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ARTICLE INFO ABSTRACT
Dataset link: https://github.com/nicoladilillo/a Water stress is a critical factor limiting agricultural productivity, particularly in controlled environments such
dvancing spectral based lettuce_classification as greenhouses, where precision irrigation is essential. Accurate and timely detection of crop water status is

vital to prevent yield losses and enhance resource use efficiency. Visible-near infrared spectral reflectance
data can be acquired through non-destructive leaf-clip measurements and used to monitoring water stress
in lettuce-grown plants. However, given the high dimensionality of hyperspectral data, which often includes
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Lettuce classification redundant or non-informative variables that can lead to collinearity, several wavelength selection algorithms
Spectral preprocessing have been proposed to enhance classification performance. In this study, a new method for spectral features
Feature selection algorithms selection, called iGA-BOSS, is developed, specifically conceived for water stress detection. Its effectiveness

was proven on lettuce plants under different water stress conditions induced through controlled irrigation
deficits relative to optimal watering regimes. Spectral reflectance measurements were collected in vivo at two
growth stages and analyzed using advanced machine learning techniques. For comparison, the reflectance
data were processed using the most relevant algorithm available in the literature, and the iGA-BOSS achieved
the best performance, with an accuracy of 0.95 and an F1 score of 0.95. The selected features were used to
train Partial Least Squares Discriminant Analysis (PLS-DA) for binary classification of water stress. Notably,
the proposed method outperforms models trained on the complete wavelength set and competing algorithms,
offering the best trade-off between classification accuracy, spectral compactness, and computational efficiency.
These results demonstrate the effectiveness of combining robust preprocessing, targeted wavelength selection,
and supervised classification models for monitoring spectral water stress. The identified key wavelengths may
inform the development of tailored multispectral sensors, enabling scalable and efficient irrigation management
in precision agriculture.

1. Introduction et al., 2021), can lead to yield reductions of up to 50%, as observed on
lettuce (Lactuca sativa L.) (Galieni et al., 2015). In other horticultural

Environmental stresses are among the primary causes of crop losses crops, such as sweet basil (Ocimum basilicum L.), water stress has been

in agricultural systems, affecting both yield and quality (de la Pena shown to inhibit plant growth, decrease chlorophyll content, and cause

and Hughes, 2007; Junaid and Gokce, 2024). Among these, water
stress is particularly detrimental to crop productivity and can lead
to significant yield reductions (Francini and Sebastiani, 2019). It is
one of the major limiting factors for horticultural crops, especially in . . - )
regions like the Mediterranean basin, where water availability is often by monitoring the crop status in an extensive and continuous way. Re-
suboptimal (Toscano et al., 2023). The alterations in physiological and mote and proximal sensing approaches are key to implementing prompt
biochemical parameters due to drought stress in horticulture, such as and timely assessments. Applied in vegetable crops, optical sensing has
reduced leaf water content and increased membrane damage (Yavuz

substantial crop losses (Al-Hugqail et al., 2020).
To develop resilient crop systems, it is thus crucial to detect the oc-
currence of water stress in advance, before shriveling signs are visible,
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demonstrated its potential to monitor plant stress response (Maimaitiy-
iming et al., 2017). Evaluating induced stresses by studying plant/leaf
spectral reflectance signatures enables a broad range of data analysis
techniques (Shimada et al., 2012). In addition, the non-destructive
nature of this technique is advantageous with respect to traditional
phenotyping methods, which are labor-intensive, time-consuming, and
destructive in most cases (Kizil et al., 2012).

The potential of remote sensing techniques to detect water stress
in horticulture is ascertained: Duarte-Carvajalino et al. (2021) showed
that machine learning (ML) algorithms can determine influential re-
gions in the visible (VIS) and near infrared (NIR) wavelengths to
estimate water stress levels in potato crops. Also in potato, Romero
et al. (2017) used a leaf-clip spectroradiometer to measure leaf re-
flectance in crops induced by an irrigation deficit. Correlation between
spectral information and physiological parameters, such as foliar area
or total water content, was found. Caturegli et al. (2020) utilized a
handheld spectroradiometer to explore the effect of water stress on
the spectral reflectance of bermudagrass, deriving specific vegetation
indices (VIs) that could distinguish water absorption features. In tomato
plants, the combination of hyperspectral imagery and partial least
squares discriminant analysis (PLS-DA) allowed for the detection of
abiotic drought stress at very high accuracies (Susic¢ et al., 2018).

Considering leafy species, particularly lettuce varieties, few studies
have been performed to investigate the correlation between spectral
reflectance alteration and the occurrence of water stress, and they
mainly focused on a small portion of the spectral range, between
wavebands from 325 to 1075 nm. This is the case of Osco et al.
(2019), where the hyperspectral response of water-stressed lettuce
was evaluated using a handheld spectroradiometer. The obtained data
were processed by a Neural Network (NN) tool, which could separate
stressed and non-stressed groups with high accuracy at the end of the
experiment. However, an early-stage detection of the stress was not
confirmed. A similar work presented by Zhao et al. (2022) collected
hyperspectral images of potted lettuce plants in outdoor conditions, and
by means of Competitive Adaptive Reweighted Sampling (CARS) and
PLS allowed a prediction of water content with a correlation coefficient
of 85%. The uncontrolled outdoor growing conditions of the crops
induced additional variability in the experimental campaign, which
negatively affected the results. Kizil et al. (2012) presented a similar
study, in which spectral response in lettuce plants under different water
stress levels was measured with a handheld spectroradiometer, and
an NN was used to predict the crop yield. Even if the results were
promising (with R? values up to 0.92), they could not be linked to stress
detection in-vivo. Kumar et al. (2021) also used hyperspectral imaging
to distinguish water-stressed lettuce plants from normal irrigated ones.
A set of VIs derived from the spectral data and an NN algorithm allowed
a classification accuracy of 89.8% . All these preliminary and promising
works adopted hyperspectral instrumentation that acquired wavelength
bands only up to 950 nm. At the same time, it is known that bands in
the NIR and short-wave infrared (SWIR) regions also enclose potentially
valuable information for water stress detection. Up to date, only Gao
et al. (2021) considered the NIR and SWIR regions in their analysis,
aimed at detecting water content in lettuce through a combination of
RGB images, canopy temperature, and spectral reflectance. However,
results showed a correlation coefficient above 0.8 between the selected
features and water content only when the models analyzed were based
on multisensory inputs. Thus, additional rigorous investigations regard-
ing the specific effects induced by water stress on spectral reflectance
in lettuce leaves appear to be necessary.

Since the full Vis—-NIR-SWIR spectrum contains thousands of wave-
lengths, many of them could become redundant to a given classification
task. Using the entire spectrum may reduce model performance due
to overfitting and increased computational burden (Radhesyam et al.,
2024). As a result, selecting a compact and informative subset of
wavelengths can become a crucial step in developing efficient and
accurate classification or regression models.
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Recent studies in food and agricultural spectroscopy confirm the
importance of wavelength selection and feature extraction for im-
proving NIR-based models. Xu et al. (2025) proposed GSA-iPLS and
GSA-iSVM for selecting characteristic spectral intervals in rice protein
prediction, showing that optimized interval selection can reduce redun-
dancy while maintaining high regression accuracy. Dong et al. (2024)
combined 1D-CNN-SVM classification with BiPLS-IBPSO and CARS-
IBPSO wavelength selection for detecting illegal additives in wheat
flour, demonstrating the benefit of coupling chemometrics with intel-
ligent optimization. Similarly, Wei et al. (2025) compared CARS, SPA,
CNN, LSTM, and CNN-LSTM for NIR-based beer quality assessment and
authenticity verification, showing that advanced feature extraction can
improve both prediction accuracy and model compactness. Although
these works focus on food-quality applications, they support the use of
compact spectral representations for robust hyperspectral modeling in
plant-stress detection.

Indeed, several studies have demonstrated that reducing the number
of wavelengths can enhance the performance of classification and
regression models in hyperspectral imaging tasks. Specifically, both the
CARS algorithm and its Calibrated variant (CCARS) were employed to
reduce the number of wavelengths used to train a PLS-DA model for the
automatic detection of lettuce health status (Dilillo et al., 2025). This
research not only showed that it is possible to significantly decrease
the number of features without compromising accuracy, but also em-
phasized the importance of feature selection in improving the model’s
generalizability. The authors performed a permutation test to validate
these findings and analyzed learning curves, confirming that the model
did not suffer from overfitting or underfitting. Similarly, Peraza-Aleman
et al. (2025), used hyperspectral imaging to predict reducing sugar
content in various potato genotypes. Variable selection methods such
as CARS and interval PLS (iPLS) were used to reduce data complexity
while preserving model accuracy. The models were further validated at
the pixel level, ensuring spatial robustness, and visual maps were gen-
erated to effectively display the distribution of reducing sugars on the
surface of potato slices. In the review presented by Wang et al. (2025),
several feature selection methods have been identified as especially
effective in handling NIR spectral data. In particular, models such as
CARS, Genetic Algorithm-integrated Interval Partial Least Squares (GA-
iPLS), and Bootstrapping Soft Shrinkage (BOSS) have shown promising
results across multiple agricultural applications. While GA-iPLS and
BOSS have individually shown promise for variable selection in spectral
analysis, their combination remains underexplored. This study inves-
tigates a hybrid GA-iPLS + BOSS strategy, called iGA-BOSS, which
leverages evolutionary selection with ensemble refinement to improve
classification accuracy and model robustness.

Building upon this foundation, the present study presents an en-
hanced method for water stress detection on lettuce crop, based on non-
destructive optical sensing within the spectral range of 400-2500 nm.
The proposed workflow combines wavelength selection algorithms with
robust preprocessing techniques, namely Savitzky-Golay smoothing
(SG), first-derivative Savitzky—Golay preprocessing (SG1), Standard
Normal Variate (SNV), and Multiplicative Scatter Correction (MSC),
and evaluates multiple classification models, including Partial Least
Squares Discriminant Analysis (PLS-DA), Support Vector Machine
(SVM), Extreme Learning Machine (ELM), Extreme Gradient Boosting
(XGBoost), and Random Forest (RF).

The remainder of this paper is organized as follows. Section 2
describes the experimental setup, the data acquisition procedure, and
the preprocessing steps. Details on the stress detection methods based
on classification models, the required data partitioning strategies, and
the training procedures are also included in this Section. Section 3
presents the experimental outcomes, including model performance met-
rics, wavelength selection results, and comparative analyses. A critical
interpretation of the findings, with particular emphasis on the signif-
icance of the selected features and the reliability of the classification
pipelines, is also discussed. Finally, Section 4 concludes the study
by summarizing the key contributions and suggesting future research
directions for practical deployment and scalability.
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Table 1
Summary of the spectral dataset characteristics used in this
study.

Attribute Value

Total samples 216

Number of spectral wavelengths 2101

Spectral range (nm) 400-2500

Sampling interval (nm) 1

Number of classes 2

Class labels Control (C;)
Water Stressed (W)
Cycle (i) 1

2

3

2. Materials and methods
2.1. Greenhouse experimental setup

Lettuce (Lactuca sativa L.) plantlets were produced at the Centre
Agroinnova of the University of Turin (Grugliasco), in greenhouse at
an average daily temperature of 23-24 °C, with daily watering. The
cultivar selected was ’lattuga gentile’ (Four, Italy). Seeds were sown
into 60-holes trays filled with peat substrate. Two-week-old plantlets
were then transplanted in plastic pots (2 liters), on a substrate com-
posed of a mix of peat and perlite (50:50), moved in a greenhouse
and cultivated in a closed-loop soilless cultivation system with solution
recirculating for each treatment. The environmental conditions in the
greenhouse were controlled during the experimental period, resulting
in an average temperature of 22-25 °C, 80% relative humidity (RH),
and a 14-h light/10-h dark photoperiod. The concentrations of nutrients
in the nutrient solution, expressed as mM, were: 11.24 mM NO3-,
4.8 mM NH4+, 0.75 mM KH2PO4, 12.2 mM K+, 0.75 mM K2S04,
3.1 mM CaO, 2 mM MgO, 0.012 mM Fe chelate EDTA, 2 mM SO32-
, 0.2 mM B, 0.001 mM Mo, 0.15 mM Zn chelate EDTA, 0.05 mM Cu
chelate EDTA, 0.25 mM Mn chelate EDTA. The EC value for the nutrient
solution was 1500 uS/cm, and the average pH value was 7.06. Part
of the plants were subjected to water stress (W) and compared to full
(100%) irrigation control (C), corresponding to 150 ml of water/pot,
provided three times per day. Water stress was caused by a reduction
of 20% irrigation water in cycle 1, of 40% in cycle 2, and of 60% in
cycle 3. Each cropping cycle lasted 50-60 days. Treatments started the
same day the plants were transplanted. One plant was present in each
pot, and 15 pots were considered for each treatment. The cultivation
period was equivalent to the duration of the treatment application.

2.2. Data acquisition

Leaf reflectance variability was analyzed as an indicator of plant
response to artificially induced water stress. To this end, leaf spectral
data were collected using an RS-5400 UV-visible-infrared spectrora-
diometer? fitted with a leaf clip accessory. Spectral measurements were
recorded through the DARWin™ SP software® operating on a portable
field computer. Each acquisition produced a reflectance spectrum cov-
ering the 350-2500 nm wavelength range with a spectral resolution of
1 nm.

Due to excessive noise affecting the initial portion of the spectrum,
the first 50 wavelength bands were excluded from further analysis,
yielding 2101 reflectance values per spectrum. During each experi-
mental run, 18 lettuce plants from both the control group and the

2 https://www.alphaomega-electronics.com/en/spectrometers-spectro-
radiometers/4550-rs-5400-high-resolution-high-sensitivity-uv-vis-nir-
spectroradiometer.html

3 https://spectralevolution.com/product/darwin-sp-data-acquisition-
software/
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water-stressed treatment were selected. Spectral measurements were
collected at two phenological stages of crop development, when plants
had achieved approximately 50% and 70% of their final head size,
respectively.

All measurements were conducted in-vivo within the greenhouse,
with leaves remaining attached to the plants throughout the process.
Reflectance data were consistently recorded from an area of approxi-
mately 1 cm? located in the central region of the adaxial leaf surface.
Each measurement session took place around midday and lasted ap-
proximately three hours. The final dataset comprised 216 individual
spectral signatures. Each spectrum was assigned a categorical label in-
dicating whether the corresponding plant was subjected to water stress
(W) or maintained under control conditions (C;), where i described the
cycle number. A summary of the dataset’s structure and characteristics
is provided in Table 1.

2.3. Data preprocessing

The spectral data preprocessing involved three main steps: noise
filtering, data normalization, and outlier removal.

The noise filter, based on the Savitzky-Golay (SG) algorithm (Sav-
itzky and Golay, 1964), was applied to all spectra both without deriva-
tives (SG) and with the first derivative (SG1), to reduce high-frequency
noise while preserving the shape and position of spectral features.
Exploiting the first derivative, instead, is used to highlight subtle
variations in the spectra, enhance the resolution of overlapping peaks,
and emphasize changes in slope that are often masked in the raw signal.

Next, the spectra were normalized, considering two different tech-
niques: SNV (Barnes et al., 1989) and MSC (Martens and Naes, 1989).
SNV corrects for both additive and multiplicative scatter effects in
spectroscopic data by forcing each spectrum to have zero mean and unit
variance, thus improving comparability across samples and enhancing
classification robustness. MSC corrects multiplicative and additive ef-
fects caused by light scattering or baseline shifts by aligning all spectra
to a common baseline (in this work, that was the mean spectrum of the
dataset).

To enhance the robustness of subsequent modeling steps, an outlier
detection procedure was performed using PCA in combination with
the Mahalanobis distance (Jolliffe and Cadima, 2016; Ghorbani, 2019).
This method allows for identifying and removing samples that exhibit
unusual patterns not aligned with the dataset’s dominant variance
structure of the dataset (Mahalanobis, 1936; Johnson and Wichern,
2002).

After projecting the data onto the PCA space, each observation
x; was represented by its corresponding score vector t;. The squared
Mahalanobis distance of each sample from the multivariate mean was
then computed as:

D=t -p'SIt, - p @
where:

* A, equal to 10 in this case, is the number of retained principal
components,

* t; € R4 is the score vector of the ith sample in the latent space,

+ u € R4 is the mean of the score vectors (typically zero if the data
are centered),

+ S € R**4 is the sample covariance matrix of the scores.

Under the assumption of multivariate normality, the squared Maha-
lanobis distances Di2 follow a Chi-square distribution with A degrees
of freedom. Therefore, a statistically grounded threshold for outlier
detection was defined as:

2 2 _ 2 _
Dthreshold = Hleaa = 10.95’10 =18.31 (2)

Where ;(3.95 |0 Tepresents the critical value of the Chi-squared distri-
bution with 10 degrees of freedom at the 0.95 confidence level. This
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Fig. 1. Raw spectral signals before and after outlier removal, applying SG filtering with MSC and SNV normalization.

value remains unchanged regardless of the normalization technique
applied. Observations for which D,~2 > 18.31 were classified as outliers
and excluded from further analysis (Garrett, 1989).

The Mahalanobis distance was computed in the latent space ob-
tained via PCA after two different normalization strategies: combined
SG and SG1 with MSC and SNV. As shown in Fig. 2, both methods
have the same Chi-squared threshold, as also reported previously.
Observations exceeding this threshold were identified as outliers and
systematically excluded from further analysis to ensure the reliability
and consistency of downstream modeling.

Fig. 1 displays the original spectral signals without any prepro-
cessing and the final cleaned spectral signals following SG and SG1
smoothing combined with SNV and MSC normalization.

Note that the outcome of the cleaned spectral dataset and the
outlier removal phase vary depending on the normalization pipeline ap-
plied. Table 2 summarizes the resulting samples after these operations,
highlighting the balance between the W, and C; classes.

2.4. Machine learning models

In this study, five machine learning models were evaluated for
automatic spectral signature classification: Partial Least Squares Dis-
criminant Analysis (PLS-DA), Support Vector Machine (SVM), Extreme
Learning Machine (ELM), Extreme Gradient Boosting (XGBoost), and
Random Forest (RF). These models were selected to compare a chemo-
metric linear classifier, a margin-based kernel method, a neural-
network-based classifier, and two tree-based ensemble approaches.

Table 2
Train/test sample distribution by preprocessing pipeline, class (Control = C,,
Water Stressed = W;, where i indicates the cycle number).

Preprocessing Outlier Class Training Testing
samples samples
SG + MSC 18 C 22 10
G 22 9
C, 21 10
wy 24 10
W, 25 1
Ws 24 10
SG + SNV 20 C, 22 10
c, 22 9
c 22 9
W, 24 10
W, 24 11
W, 23 10
SG1 + MSC 24 C 22 9
C, 20 9
G, 21 9
w, 24 10
W, 24 11
4 23 10
SG1 + SNV 23 C, 22 9
C, 20 9
G, 22 9
W, 24 10
W, 24 11
W 23 10
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Fig. 2. Mahalanobis distance computed in the PCA-transformed space for SG and SG1 combined with MSC and SNV preprocessing strategies.

PLS-DA, a supervised technique that integrates elements of PLS
regression with discriminant analysis, has been designed to classify and
predict categorical outcomes based on multivariate data (Lee et al.,
2018). It achieves dimensionality reduction while maximizing the vari-
ance between predefined classes. PLS-DA offers a computationally ef-
ficient and interpretable framework by emphasizing latent variables
(LVs) that best separate these classes, particularly effective when spec-
tral variation is primarily linear (Cozzolino, 2018; Yin et al., 2017; Shi
et al., 2023).

SVMs have demonstrated strong performance in handling complex
and high-dimensional spectral data, particularly due to their ability to
model nonlinear relationships (Devos et al., 2014). Their robustness
and adaptability make them well-suited for applications such as seed
quality assessment and varietal discrimination, with several studies
reporting high classification accuracies (Zhang et al., 2018).

ELM was included as a fast neural-network-based classifier (Huang
et al.,, 2006). It consists of a single-hidden-layer feedforward neural
network in which the hidden-layer parameters are randomly assigned,
while only the output weights are learned analytically. This struc-
ture allows rapid model training while retaining the ability to model
nonlinear relationships in the spectral data.

XGBoost was considered a gradient-boosted decision-tree ensemble
(Chen and Guestrin, 2016). It builds sequential trees, where each new
tree attempts to correct the errors of the previous ones. This makes
XGBoost suitable for capturing nonlinear relationships and interactions
among spectral variables.

Random Forest was used as a bagging-based ensemble classifier
composed of multiple decision trees (Breiman, 2001). Each tree is
trained on a bootstrap sample of the training data, and random sub-
sets of variables are considered at each split. This strategy reduces
overfitting and provides a robust nonlinear baseline for classification.

After data normalization and outlier removal, the datasets were
divided into training and test sets at a 70:30 ratio. The sample set
was divided using random stratified sampling to preserve the class
distribution in both sets and ensure a balanced division. A 5-fold
cross-validation scheme was used within the training set to optimize
model parameters. For PLS-DA, the optimization included the number
of latent variables and, where applicable, wavelength selection using
CARS, GA-iPLS, BOSS, and the proposed iGA-BOSS method. SVM, ELM,
XGBoost, and Random Forest were instead evaluated as full-spectrum

classifiers under the same preprocessing combinations. Fig. 3 shows
and summarizes the pipeline used to train and test all models and the
different wavelength selection algorithms under study.

2.4.1. Permutation test

For all trained and tested models, permutation tests were included
in the evaluation phase. A permutation test is a non-parametric statis-
tical method used to determine whether a model’s performance signifi-
cantly differs from what would be expected under the null hypothesis,
namely, the scenario where there is no real distinction between the
classes. Instead of relying on a single performance indicator, the per-
mutation test thoroughly evaluates classification metrics by randomly
reassigning class labels and recalculating the model’s performance for
each permutation. The class labels are randomly shuffled only within
the training set, while the original ordering is preserved for the test set.
Class labels are shuffled for the training data and kept the same for the
testing ones (Good, 2005; Hastie et al., 2009). This process is repeated
many times to create a distribution of performance metrics based on the
null hypothesis, which serves as a solid basis for assessing the statistical
significance of the analyzed model (Foody, 2010, 2024).

The core idea of this method is that a reliable classification model
should show decreased performance when trained or evaluated on
datasets with randomly permuted labels. By comparing the perfor-
mance metric obtained from the original data to the distribution cre-
ated through permutations, one can calculate the p-value, a crucial
indicator in this testing framework (Sedgwick, 2014). The p-value
quantifies the probability of observing a performance metric as extreme
as, or more extreme than, that of the original data, assuming the null
hypothesis is true (Foody, 2009). It is calculated by determining the
proportion of permuted instances where the resulting metric equals or
surpasses the metric from the original dataset.

A p-value below the conventional threshold of 0.05 suggests that
the observed performance is unlikely to have occurred under the null
hypothesis. This implies that the model likely captures genuine patterns
in the data rather than random variations. Conversely, a p-value greater
than 0.05 indicates that the model’s observed performance is statis-
tically indistinguishable from what could be expected by chance, as
reflected by its similarity to performance on datasets with randomized
labels (Westerhuis et al., 2008).
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Fig. 3. Data division, training, and testing workflow.

2.4.2. Performance metrics

Model performance was assessed on the independent test set using
accuracy, precision, recall, F1 score, and specificity. These indicators
are commonly used for classification model evaluation and are derived
from the confusion matrix (Sokolova and Lapalme, 2009; Tharwat,
2020). Accuracy measures the overall proportion of correctly classified
samples. Precision indicates the proportion of samples predicted as
positive that were correctly classified, whereas recall, also referred to
as sensitivity, measures the proportion of actual positive samples that
were correctly identified. Specificity measures the proportion of actual
negative samples that were correctly classified. The F1 score represents
the harmonic mean of precision and recall and provides a balanced
measure when both false positives and false negatives are relevant.

The metrics are defined as follows:

TP+TN

Accuracy = 3)
TP+TN+FP+FN
Precision = _Ire (C))
TP+ FP
cpe s TP
1 t = —
Recall (Sensitivity) TP+ FN 5)
[ TN
S fi = — 6
pecificity TN+ FP 6)

Precision - Recall
F1S =2 7
core Precision + Recall 7

where TP, TN, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively.
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2.5. Wavelength selection algorithms

Continuous spectral data often suffer from multicollinearity, where
adjacent wavelengths exhibit high correlations (Xiaobo et al., 2010b).
This redundancy can adversely affect the performance of regression
and classification models. Selecting a subset of informative wavelengths
through feature selection techniques helps mitigate multicollinearity,
enhancing model accuracy and interpretability. Moreover, focusing on
key wavelengths can inform the development of more cost-effective and
efficient measurement instruments (Ma et al., 2024; Cheng et al., 2022).

In this work, three different algorithms were considered to perform
the wavelength selection task:

» Competitive Adaptive Reweighted Sampling (CARS) (Li et al.,
2009), which is a variable selection method consisting of an iter-
ative selection of subsets of variables by simulating a survival-of-
the-fittest process. Each iteration uses Monte Carlo sampling and
regression coefficients to evaluate the importance of variables,
gradually eliminating the least informative ones. It efficiently re-
duces redundant variables by dynamically updating weights and
progressively focusing on the most informative spectral regions.
Genetic Algorithm with interval PLS (GA-iPLS) (Mitchell, 1998;
Ngrgaard et al., 2000; Xiaobo et al., 2010a). The spectrum is
divided into intervals, and GA is used to search for the best
combination of intervals to improve model performance. It can
explore a large search space for optimal variable intervals, though
computationally more intensive than CARS.

Bootstrapping Soft Shrinkage (BOSS) (Deng et al., 2016), which
uses bootstrap sampling to generate different subsets of variables
and applies soft shrinkage to control their contribution. It main-
tains diversity in variable subsets while gradually focusing on
those contributing most to prediction accuracy. It balances explo-
ration and exploitation by combining bootstrap-based diversity
with soft selection pressure, often leading to robust and stable
models.

These algorithms were selected based on evidence from a recent
study (Wang et al., 2025), which found that although several methods
perform well in this context, BOSS and GA-iPLS yield the most favorable
results. Nonetheless, CARS continues to be one of the most widely
adopted and frequently cited techniques in the literature (Rogers et al.,
2023).

Since the present work addresses a classification task, wavelength
selection was performed by maximizing cross-validation accuracy
(Accuracy-CV) rather than minimizing the Root Mean Square Error
of Cross-Validation (RMSECV), which is commonly used in regression-
oriented wavelength selection studies. Therefore, candidate wavelength
subsets were selected according to their classification performance.

The main parameter settings used for the wavelength selection
algorithms are reported in Table 3. For CARS, 500 independent runs
were performed, each consisting of 100 Monte Carlo sampling itera-
tions, with 80% of the calibration samples used at each iteration. For
all wavelength selection methods, candidate wavelength subsets were
evaluated using PLS-DA models with 5-fold cross-validation and a max-
imum of 10 latent variables. The classification threshold was set to 0.5,
and model performance was optimized according to cross-validation
accuracy.

2.6. Proposed approach: iGA-BOSS

Studies employing GA-iPLS have shown that this method is effective
for wavelength selection in high-dimensional spectroscopic datasets,
mainly because it explores combinations of spectral intervals through
a global search strategy. However, GA-iPLS may retain a relatively
large number of variables compared with other wavelength selection
techniques. As shown in Table 4, based on the results reported by
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Table 3

Main parameter settings used for the wavelength selection algorithms.
Algorithm Parameter Value
CARS Number of runs 500
CARS Monte Carlo iterations per run 100
CARS Monte Carlo sample fraction 0.8
CARS Starting run index 0
GA-iPLS Number of spectral intervals 10
GA-iPLS Population size 200
GA-iPLS Number of generations 100
GA-iPLS Crossover probability 0.6
GA-iPLS Mutation probability 0.1
BOSS Number of bootstrap runs 1000
BOSS Number of outer iterations 100
PLS-DA evaluation Cross-validation folds 5
PLS-DA evaluation Max number of latent variables 10
PLS-DA evaluation Classification threshold 0.5

PLS-DA evaluation

Optimization criterion

Cross-validation accuracy

Wang et al. (2025), GA-iPLS selected up to 377 variables in the tobacco
dataset, with RMSEP (Root Mean Square Error of Prediction) values
ranging from 0.0086 to 2.8201, achieving high prediction accuracy
across different chemical and agricultural datasets.

In contrast, the BOSS algorithm has been identified as a competitive
alternative because it is able to select a smaller number of informative
wavelengths while maintaining comparable predictive performance.
For instance, BOSS selected as few as 7 variables for the wheat protein
dataset and achieved RMSEP values comparable to those obtained with
GA-iPLS in most cases. However, this compact wavelength selection can
come at the cost of high computational time. In the same benchmark,
BOSS required up to 431 min for a single dataset due to its iterative
bootstrap resampling and variable shrinkage steps.

To combine the strengths of these two methods while mitigating
their limitations, we propose a hybrid wavelength selection algorithm
named iGA-BOSS. The proposed approach follows a two-stage pipeline.
First, GA-iPLS is applied to the full spectral matrix to perform a coarse
but effective dimensionality reduction, retaining informative spectral
intervals while discarding redundant or uninformative ones. Then, the
reduced feature space is processed by BOSS, which performs a finer
wavelength-level selection more efficiently because it operates on a
reduced input space. The proposed iGA-BOSS method can therefore be
considered a hybrid wrapper—-embedded variable-selection strategy. In
the first stage, iGA-iPLS acts as a wrapper method, selecting spectral
intervals based on the calibration model’s predictive performance. In
the second stage, BOSS acts as an embedded/model-based selection
method, because individual wavelengths are further selected through
the modeling process, using bootstrap sampling and model-derived
variable weights. Thus, the final selected subset is not determined
only by interval elimination, but by a subsequent wavelength-level
refinement performed by BOSS.

The complete workflow of the proposed iGA-BOSS wavelength se-
lection strategy is summarized in Algorithm 1. The same parameter
settings reported in Table 3 were used for the corresponding GA-iPLS,
BOSS, and PLS-DA evaluation stages.

This hybrid strategy leverages the global interval-search capabil-
ity of GA-iPLS and the sparsity-promoting refinement of BOSS. As a
result, the proposed iGA-BOSS framework provides a practical bal-
ance between selection quality, model accuracy, and runtime -effi-
ciency. Although the present work focuses on a classification task, the
computational-time comparison remains relevant for other modeling
scenarios, including regression, because the main computational bur-
den of both GA-iPLS and BOSS depends primarily on the number of
candidate wavelengths and repeated model-fitting operations.

2.7. Computational environment

All experiments were conducted on a workstation with the following
specifications:

Algorithm 1 Proposed iGA-BOSS wavelength selection strategy

Require: Spectral matrix X, class vector y, number of spectral intervals
K
Require: GA-iPLS parameters: population size N,, number of genera-
tions G, crossover probability p., mutation probability p,,
Require: BOSS parameters: number of bootstrap runs B, number of
outer iterations 7, maximum number of latent variables A
Ensure: Final selected wavelength subset W*
1: Divide the full wavelength range into K contiguous spectral
intervals
2: Initialize a population of chromosomes, where each chromosome
encodes a candidate subset of spectral intervals
3: forg=1to G do
4 for each chromosome ¢ in the population do
5 Decode c¢ into the corresponding interval subset 7,
6: Extract the wavelengths belonging to 7,
'7.
8
9

max

Train a PLS-DA model using the selected wavelengths
Evaluate the fitness of ¢ using cross-validation accuracy
: end for

10: Select parent chromosomes according to their fitness

11: Apply crossover with probability p,

12: Apply mutation with probability p,,

13: Generate the population for the next generation

14: end for

15: Select the best interval subset I* obtained by GA-iPLS

16: Define the reduced wavelength set W;, as all wavelengths
belonging to 7*

17: Apply BOSS to the reduced spectral matrix Xy

18: fort=1to T do

19: for b=1to B do

20: Generate bootstrap samples from Xy, andy

21: Train weighted PLS-DA sub-models using candidate wave-
length subsets

22: end for

23: Update wavelength weights according to the stability of the
PLS-DA model coefficients

24: Remove wavelengths with low weights

25: end for

26: Select the wavelength subset that maximizes cross-validation
accuracy

27: Return the final selected wavelength subset W*

« CPU: Intel Xeon E3-1245 v5 @ 3.50 GHz (4 cores/8 threads,

Hyper-Threading enabled)
* Memory: 32 GB DDR4 RAM installed
* Operating System: Ubuntu 18.04.6 LTS
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Table 4
Comparison of BOSS and GA-iPLS for selected variables, RMSEP, and compu-
tation time across various datasets, as reported in Wang et al. (2025).

Dataset Algorithm Vars RMSEP Time (min.)
Beer BOSS 24 0.1535 9.87
GA-iPLS 227 0.1286 6.70
Corn oil BOSS 23 0.0180 18.27
GA-iPLS 140 0.0086 72.06
Wheat protein BOSS 7 0.1908 26.19
GA-iPLS 239 0.2573 21.07
Tobacco BOSS 24 0.0402 431.56
GA-iPLS 377 0.0277 208.70
Soy moisture BOSS 14 0.7397 8.12
GA-iPLS 18 0.9848 3.99
Diesel fuels BOSS 16 2.9979 110.19
GA-iPLS 88 2.9067 22.68
Tablets BOSS 19 0.3252 102.99
GA-iPLS 98 0.3228 17.72
Shootout-3 BOSS 15 2.8190 186.37
GA-iPLS 182 2.8201 128.58

The source code developed for this work, written in Python, is
open-source and freely available.* The repository provides implemen-
tations of the CARS, GA-iPLS, BOSS, and iGA-BOSS variable selection
algorithms for classification tasks, with cross-validated classification
accuracy used as the optimization criterion.

3. Results and discussion

All results are summarized in Tables 5 and 6. Computational time
is reported only for configurations involving wavelength selection,
since full-spectrum classifiers were trained directly on the preprocessed
spectra without an additional wavelength-selection step. For iGA-BOSS,
the wavelength subsets obtained from GA-iPLS under the corresponding
preprocessing pipeline were used as input to the subsequent BOSS
refinement stage, as listed in Appendix B.

3.1. General results analysis

Tables 5 and 6 report the test set classification performance ob-
tained with the SG and SG1 preprocessing pipelines, respectively. In
both tables, PLS-DA, SVM, ELM, XGBoost, and Random Forest are
classification models trained using the full spectrum, composed of 2101
wavelengths. The remaining rows correspond to PLS-DA models in
which the input wavelengths were selected using CARS, GA-iPLS, BOSS,
and the proposed iGA-BOSS method.

Overall, wavelength selection substantially improved classification
performance compared with the full-spectrum baseline models, while
drastically reducing the number of input wavelengths. The performance
of the full-spectrum classifiers varied considerably across preprocess-
ing pipelines, confirming that both preprocessing and model choice
strongly influence the classification of spectral signatures.

Among the full-spectrum classifiers, PLS-DA and SVM provided the
strongest baseline performances. PLS-DA achieved accuracies ranging
from 0.73 to 0.85, whereas SVM ranged from 0.69 to 0.83. PLS-DA
outperformed SVM in three of the four preprocessing pipelines, namely
SG+SNV, SG1+MSC, and SG1+SNV, confirming its suitability for high-
dimensional and highly collinear spectroscopic data. SVM achieved its
best result under SG+MSC preprocessing, reaching an accuracy of 0.83.

The additional nonlinear classifiers did not consistently improve the
results when applied directly to the full spectral matrix. Random Forest
achieved accuracies ranging from 0.59 to 0.76, with its best result

4 https://github.com/nicoladilillo/advancing_spectral_based_lettuce_
classification
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obtained under SG1+MSC preprocessing. XGBoost showed limited per-
formance, with accuracies between 0.55 and 0.66, suggesting that the
high dimensionality and collinearity of the full spectral matrix limited
its effectiveness in this dataset. ELM showed intermediate but incon-
sistent behavior, with accuracies ranging from 0.66 to 0.75, without
outperforming the strongest full-spectrum baselines.

In contrast, the wavelength-selection approaches generally
improved classification performance while greatly reducing the number
of wavelengths. The proposed iGA-BOSS achieved the highest overall
accuracy in most cases. Under the SG1+MSC pipeline, it reached an
accuracy, precision, and F1-score of 0.95 using only 20 selected wave-
lengths, representing the best performance observed across all methods
and preprocessing strategies. With SG+MSC preprocessing, iGA-BOSS
achieved 0.92 accuracy and 0.93 F1-score using 25 wavelengths, again
outperforming all competing algorithms within the same preprocessing
pipeline.

Under the SG14+SNV pipeline, iGA-BOSS matched the performance
of BOSS, with both methods reaching an accuracy of 0.93 and an
Fl-score of 0.94. However, BOSS achieved this result using only 19
wavelengths, whereas iGA-BOSS selected 64 wavelengths. Despite this
larger subset, iGA-BOSS required less computational time than BOSS.
Under SG+SNV preprocessing, BOSS achieved the best result, with 0.92
accuracy and 0.92 F1-score using only 18 wavelengths, while iGA-BOSS
obtained 0.90 accuracy and 0.90 F1-score using 38 wavelengths. These
results indicate that the proposed hybrid strategy provides competitive
or superior classification performance across preprocessing pipelines,
although BOSS remains particularly strong under SNV normalization.

Importantly, iGA-BOSS achieved its results using compact wave-
length subsets ranging from 20 to 64 wavelengths. These subsets were
slightly larger than those selected by BOSS, which retained only 18-19
wavelengths, but were generally smaller than or comparable to those
selected by CARS, which retained 25-90 wavelengths. Moreover, iGA-
BOSS showed lower computational time than BOSS, requiring on aver-
age approximately 1 h 54 min per run compared with approximately
3 h 12 min for BOSS. Although CARS required a similar or slightly
longer runtime than iGA-BOSS, its classification accuracy was generally
lower, ranging from 0.78 to 0.83.

When wavelength selection was applied, preprocessing had a clear
effect on model performance. BOSS consistently benefited from SNV
normalization: under SG preprocessing, accuracy increased from 0.88
with MSC to 0.92 with SNV, while under SG1 preprocessing it in-
creased from 0.91 with MSC to 0.93 with SNV. GA-iPLS showed smaller
changes, remaining at 0.88 under SG preprocessing and increasing from
0.90 to 0.91 under SG1 preprocessing. In contrast, iGA-BOSS performed
best with MSC preprocessing, reaching 0.92 accuracy under SG+MSC
and 0.95 under SG1+MSC, but slightly decreasing with SNV to 0.90
and 0.93, respectively.

In absolute terms, the best wavelength-selection method within each
preprocessing pipeline improved the strongest full-spectrum baseline
classifier by +0.09 for SG+MSC, from 0.83 with SVM to 0.92 with iGA-
BOSS; +0.07 for SG+SNV, from 0.85 with PLS-DA to 0.92 with BOSS;
+0.14 for SG1+MSC, from 0.81 with PLS-DA to 0.95 with iGA-BOSS;
and +0.10 for SG1+SNV, from 0.83 with PLS-DA to 0.93 with both
BOSS and iGA-BOSS. Therefore, the best or co-best performance was
obtained by iGA-BOSS in three of the four preprocessing configurations.

A visual comparison of accuracies across preprocessing pipelines
is provided in Fig. 5, highlighting the robustness and efficiency of
iGA-BOSS relative to the competing methods.

The methods also differed substantially in computational efficiency
and subset size. GA-iPLS was the fastest wavelength-selection method,
requiring approximately 12 min per run, but it selected very large
wavelength subsets, ranging from 588 to 757 wavelengths. Among
compact selectors, BOSS was the most parsimonious, selecting only
18-19 wavelengths, and achieved the highest accuracy-per-wavelength
value, reaching 0.05085 under SG+SNV. However, it was also the
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Table 5
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Test set classification performance using SG preprocessing combined with MSC and SNV. For feature-selection approaches, the model
column reports the classifier on the first line and the wavelength-selection algorithm on the second line.

Preproc. Model #Wav. #LV Acc. Rec. Prec. F1 Spec. Acc./ Comput.
(Algo.) Wav. time

MSC PLS-DA 2101 7 0.73 0.81 0.71 0.76 0.66 0.00035 -
SVM 2101 - 0.83 0.87 0.82 0.84 0.79 0.00040 -
ELM 2101 - 0.73 0.81 0.71 0.76 0.66 0.00035 -
XGB 2101 - 0.55 0.58 0.56 0.57 0.52 0.00026 -
RF 2101 - 0.67 0.77 0.65 0.71 0.55 0.00032 -
PLS-DA 25 6 0.83 0.90 0.80 0.85 0.76 0.03333 2:40:43
(CARS)
PLS-DA 609 10 0.88 0.94 0.85 0.89 0.83 0.00145 0:12:07
(GA-iPLS)
PLS-DA 18 10 0.88 0.90 0.88 0.89 0.86 0.04907 3:14:08
(BOSS)
PLS-DA 25 10 0.92 1.00 0.86 0.93 0.83 0.03667 1:52:53
(iGA-BOSS)

SNV PLS-DA 2101 9 0.85 0.81 0.89 0.85 0.89 0.00040 -
SVM 2101 - 0.75 0.81 0.74 0.77 0.68 0.00035 -
ELM 2101 - 0.75 0.84 0.72 0.78 0.64 0.00035 -
XGB 2101 - 0.61 0.55 0.65 0.60 0.68 0.00029 -
RF 2101 - 0.59 0.61 0.61 0.61 0.57 0.00028 -
PLS-DA 48 10 0.81 0.81 0.83 0.82 0.82 0.01695 2:37:54
(CARS)
PLS-DA 588 8 0.88 0.87 0.90 0.89 0.89 0.00150 0:11:48
(GA-iPLS)
PLS-DA 18 10 0.92 0.90 0.93 0.92 0.93 0.05085 3:12:51
(BOSS)
PLS-DA 38 10 0.90 0.90 0.90 0.90 0.89 0.02364 1:49:19
(iGA-BOSS)

Table 6

Test set classification performance using SG1 preprocessing combined with MSC and SNV. For feature-selection approaches, the model
column reports the classifier on the first line and the wavelength-selection algorithm on the second line.

Preproc. Model #LV Acc. Rec. Prec. F1 Spec. Acc./Wav. Comput.
(Algo.) time

MSC PLS-DA 2101 8 0.81 0.87 0.79 0.83 0.74 0.00039 -
SVM 2101 - 0.69 0.74 0.70 0.72 0.63 0.00033 -
ELM 2101 - 0.66 0.71 0.67 0.69 0.59 0.00031 -
XGB 2101 - 0.64 0.61 0.68 0.64 0.67 0.00030 -
RF 2101 - 0.76 0.74 0.79 0.77 0.78 0.00036 -
PLS-DA 90 7 0.83 0.90 0.80 0.85 0.74 0.00920 2:34:30
(CARS)
PLS-DA 757 8 0.90 0.94 0.88 0.91 0.85 0.00118 0:12:21
(GA-iPLS)
PLS-DA 19 9 0.91 0.97 0.88 0.92 0.85 0.04809 3:11:52
(BOSS)
PLS-DA 20 10 0.95 0.94 0.97 0.95 0.96 0.04741 2:01:37
(iGA-BOSS)

SNV PLS-DA 2101 9 0.83 0.84 0.84 0.84 0.81 0.00039 -
SVM 2101 - 0.81 0.84 0.81 0.83 0.78 0.00039 -
ELM 2101 - 0.71 0.71 0.73 0.72 0.70 0.00034 -
XGB 2101 - 0.66 0.61 0.70 0.66 0.70 0.00031 -
RF 2101 - 0.71 0.65 0.77 0.70 0.78 0.00034 -
PLS-DA 37 8 0.78 0.77 0.80 0.79 0.78 0.02097 2:34:14
(CARS)
PLS-DA 631 6 0.91 0.90 0.93 0.92 0.93 0.00145 0:12:07
(GA-iPLS)
PLS-DA 19 6 0.93 0.94 0.94 0.94 0.93 0.04900 3:11:11
(BOSS)
PLS-DA 64 6 0.93 0.94 0.94 0.94 0.93 0.01455 1:51:30
(iGA-BOSS)

slowest method, requiring approximately 3 h 12 min per run. iGA-
BOSS provided the most balanced profile, achieving best or near-best
accuracies with compact subsets of 20-64 wavelengths and runtimes
between 1 h 49 min and 2 h 02 min. This corresponds to an approxi-
mate 41% reduction in computational time compared with BOSS, while
maintaining comparable or superior classification performance in most
preprocessing configurations.

Although BOSS achieved the best accuracy-per-wavelength overall,
iGA-BOSS remained highly competitive, for example reaching 0.04741

under SG1+MSC while simultaneously delivering the highest absolute
accuracy observed in the study. These findings indicate that the pro-
posed hybrid method provides a better practical compromise between
classification accuracy, spectral compactness, and computational cost
than applying BOSS directly to the full spectral space.

These findings align with the observations discussed in Section 2.6,
where the results reported by Wang et al. (2025) are considered in rela-
tion to Table 4. As observed in that study, GA-iPLS selects substantially
larger wavelength subsets than BOSS but requires less computational
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Fig. 5. Comparison of classification accuracy obtained on the test set across
all preprocessing pipelines, full-spectrum classifiers, and wavelength-selection
algorithms.

time. The main difference in the present classification context is that
BOSS generally outperformed GA-iPLS in terms of classification accu-
racy, whereas in the regression-oriented benchmark the two methods
showed more comparable predictive performance.

Finally, permutation tests were performed to assess the statistical
robustness of all model configurations. As reported in Tables A.7 and
A.8 in the Appendix, almost all p-values were below 0.05, confirming
that the observed classification performances were statistically signif-
icant in nearly all cases. The only exceptions were Random Forest
under SG+SNV and SG1+SNV preprocessing for recall, where p-values
of 0.28 and 0.30 were obtained, respectively, and the RF accuracy, pre-
cision, and F1-score under SG+SNV, which also did not reach statistical
significance.

3.2. Confusion-matrix analysis

A qualitative reading of the confusion matrices in Figs. 6, 7, 8,
and 9 confirms the trends observed in Tables 5 and 6. Overall, wave-
length selection reduced the number of misclassified samples compared
with the full-spectrum classifiers and produced more balanced con-
fusion matrices across the two classes. The full-spectrum baselines,
namely PLS-DA, SVM, ELM, XGBoost, and Random Forest, showed
preprocessing-dependent behavior, whereas the wavelength-selection
methods, particularly BOSS and iGA-BOSS, generally provided lower
false-positive and false-negative counts.

Under SG+MSC preprocessing (Fig. 6), the proposed iGA-BOSS
achieved the best overall performance, with an accuracy of 0.92. Its
confusion matrix showed no false negatives, with FN = 0, indicating
maximal sensitivity for the W class. This result was obtained with only
five false positives, corresponding to the misclassification of five C sam-
ples as W. Compared with the full-spectrum baselines, the improvement
is clear: PLS-DA produced 10 false positives and 6 false negatives, SVM
produced 6 false positives and 4 false negatives, while Random Forest
produced 13 false positives and 7 false negatives. XGBoost showed
weak discrimination, with 14 false positives and 13 false negatives.

Under SG+SNV preprocessing (Fig. 7), BOSS was the strongest
performer, reaching an accuracy of 0.92. Its confusion matrix showed
only two false positives and three false negatives, corresponding to
high precision and specificity. The proposed iGA-BOSS produced a very
similar profile, with three false positives and three false negatives. In
contrast, the full-spectrum classifiers showed a higher number of errors:
PLS-DA produced three false positives and six false negatives, SVM pro-
duced nine false positives and six false negatives, ELM produced eight
false positives and ten false negatives, XGBoost produced nine false
positives and fourteen false negatives, and Random Forest produced
twelve false positives and twelve false negatives. These results indicate
that SNV particularly benefited BOSS, helping reduce false alarms while
maintaining low false-negative rates.

With SG1+MSC preprocessing (Fig. 8), iGA-BOSS delivered the best
result of the entire study, reaching an accuracy of 0.95. Its confusion
matrix contained only one false positive and two false negatives, show-
ing the most favorable balance between sensitivity and specificity. This
result was better than the full-spectrum classifiers: PLS-DA produced
seven false positives and four false negatives, SVM produced ten false
positives and eight false negatives, ELM produced eight false posi-
tives and four false negatives, XGBoost produced nine false positives
and twelve false negatives, and Random Forest produced six false
positives and eight false negatives. Among the wavelength-selection
methods, BOSS also performed strongly, with four false positives and
one false negative, while GA-iPLS produced four false positives and two
false negatives. However, iGA-BOSS achieved the lowest false-positive
count under this preprocessing pipeline, explaining its superior overall
performance.

Finally, under SG1+SNV preprocessing (Fig. 9), BOSS and iGA-
BOSS converged to identical confusion matrices, both producing two
false positives and two false negatives. This explains their identical
accuracy, Fl-score, precision, recall, and specificity values. GA-iPLS
also performed well, with two false positives and three false negatives.
By comparison, the full-spectrum baselines produced more errors: PLS-
DA and SVM each produced five false negatives, while XGBoost and
Random Forest produced twelve and eleven false negatives, respec-
tively. ELM again showed an extreme class bias, classifying almost all

10
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Fig. 6. Confusion matrices obtained under SG+MSC preprocessing for the full-spectrum classifiers and wavelength-selection-based PLS-DA models. The matrices
report the number of C and W lettuce leaves correctly and incorrectly classified on the test set.

samples as C, with no false positives but thirty false negatives. This
behavior confirms that ELM was highly sensitive to preprocessing and
unreliable for this dataset when applied directly to the full spectral
matrix.

These confusion-matrix patterns clarify how preprocessing shaped
each method’s error profile. For BOSS, SNV generally reduced false pos-
itives and improved specificity, especially under SG+SNV and
SG1+SNV. For iGA-BOSS, MSC was more favorable, particularly in
combination with SG1, where the method achieved the best overall
balance between false positives and false negatives. CARS generally
improved over the full-spectrum baselines but remained below the
top-performing selectors, mainly because of residual false positives
and false negatives. Among the full-spectrum classifiers, PLS-DA and
SVM were the most reliable, while ELM, XGBoost, and Random Forest
did not consistently improve discrimination. Overall, the confusion
matrices confirm that the best classification behavior was obtained
when PLS-DA was combined with wavelength selection, especially
through the proposed iGA-BOSS approach.

3.3. Key spectral regions identified through wavelength selection

Fig. 4 displays the wavelengths selected by the different feature se-
lection methods. In most cases, wavelengths were selected individually
across several spectral regions, whereas GA-iPLS retained contiguous
spectral intervals due to its interval-based selection mechanism. Al-
though wavelengths across the full spectral range were selected in most
cases, some regions were consistently identified by multiple algorithms.
This was observed around 970-980 nm, 1400-1450 nm, near 1560 nm,
between 1900 and 2000 nm, and in the spectral region immediately
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before 2500 nm. These results agree with previous studies that reported
strong water absorption features at 960, 1440 and 1950 nm in leaf
reflectance spectra (Roman and Ursu, 2016; Cui et al., 2024; Pefuelas
et al., 1993). Indeed, the VIS region of a leaf spectrum is mainly asso-
ciated with chlorophyll absorption (Gitelson et al., 2003; Hunt et al.,
2011), while the NIR region contains information related to leaf inter-
nal structure and morphology (Buitrago et al., 2018; Michéle R. Slaton,
2001). For the proposed iGA-BOSS framework, a closer examination of
the wavelengths selected by it reveals that a substantial proportion of
them are located within, or adjacent to, well-established water-sensitive
spectral regions. Additional selected wavelengths were found in neigh-
boring SWIR regions, where reflectance variations are known to be
influenced by changes in plant moisture content and drought-induced
physiological responses (Danson and Bowyer, 2004; Arevalo-Ramirez
et al., 2020). Overall, the consistency between the selected wavelengths
and the known spectral behavior of water-stressed vegetation suggests
that the proposed iGA-BOSS workflow effectively captures relevant
information related to plant water content, particularly within the NIR
and SWIR domains.

3.4. Advantages, limitations, and future perspectives

The results of this study show that the proposed iGA-BOSS strat-
egy provides a favorable compromise between classification accuracy,
wavelength compactness, and computational efficiency. The best con-
figuration, obtained with SG1+MSC preprocessing, reached 0.95 accu-
racy and 0.95 Fl-score using only 20 selected wavelengths. Although
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Fig. 7. Confusion matrices obtained under SG+SNV preprocessing for the full-spectrum classifiers and wavelength-selection-based PLS-DA models. The matrices

report prediction results for C and W classes on the test set.

this performance is high, especially considering the strong dimension-
ality reduction from 2101 wavelengths to 20 wavelengths, further im-
provements may be possible by exploring alternative feature-extraction
strategies.

The main advantage of the proposed approach is its interpretabil-
ity. Unlike black-box feature extraction methods, wavelength selection
explicitly identifies spectral bands associated with the discrimination
between control and water-stressed lettuce samples. This is relevant for
agronomic interpretation and for the future development of simplified
optical sensing systems based on a limited number of wavelengths. In
addition, the combination of GA-iPLS and BOSS reduces the computa-
tional burden of applying BOSS directly to the full spectral space, while
preserving compact and informative wavelength subsets.

However, the proposed method also has limitations. First, the ap-
proach remains dependent on the quality of the preprocessing pipeline
and on the stability of the wavelength-selection procedure. Second,
because the first stage is based on interval selection, potentially in-
formative wavelengths located in discarded intervals may be removed
before the BOSS refinement stage. Third, although 0.95 accuracy rep-
resents the best result obtained in this study, the classification task
remains binary, and future work should investigate whether more
advanced feature-extraction approaches can further improve discrim-
ination performance.

Recent studies have shown that deep learning can be used as an
automatic feature-extraction strategy for spectroscopic data, such as
CNN, LSTM, CNN-LSTM, or attention-based architectures. For example,
CNN-LSTM-based feature extraction has been used with near-infrared
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spectroscopy for beer quality and authenticity assessment, achieving
strong regression performance and 100% classification accuracy when
combined with PLS-DA (Wei et al., 2025). Deep learning approaches
can automatically learn nonlinear spectral representations and may
therefore capture complex patterns that are not fully described by
manually selected wavelengths.

Based on these considerations, future work should compare the
proposed wavelength-selection framework with deep learning-based
feature extraction methods. Such a comparison would clarify whether
automatically learned spectral features can outperform compact wave-
length subsets selected by chemometric methods. Nevertheless, PLS-DA
remains useful in this context as a interpretable and computation-
ally efficient reference model. Future research may investigate hybrid
approaches in which deep learning is used for nonlinear feature ex-
traction, while PLS-DA is retained for interpretable classification and
comparison with wavelength-selection-based models.

Another limitation of the present study is that the different water-
stress levels were merged into a binary classification problem, distin-
guishing only between control and stressed samples. This formulation
was adopted to evaluate the ability of the proposed workflow to detect
the presence of water stress in a robust and operationally simple way.
However, merging the 20%, 40%, and 60% water-reduction treatments
into a single stressed class inevitably removes information related to
stress severity. Future work will therefore extend the proposed frame-
work to a multi-class classification problem, in which control plants
and different water-stress levels are modeled as separate classes. This
will allow the evaluation of whether the selected wavelengths and
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Fig. 8. Confusion matrices obtained under SG1+MSC preprocessing for the full-spectrum classifiers and wavelength-selection-based PLS-DA models. The matrices
report the number of C and W lettuce leaves correctly and incorrectly classified on the test set.

classification models can discriminate not only the presence of water
stress, but also its intensity.

4. Conclusion

This study presented a comprehensive evaluation of wavelength
selection methods combined with classical classifiers for accurately
assessing lettuce physiological status under induced water stress using
spectral signatures. The results demonstrate that integrating prepro-
cessing techniques with advanced feature selection algorithms can
significantly enhance classification performance while reducing model
complexity.

Among the tested combinations, the integration of SG1 smoothing
and MSC normalization with the iGA-BOSS selection method, followed
by PLS-DA classification, yielded the highest accuracy (0.95) and F1-
score (0.95). Permutation tests confirmed the statistical significance
of all models, with p-values consistently below 0.05, reinforcing the
reliability of the results.

Beyond overall performance, the accuracy analysis per selected
wavelength shows that the proposed iGA-BOSS method achieves the
best performance in most cases, while also providing an excellent
trade-off between classification accuracy and spectral compactness.

Wavelength selection analysis identified several recurring spectral
regions, particularly around 1450 nm and 1950 nm, as informative
across multiple algorithms. These bands correspond to absorption fea-
tures related to water content in the leaf, underscoring their relevance
for crop monitoring applications. GA-iPLS-based methods were further
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distinguished by their ability to select contiguous wavelength intervals,
reflecting robust underlying spectral signatures.

The proposed methodology demonstrates the potential for build-
ing interpretable, computationally efficient, and high-performing mod-
els suitable for implementation in resource-constrained environments,
such as onboard processing for agricultural robotics or satellite plat-
forms.

Although the obtained results are promising, the present study was
conducted using a single lettuce cultivar within a single greenhouse
environment under controlled experimental conditions. Therefore, the
generalization capability of the proposed models across different culti-
vars, greenhouse configurations, seasons, or environmental conditions
cannot yet be fully assessed. Variations in genotype, illumination,
temperature, humidity, and cultivation practices may affect spectral
responses and consequently model performance.

Future works will include multi-cultivar and multi-environment
datasets to evaluate the robustness, transferability, and scalability of
the proposed methodology under more heterogeneous agricultural sce-
narios. In addition, the current binary classification framework will
be extended to a multi-class classification problem in order to distin-
guish among control, 20%, 40%, and 60% water-reduction treatments.
This will allow the assessment of whether the proposed wavelength-
selection strategy can capture progressive spectral changes associated
with increasing stress severity. Finally, the proposed iGA-BOSS ap-
proach will be compared with deep learning-based feature extrac-
tion methods, such as CNN-, LSTM-, and CNN-LSTM-based architec-
tures, to evaluate whether automatically learned spectral representa-
tions can further improve classification performance while maintaining
interpretability through comparison with selected wavelength regions.
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Fig. 9. Confusion matrices obtained under SG1+SNV preprocessing for the full-spectrum classifiers and wavelength-selection-based PLS-DA models. The matrices

report prediction results for C and W classes on the test set.
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Table A.7

Permutation test p-values associated with each model configuration using SG preprocessing. Values below 0.05 indicate statistically
significant performance improvements compared to chance. For feature-selection approaches, the model column reports the
classifier on the first line and the wavelength-selection algorithm on the second line.

Preprocessing Model Accuracy Recall Precision F1
(Algo.)

MSC PLS-DA 0.01 0.03 0.01 0.00
ELM 0.00 0.00 0.00 0.00
XGB 0.01 0.03 0.02 0.01
RF 0.01 0.02 0.01 0.00
SVM 0.01 0.03 0.02 0.01
PLS-DA 0.00 0.00 0.00 0.00
(CARS)
PLS-DA 0.00 0.00 0.00 0.00
(BOSS)
PLS-DA 0.00 0.00 0.00 0.00
(GA-iPLS)
PLS-DA 0.00 0.00 0.00 0.00
(iGA-BOSS)

SNV PLS-DA 0.00 0.00 0.00 0.00
ELM 0.00 0.00 0.01 0.00
XGB 0.00 0.01 0.00 0.00
RF 0.10 0.28 0.10 0.15
SVM 0.00 0.01 0.00 0.00
PLS-DA 0.00 0.00 0.00 0.00
(CARS)
PLS-DA 0.00 0.00 0.00 0.00
(BOSS)
PLS-DA 0.00 0.00 0.00 0.00
(GA-iPLS)
PLS-DA 0.00 0.00 0.00 0.00
(iGA-BOSS)

Table A.8

Permutation test p-values associated with each model configuration using SG1 preprocessing.
Values below 0.05 indicate statistically significant performance improvements compared to
chance. For feature-selection approaches, the model column reports the classifier on the first
line and the wavelength-selection algorithm on the second line.

Preprocessing Model Accuracy Recall Precision F1
(Algo.)

MSC PLS-DA 0.00 0.00 0.00 0.00
ELM 0.02 0.03 0.05 0.01
XGB 0.00 0.00 0.00 0.00
RF 0.00 0.07 0.00 0.00
SVM 0.00 0.00 0.00 0.00
PLS-DA 0.00 0.00 0.00 0.00
(CARS)
PLS-DA 0.00 0.00 0.00 0.00
(BOSS)
PLS-DA 0.00 0.00 0.00 0.00
(GA-iPLS)
PLS-DA 0.00 0.00 0.00 0.00
(iGA-BOSS)

SNV PLS-DA 0.00 0.00 0.00 0.00
ELM 0.01 0.02 0.01 0.01
XGB 0.00 0.00 0.00 0.00
RF 0.01 0.30 0.00 0.02
SVM 0.00 0.00 0.00 0.00
PLS-DA 0.00 0.02 0.00 0.00
(CARS)
PLS-DA 0.00 0.00 0.00 0.00
(BOSS)
PLS-DA 0.00 0.00 0.00 0.00
(GA-iPLS)
PLS-DA 0.00 0.00 0.00 0.00
(iGA-BOSS)
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Wavelengths selected by each feature selection method under SG + MSC preprocessing. Ranges indicate contiguous
spectral intervals; comma-separated values indicate individual wavelengths.

Algorithm Wavelengths

CARS 783, 804, 943, 981, 1003, 1125, 1168, 1239, 1264, 1318, 1390, 1423, 1524, 1541,
1558, 1817, 1878, 1907, 1973, 1991, 2067, 2085, 2100, 2120, 2399

GA-iPLS 400-420, 526-546, 673-714, 757-777, 841-861, 904-945, 988-1008, 1282-1302,
1345-1428, 1471-1491, 1555-1575, 1639-1659, 1681-1701, 1723-1743,
1849-1869, 1891-1911, 2080-2100, 2143-2163, 2185-2247, 2290-2310,
2353-2373, 2416-2436

BOSS 401, 518, 560, 852, 854, 884, 901, 940, 1027, 1438, 1467, 1630, 1863, 2026, 2041,

GA-iPLS + BOSS

2076, 2194, 2304
683, 688, 695, 1007, 1347, 1361, 1372, 1378, 1394-1395, 1405, 1426, 1482, 1570,
1574, 1657-1658, 1687, 1695, 1897, 2187, 2190, 2192, 2235, 2247

Table B.10
Wavelengths selected by each feature selection method under SG + SNV preprocessing.
Algorithm Wavelengths
401, 447, 499, 672, 702, 733, 798, 857, 893, 945, 981, 1016, 1060, 1090, 1120, 1171, 1203, 1237,
CARS 1285, 1322, 1357, 1387, 1421, 1452, 1512, 1544, 1576, 1607, 1654, 1684, 1715, 1782, 1816, 1878,
1917, 1980, 2016, 2046, 2085, 2118, 2219, 2252, 2292, 2323, 2358, 2398, 2437, 2494
GA-iPLS 400-420, 505-525, 631-651, 694-714, 757-777, 799-819, 862-882, 925-945, 967-987, 1009-1029,
1135-1155, 1219-1239, 1345-1407, 1450-1470, 1492-1512, 1534-1554, 1618-1638, 1870-1911,
2059-2079, 2227-2268, 2332-2352, 2374-2415, 2458-2478
BOSS 422, 637, 644, 922, 941, 964, 1098, 1123, 1458, 1520, 1636, 1655, 1779, 1814, 1860, 2018, 2257,
2287
GA-iPLS + 511, 695, 764, 805, 807, 925, 928, 1018, 1141, 1234, 1357, 1362, 1380-1381, 1389, 1393, 1404,
BOSS 1494, 1618, 1633, 1887, 1890, 1892, 1897, 1904, 2066, 2074, 2229, 2251, 2343, 2346, 2384, 2407,
2413, 2415, 2475, 2477-2478
Table B.11
Wavelengths selected by each feature selection method under SG1 + MSC preprocessing.
Algorithm Wavelengths
CARS 413, 436, 473, 492, 538, 594, 620, 637, 675, 699, 764, 789, 816, 843, 859, 883,
907, 929, 954, 978, 995, 1025, 1045, 1068, 1083, 1106, 1141, 1156, 1174, 1193,
1211, 1227, 1250, 1279, 1301, 1327, 1350, 1372, 1402, 1426, 1445, 1467, 1488,
1505, 1523, 1538, 1569, 1588, 1603, 1620, 1636, 1654, 1674, 1692, 1722, 1739,
1759, 1775, 1804, 1827, 1845, 1863, 1895, 1914, 1930, 1951, 1979, 2011, 2035,
2057, 2081, 2108, 2133, 2153, 2175, 2197, 2223, 2248, 2266, 2281, 2305, 2330,
2349, 2378, 2393, 2416, 2446, 2461, 2482, 2499
GA-iPLS 505-525, 547-567, 610-630, 736-756, 799-819, 841-861, 925-945, 967-987,
1030-1071, 1135-1197, 1261-1281, 1387-1407, 1429-1470, 1534-1575,
1618-1638, 1681-1701, 1723-1743, 1786-1806, 1828-1869, 1996-2016,
2080-2100, 2143-2163, 2248-2331, 2353-2373, 2437-2500
BOSS 486, 714, 769, 868, 1058, 1349, 1397, 1836, 1843, 1897, 1926, 1955, 1987, 2024,

GA-iPLS + BOSS

2129, 2193, 2279, 2403, 2464
522, 1068-1069, 1180, 1388, 1469, 1561, 1565, 1683, 1849, 1863, 2001, 2154,

2279, 2295, 2302, 2371, 2475, 2478, 2488

Table B.12
Wavelengths selected by each feature selection method under SG1 + SNV preprocessing.
Algorithm Wavelengths
413, 472, 536, 675, 764, 844, 907, 956, 995, 1042, 1084, 1119, 1155, 1212, 1249,
CARS 1279, 1345, 1401, 1444, 1536, 1568, 1621, 1655, 1685, 1739, 1774, 1834, 1931,
2133, 2188, 2221, 2265, 2304, 2342, 2415, 2449, 2482
GA-iPLS 421-441, 463-483, 526-567, 631-714, 988-1008, 1051-1071, 1198-1260,
1366-1407, 1429-1470, 1534-1575, 1639-1680, 1723-1743, 1807-1827,
1849-1869, 1996-2016, 2164-2184, 2206-2226, 2374-2394, 2416-2436, 2479-2500
BOSS 531, 610, 757, 869, 964, 1083, 1103, 1229, 1351, 1449, 1529, 1546, 1632, 1653,
1673, 1843, 1967, 2142, 2428
GA-iPLS + 468, 471, 475, 479, 528-529, 535, 551, 557, 559, 562, 633, 637-638, 675, 684,
BOSS 686, 688, 1006, 1059, 1069, 1199-1200, 1204, 1216, 1226, 1228, 1249, 1254,

1260, 1386, 1403, 1406, 1429-1430, 1435, 1438, 1448, 1535, 1565, 1575,
1642-1643, 1656, 1673, 1680, 1732, 1742, 1818, 1821, 1854, 1865, 1867, 1997,
2000, 2010, 2168, 2181, 2183, 2210, 2419, 2422, 2485, 2488
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