.nih.gov/pubmed/22182561
https://doi.org/10.1038/s41598-022-09607-w
https://www.ncbi.nlm.nih.gov/pubmed/35379871
https://doi.org/10.3390/s18061901
https://www.ncbi.nlm.nih.gov/pubmed/29891814
https://doi.org/10.54386/jam.v15i1.1435
https://doi.org/10.1002/ps.5758
https://doi.org/10.1016/j.snb.2018.06.121
https://doi.org/10.1016/j.compag.2004.04.003
https://doi.org/10.1094/PDIS-01-18-0054-RE
https://doi.org/10.1002/agj2.21152
https://doi.org/10.1002/ps.6556
https://doi.org/10.1016/j.jag.2022.102697
https://doi.org/10.1080/22797254.2020.1839359
https://doi.org/10.3390/rs9040323
https://doi.org/10.3390/agronomy14112694
https://doi.org/10.1038/s41598-023-34079-x
https://doi.org/10.1109/TGRS.2004.831865
https://doi.org/10.1016/1011-1344(93)06963-4


Agriculture 2025, 15, 2482 28 of 28

126. Sun, T.; Rao, S.; Zhou, X.; Li, L. Plant carotenoids: Recent advances and future perspectives. Mol. Hortic. 2022, 2, 3. [CrossRef]
127. Wu, B.; Huang, W.; Ye, H.; Luo, P.; Ren, Y.; Kong, W. Using Multi-Angular Hyperspectral Data to Estimate the Vertical Distribution

of Leaf Chlorophyll Content in Wheat. Remote Sens. 2021, 13, 1501. [CrossRef]
128. Darvishzadeh, R.; Skidmore, A.; Atzberger, C.; van Wieren, S. Estimation of Vegetation LAI from Hyperspectral Reflectance Data:

Effects of Soil Type and Plant Architecture. Int. J. Appl. Earth Obs. Geoinf. 2008, 10, 358–373. [CrossRef]
129. Gara, T.W.; Skidmore, A.K.; Darvishzadeh, R.; Wang, T. Leaf to canopy upscaling approach affects the estimation of canopy traits.

GISci. Remote Sens. 2019, 56, 554–575. [CrossRef]
130. Kumar, P.; Gill, H.S.; Singh, M.; Kaur, K.; Koupal, D.; Talukder, S.; Bernardo, A.; St Amand, P.; Bai, G.; Sehgal, S.K. Characterization

of Flag Leaf Morphology Identifies a Major Genomic Region Controlling Flag Leaf Angle in the U.S. Winter Wheat (Triticum
aestivum L.). Theor. Appl. Genet. 2024, 137, 47. [CrossRef]

131. Verrelst, J.; Malenovský, Z.; Van der Tol, C.; Camps-Valls, G.; Gastellu-Etchegorry, J.-P.; Lewis, P.; North, P.; Moreno, J. Quantifying
vegetation biophysical variables from imaging spectroscopy data: A review on retrieval methods. Surv. Geophys. 2019, 40, 589–629.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1186/s43897-022-00023-2
https://doi.org/10.3390/rs13081501
https://doi.org/10.1016/j.jag.2008.02.005
https://doi.org/10.1080/15481603.2018.1540170
https://doi.org/10.1007/s00122-024-04701-1
https://doi.org/10.1007/s10712-018-9478-y

	Introduction 
	Materials and Methods 
	Data Acquisition 
	Study Site and Experimental Design 
	Visual Assessment of Damage on Flag Leaves 
	Spectral Data Acquisition 

	Data Analysis 
	Data Processing 
	Data Segmentation 
	Visual and Statistical Analysis 

	Machine Learning (ML) Analysis 
	Data Splitting and Processing 
	Machine Learning Models and Models Training 
	Models Validation 
	Feature Importance Analysis 


	Results and Discussion 
	Visual and Statistical Analysis 
	Response of Leaf Reflectance Spectra to CLB Damage 
	Vegetation Indices (VI) 
	Uniform Manifold Approximation and Projection (UMAP) Transformation 

	Machine Learning (ML) Modelling 
	ML Models Validation 
	ML Models Feature Importance Analysis 


	Conclusions 
	Appendix A
	Appendix B
	Appendix C
	References

