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Spectroscopy is a valuable tool for analyzing the inside of plants. In this field, plant health is evaluated through 
light analysis, specifically by examining wavelengths beyond the visible spectrum, making it essential to select 
the most representative wavelength. The Competitive Adaptive Reweighted Sampling (CARS) algorithm has been 
applied efficiently in the literature to select the best variables in several applications, including agricultural 
monitoring, nutrient analysis, and chemometrics. This study presents the Calibrated CARS (CCARS) algorithm, 
an extension of CARS, alongside the Partial Least Square Discriminant Analysis (PLS-DA) model. The algorithm 
is developed to identify critical informative wavelengths of a spectral dataset of lettuce to facilitate the creation 
of streamlined and efficient models for lettuce health classification. While effective with spectral data, the PLS

DA models tend to overfit, and to address this problem a rigorous systematic evaluation approach is employed. 
Permutation tests are conducted to verify the model’s robustness, while learning curve analyses ensure the model’s 
capacity to generalize data. With this comprehensive evaluation method, confidence in the robustness of the 
PLS-DA models is instilled, ensuring model stability, which is achieved thanks to the CCARS algorithm instead 
of the original version. The results demonstrate that using CCARS with 3 or 4 PLS components and only 30 
or 19 selected wavelengths reduces the number of variables by 97%, without sacrificing accuracy, and with a 
statistically significant robust model.

1. Introduction

One of the primary challenges in precision agriculture is accurately 
quantifying plant vigor to detect health changes. According to the Inter

national Society of Precision Agriculture (ISPA), ``Precision Agriculture 
is a management strategy that gathers, processes and analyzes temporal, 
spatial and individual plant and animal data and combines it with other 
information to support management decisions according to estimated 
variability for improved resource use efficiency, productivity, quality, 
profitability and sustainability of agricultural production''.1 This allows 
for targeted and timely interventions, reducing the need for extended 
preventive measures. Indeed, precision agriculture seeks to maximize 
yield production while minimizing resource inputs, making it an es

sential approach to addressing global food security and environmental 
sustainability [1].

* Corresponding author.

E-mail address: nicola.dilillo@polito.it (N. Dilillo).
1 https://www.ispag.org/about/definition.

The response of vegetation to visible and near-infrared light (Vis

NIR) has been widely utilized in agriculture applications, ranging from 
satellite imagery for field mapping and soil characterization to the cre

ation of prescription maps at the field level using Uncrewed Aerial 
Systems (UASs) [2,3], and even to non-destructive measurements for 
defining the organoleptic characteristics of agricultural products [4--6]. 
Most of these applications are grounded in the fact that plant species 
may exhibit slightly different responses in the infrared region influenced 
by the composition of the foliar pigment and the concentration and the 
characteristics of anatomical plant cells [7]. Indeed, photosynthetic pig

ments are characterized by strong absorption in the red region of the 
electromagnetic spectrum and weak absorption in the NIR. This is due to 
chlorophyll, which, within chloroplasts, triggers the photosynthetic pro

cess. Even though all wavelengths between 400 and 700 nm affect the 
photosynthetic proteins, specifically, two protein complexes are known 
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for the highest absorption peaks at specific wavelengths: photosystem 
(PS) II absorbs optimally around 680 nm, while PSI absorbs optimally 
around 700 nm, with peak absorption shifting to different wavelengths 
depending on several variables, including the type of organism and envi

ronmental conditions [7--9]. The most significant absorption peaks and 
reflectance levels are identified and utilized to design multispectral and 
hyperspectral imaging sensors, incorporating filters for the most relevant 
wavelengths [10].

Multispectral data employ a limited number of broad wavelength 
bands �-typically between three and ten�- while hyperspectral ones 
capture data in a much larger number of narrow, contiguous bands, 
often numbering in the hundreds. This higher spectral resolution in 
hyperspectral systems enables a more detailed analysis of material prop

erties and subtle differences in composition [11,12], allowing for a more 
precise differentiation of vegetation traits, improving the ability to dis

criminate between different species, physiological stress conditions, and 
biochemical variation [13]. However, this wealth of information has 
some limitations, including a generally lower spatial resolution than 
multispectral sensors, as increasing spectral resolution often reduces 
the ability to capture fine details at the ground level. A specific chal

lenge of hyperspectral imaging is the need for accurate coregistration of 
spectral bands, as any misalignment between images acquired at differ

ent wavelengths can compromise data analysis and classification [14]. 
Hyperspectral sensing generates significantly larger data volumes com

pared to multispectral ones, increasing the requirements for storage and 
data transmission [11]. This greater data load results in longer process

ing times and the need for advanced computational infrastructure for 
image analysis and interpretation. In contrast, multispectral data are 
more manageable and allow for faster analysis, making them suitable 
for operational systems with limited resources [13]. However, the lim

ited number of bands may not be sufficient to capture the characteristic 
features of vegetation or specific phenomena.

Point spectroscopy offers a compelling alternative to multispectral 
and hyperspectral imaging by gathering spectral data from a narrowly 
defined area. This focused method delivers superior spectral resolution 
and sensitivity compared to hyperspectral approaches, enabling the de

tection of subtle features and compositional variations. Additionally, its 
targeted nature enhances the signal-to-noise ratio and simplifies calibra

tion, making it exceptionally well-suited for precise chemical identifica

tion and on-site measurements [15,16]. In contrast to imaging sensors 
that depend on natural electromagnetic signals, spectrometers measure 
spectral responses at a single point using an artificial light source with 
a consistent, controlled emission. This controlled setup facilitates accu

rate spectral characterization [17].

In this context, accurately identifying significant spectral bands and 
their variations under stress conditions is crucial for precision agricul

ture, where effective classification enables targeted and timely inter

ventions proportional to the stress level. Although band selection in 
classification models reduces noise and overfitting while optimizing 
computational efficiency, an inadequate selection may lead to the loss 
of critical information, potentially compromising both classification ac

curacy and trait characterization of the sample [18--21].

Determining critical informative wavelengths using spectrometers 
poses challenges, as spectral data often contains redundant or collinear 
information. This requires selection algorithms, such as Competitive 
Adaptive Reweighted Sampling (CARS) [22], which exploits robust clas

sification models for handling such complexities, such as Partial Least 
Squares Discriminant Analysis (PLS-DA). Originating from the founda

tional principles of PLS regression [23], PLS-DA has evolved into a 
robust classification technique. Moreover, PLS-DA has underscored the 
effectiveness of integrating spectroscopy with chemometric methods in 
agriculture [24]. The CARS method has shown notable success in identi

fying the most informative wavelengths of spectral signals across various 
fields, including agriculture and general spectroscopy. Some notable ex

amples are briefly reviewed in the following.

Xiong et al. [25] explored CARS for wavelength selection in Vis

NIR spectroscopy to estimate potassium concentrations in lettuce. Their 
study demonstrated that integrating CARS with PLS models enhanced 
predictive capabilities, confirming its utility in agricultural monitor

ing and nutrient analysis. Similarly, Zhang et al. [26] employed CARS 
to improve the predictive performance of Vis-NIR spectroscopy for as

sessing potassium concentrations in lettuce. These findings collectively 
highlight the effectiveness of CARS in refining spectroscopic models 
for agricultural applications. Jiang et al. [27] compared CARS with a 
stability-enhanced variant, stability CARS (SCARS), for identifying key 
wavelengths in Fourier Transform NIR spectral data—spectral measure

ments that capture the molecular vibration signatures corresponding to 
chemical compositions in samples. SCARS improved performance by re

ducing the number of selected variables while maintaining high model 
accuracy, underscoring the importance of precise wavelength selection 
in applications like fermentation monitoring. Yuan et al. [28] applied 
CARS and the Successive Projections Algorithm (SPA) to select char

acteristic wavelengths for discriminating abdominal tissues in rabbits. 
Their results highlighted the significance of wavelength optimization in 
enhancing spectral discrimination in biological applications. Wang et 
al. [29] combined CARS with SPA to optimize wavelength selection for 
predicting moisture content in maize seeds. Their findings emphasized 
the importance of selecting optimal wavelengths to improve model ac

curacy and stability. Integrating CARS and SPA significantly reduced 
redundancy in spectral data, enhancing calibration and validation pro

cesses.

Following the results of these researches, CARS has been chosen in 
the current work as the wavelength selection algorithm to improve spec

troscopic analysis, employing the PLS-DA model for lettuce plant stress 
classification, after the selection of the best features. Still, it was crucial 
to ensure the reliability and practical usability of the developed classi

fication model. The primary aim of this study, beyond demonstrating 
the efficiency of the algorithm, was to conduct an in-depth evaluation 
of the model to assess the potential for overfitting that sometimes can 
be caused by the PLS-DA model. The novelties of the current paper are:

• a new version of CARS, to reduce the number of wavelengths, called 
Calibrated CARS (CCARS);

• adopting a systematic evaluation approach to assess the robustness 
of PLS-DA models, after feature selection, which is missing in state

of-the-art CARS-related works, increasing data generalization and 
ensuring model robustness and stability.

The remainder of the article is organized as follows. Section 2 in

troduces the concepts of PLS-DA and CARS, instead Section 3 describes 
the data set generation process, while Section 4 describes the CCARS 
method, and the tools employed in the study. The procedures for obtain

ing the findings are detailed in Section 5. Section 6 provides insights and 
interpretations of the results, and Section 7 draws some conclusions.

2. Background

In spectral data, many wavelengths can suffer from redundant or 
collinear information, impairing model performance. By selecting a sub

set of wavelengths that deliver the most relevant information, mod

els can become less complex, more interpretable, and achieve im

proved predictive performance. CARS, and the modified version CCARS, 
have been selected as the wavelength selection algorithm, which ex

ploits the PLS-DA model for the classification. Additionally, preprocess

ing steps play a crucial role in enhancing data quality before further 
analysis. These three steps �-classification, wavelength selection, and 
preprocessing�- are detailed in the following.
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2.1. Classification

Classification is a key focus of this research, with chemometric ap

proaches such as Support Vector Machines (SVM) and PLS-DA commonly 
proposed in the literature.

SVMs are highly effective for handling complex, high-dimensional 
spectral data by modeling nonlinear relationships using kernel functions 
[30]. Their robustness makes them well-suited for tasks such as seed 
quality assessment and varietal discrimination, as demonstrated by their 
high classification accuracy in several studies [31].

PLS-DA is a supervised statistical technique for PLS regression ele

ments with discriminant analysis to classify and predict outcomes based 
on multiple variables [32]. It reduces dimensionality while maximiz

ing the variance explained by predefined groups. It provides an in

terpretable framework through dimensionality reduction, emphasizing 
latent variables that maximize class separation. This method is compu

tationally efficient and excels in scenarios where the spectral differences 
are predominantly linear [33--35]. Together, these complementary tech

niques enhance the reliability and precision of plant classification based 
on spectroscopic signals. In this study, the PLS-DA model was employed 
because it plays a central role in the CARS algorithm.

While PLS-DA offers several advantages, it is particularly prone 
to overfitting, especially when applied to high-dimensional datasets 
[36--38]. To mitigate this risk and ensure reliable results, it is essen

tial to carefully tune model parameters and employ rigorous validation 
techniques, practices that contribute to the overall statistical robustness 
of the analysis [36]. Moreover, issues such as improper selection of la

tent components, suboptimal distribution of training samples, and the 
use of non-independent test sets can further exacerbate overfitting and 
compromise model performance [39]. Nevertheless, several studies have 
reported successful outcomes using PLS-DA, demonstrating its potential 
when appropriately applied [40,41].

2.2. Wavelength selection

CARS is a wavelength selection algorithm based on the evolutionary 
principle of survival of the fittest [22]. In this approach, wavelengths are 
assessed using PLS-DA. The least useful wavelengths, or variables, are 
eliminated, while the more relevant ones are preserved for subsequent 
iterations.

The whole process is summarized in Fig. 1: the algorithm consists 
of 𝑅 iterations to improve precision, and each iteration is structured as 
described in the following steps.

• Observation Random Sampling. In the beginning, to obtain a signif

icant selection of variables and to ensure that the selected wave

lengths are less dependent on the training set, 80% of the observa

tions are randomly sampled for the following steps.

• Variable Evaluation. The chosen observations and wavelengths se

lected from the previous iterations (at the beginning, all wave

lengths are chosen) are used to construct the PLS-DA model. Once 
the model is developed, the regression coefficients 𝛽𝑖, associated 
with each wavelength, are used to calculate the weight 𝑤𝑖 associ

ated, as shown in (1). The algorithm discards the associated variable 
when a weight is set to zero.

𝑤𝑖 =
|𝛽𝑖| ∑𝑝

𝑖=1 |𝛽𝑖|
, for 𝑖 = 1,… , 𝑝. (1)

• Number of Variable Selection. The percentage 𝑟𝑖 of survived variables 
decreases exponentially at each iteration, following the function 
𝑟𝑖 = 𝛼𝑒−𝑘𝑖 based on the following parameters.

𝛼 =
(
𝑝 
2

) 1 
𝑁−1

, 𝑘 =
ln
(
𝑝 
2

)
𝑁 − 1 

(2)

The number 𝑟𝑖 gives the upper bound of the maximum variables 
to keep, which are selected according to the weight 𝑤𝑖 associated, 

Fig. 1. CARS flowchart. 

calculated before. It can be observed in Fig. 2.B that the exponential 
function decreases very rapidly in the initial iterations, performing 
a fast selection. The reduction is slower in later iterations, resulting 
in a refined selection. The function’s coefficients, 𝛼 and 𝑙 described 
in (2), are determined using two conditions: at the first iteration, 
all variables must be used (i.e., 𝑟0 = 1), and only two variables must 
remain at the last one (i.e., 𝑟𝑁 = 2 

𝑁
).

• Adaptive Reweighted Sampling (ARS). The remaining wavelengths 
are resampled according to their respective weights 𝑤𝑖 . Variables 
with higher weights have a greater probability of being selected.

• Final Accuracy. After selecting the variables, the PLS-DA model is 
built using all observations along with the currently chosen wave

lengths. Then, the model’s accuracy is assessed using a dedicated 
test set. Based on the identified wavelengths, the next iteration of 
the analysis will begin.

Fig. 2.A exemplifies how accuracy evolves based on the selection of 
variables during a single CARS run. Fig. 2.B shows the variables selected 
at each iteration. These graphs, which belong to the same run, demon
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Fig. 2. Figure A represents the accuracy over different iterations in the same run. The red dot represents the best point that has been chosen for this specific run. 
Figure B shows the number of variables selected during the same run.

Fig. 3. Occurrence of wavelengths extraction from a whole cycle of CARS runs.

strate that optimal accuracy is not achieved at the initial stages when 
the maximum number of variables is included. Instead, it is reached at 
an intermediate phase when the most relevant variables are effectively 
identified.

The entire algorithm that performs 𝑅 iterations is repeated for 𝑁
runs, and for each of them, the iteration point that achieves the high

est accuracy with the fewest wavelengths is identified and selected. The 
wavelengths selected at these optimal points are aggregated together 
and, for simplicity and better understanding, are plotted into a fre

quency histogram, as shown in Fig. 3. Wavelengths with the highest 
frequencies are highlighted as the most utilized, underscoring their im

portance in achieving the best model performance. After the selection 
of these highlight wavelengths, the PLS-DA is computed and evaluated 
based only on these selected features.

2.3. Preprocessing

Standard Normal Variate (SNV) is a statistical normalization tech

nique used in the preprocessing of spectral data, especially in the fields 
of chemometrics, remote sensing, and other applications involving spec

tral signals. It corrects scattering effects and variability caused by factors 
such as particle size or sample thickness, which can influence signal cap

ture [42].

SNV standardizes the spectra by centering their mean around zero 
and setting their standard deviation to one. If 𝑚𝑖 represents the mean 
of all 1133 wavelengths for sample 𝑖 and 𝑠𝑖 represents their standard 
deviation, the standardization is achieved as:

𝑥𝑖𝑘 =
𝑥𝑖𝑘 −𝑚𝑖

𝑠𝑖
(3)

This process eliminates systematic variations in the data intercept 
caused by scattering and removes irrelevant amplitude variations, en

hancing the identification of meaningful variations in the analysis.

Fig. 4. SNV normalized lettuce spectral signals of Healty and Unhealty plants. 

3. Materials

The Ocean HDX-XR spectrometer acquired spectral signatures char

acterized by a spectral resolution between 200 nm and 1100 nm. The 
system consists of the spectrometer connected via optical fiber to a 
tungsten-halogen lamp emitting between 450 nm and 950 nm on one 
side and a sampler with a specific holder on the other. The system is 
connected to a PC to control the tool and data storage. Acquisitions 
involved turning on the instrument and lamp, waiting for lamp stabi

lization, followed by black calibration (removing the light source) and 
white calibration using the system’s reflectance calibrator. The acquisi

tion was done in reflection mode with a 45-degree pen angle to avoid 
specular reflection.

The data was collected on 22 lettuce plants aged 28 days and grown 
in a controlled hydroponic indoor environment [43]. In this study, wa

ter stress was induced by withholding water for five consecutive days. 
During this period, each plant was measured multiple times daily�-

ranging from three to ten measurements per plant—with readings taken 
on different leaves and at various points on the same leaf. Importantly, 
the individual spectral signatures were preserved without averaging, 
thereby maintaining the inherent variability of each measurement. A to

tal of 745 spectral signatures were collected, each characterized by 1133 
unique features corresponding to wavelengths from 450.404 to 949.698 
nm. An expert then manually labeled each sample as either Healthy or 
Unhealthy, dividing the dataset into two distinct classes as detailed in 
Table 1. The dataset used to validate the findings and to support the 
development of the analysis methods is available online.2

2 Dataset available at https://zenodo.org/records/15019866.

https://zenodo.org/records/15019866
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Table 1
Class occurrence.

Class Occurrence 
Healthy 384 
Unhealthy 361 

To enhance the quality and reliability of the data, outlier samples 
were meticulously identified and manually removed. In addition, all the 
signals were normalized using SNV, the only preprocessing applied, as 
showed in Fig. 4. This step was crucial to minimize noise and poten

tial biases, ensuring that the subsequent analysis remains accurate and 
representative of the underlying patterns.

4. Methods

This Section describes the Calibrated CARS (CCARS) algorithm, 
which introduces the following novelties with respect to the classic 
CARS:

1. a division of the dataset into subsets to be employed at different 
stages of the algorithm

2. a new criterion for the PLS-DA threshold according to the ROC 
curve analysis;

3. an enhanced statistical significance of the model, driven by an ad

ditional permutation test analysis;

4. a selection of a model with a better generalization capability by 
means of a learning curve evaluation.

4.1. Dataset division

In the CARS approach, wavelengths are selected using the entire 
dataset, and then the PLS-DA model is built on that same data. In con

trast, the CCARS method selects wavelengths exclusively from the cali

bration dataset and computes the final PLS-DA model on an independent 
dataset using the chosen features. In detail, the dataset is divided into 
two distinct groups:

• calibration: a dedicated subset of the dataset was processed to iden

tify the optimal wavelengths,

• final model development: the wavelengths selected during calibration 
were employed to construct the final PLS-DA classification model 
using a separate subset of the dataset.

Both groups are then partitioned into training and testing sets. In this 
study, an 80-20 split is applied to both subsets, with a 5-fold cross

validation procedure, as described in Section 2.2. 
The strategy of separating feature selection from model validation is 
also used in synthetic data to enhance the robustness and validity of 
predictive models. This approach ensures that the data used to gen

erate synthetic datasets for training are not reused in the final testing 
phase, thereby preventing overfitting and improving model generaliza

tion [44].

4.2. PLS-DA threshold

A critical step in transitioning PLS regression to PLS-DA is deter

mining the appropriate threshold to classify observations into distinct 
groups. To make discrete group assignments, a threshold must be es

tablished. The default threshold is often set to 0.5 for binary classifi

cations; however, this may not always yield optimal results, especially 
in imbalanced datasets or when the distributions of the classes overlap 
significantly.

In CCARS, ROC curve analysis is employed to identify the optimal 
threshold. By plotting the true positive rate against the false positive 
rate across various threshold values, the ROC curve provides a visual and 

quantitative means to determine a threshold that maximizes the model’s 
sensitivity and specificity. The point on the curve closest to the top

left corner, representing perfect classification, is chosen as the optimal 
threshold.

4.3. Permutation test

A permutation test is a statistical method that determines whether 
a model’s performance metrics differ significantly from what would be 
expected under the null hypothesis—that is when there is no true dif

ference between the classes. Instead of relying on a single summary 
statistic, this method rigorously compares classification metrics by ran

domly shuffling the class labels and recalculating the performance mea

sures. Repeating this process multiple times generates a distribution of 
performance metrics under the null hypothesis, that according to the 
studies from G. M. Foody, provides a robust basis for significance test

ing [45,46].

The core idea of the permutation test is that a stable classification 
model should perform poorly on data with permuted labels. By compar

ing the statistic derived from the actual data with the null distribution, 
the p-value is calculated. This value, which represents the likelihood of 
observing such a statistic under the null hypothesis, is a crucial measure 
in the permutation test [47]. It is determined by counting the times the 
statistics from the permuted data equals or exceeds the original statis

tics, providing a measure of statistical significance for the model result.

P-values lower than 0.05 indicate that the statistics derived from the 
original data are unlikely to originate from the distribution of statis

tics generated using permuted data, suggesting that the model captures 
meaningful patterns rather than random noise. P-values greater than 
0.05 suggest that the model’s performance on the actual labels closely 
mirrors its performance on permuted labels [36].

4.4. Learning curve

Learning curve is a visual tool that shows how a machine learning 
model’s performance changes as training data increases. In the context 
of PLS-DA, it helps determine how well the model generalizes to new, 
unseen data. A typical learning curve plot includes Training Error line, 
which represents the model’s error (or loss) on the training dataset, and 
the Validation Error, which instead depicts the model’s error on an inde

pendent validation dataset not used for training [48].

In this study a 5-fold cross-validation has been employed. The aver

age accuracy and the variability in performance across the folds are used 
to analyze the learning curve and efficiently evaluate the model [49]. 
If the variance is low, this means that the model performs consistently 
across different data splits, indicating good generalization. While, if it 
is high, this can mean the model’s performance depends heavily on the 
training or validation subsets, indicating overfitting, insufficient data, 
or an overly complex model. This problem can be resolved using more 
data, simplifying the model, or adding more regularization.

Comparing training and validation curves of mean accuracy, instead, 
is crucial for diagnosing underfitting, overfitting, and overall model 
quality [50]. A good fit occurs when the training and validation curves 
converge at high accuracy. Underfitting appears when both curves are 
low and close together, suggesting that the model is too simple to cap

ture the data’s underlying patterns [48,51]. Overfitting is evident when 
the training curve remains high while the validation lags behind, indi

cating that the model is overly complex and fails to generalize [52,53]. 
An early plateau in the validation curve hints at data limitations, while 
large fluctuations or sudden drops imply high variance.

By carefully examining these learning curves, it is possible to un

derstand whether the model is learning and generalizing appropriately, 
gain critical insight into whether it is overfitting or underfitting, and 
adopt the correct strategy to overcome the problem [48].
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5. Results

In this study, multiple parameter combinations were tested across 
various models. Initially, CARS was applied to identify the optimal 
wavelength combinations, using the classical or the calibrated version, 
which were then used to design several PLS-DA classification models. 
All of these models were first analyzed by looking at the confusion ma

trix, then evaluated for their performance using the appropriate metrics 
described in Section 5.1, and in the end, they were assessed for their 
quality through permutation testing and learning curve analysis.

The Python code used for implementing CARS and CCARS, along 
with the complete analysis for evaluating the results, is freely available 
online to enhance transparency and reproducibility.3

5.1. Metrics

In classification models, different types of predictions determine 
their performance. A True Positive (TP) occurs when the model cor

rectly identifies a positive case, while a True Negative (TN) means the 
model has accurately recognized a negative instance. On the other hand, 
errors can arise in two ways: a False Positive (FP) happens when the 
model mistakenly classifies a negative case as positive, whereas a False 
Negative (FN) occurs when a positive case goes undetected and is incor

rectly labeled as negative.

In evaluating the performance of a classification model, several met

rics provide insights into different aspects of its accuracy, precision, and 
overall effectiveness.

Accuracy measures the proportion of correctly predicted instances 
out of the total instances. It is useful when classes are balanced but can 
be misleading with imbalanced classes.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁 
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

(4)

Precision indicates how many of the instances predicted as positive 
are actually positive. It is important in scenarios where false positives 
are costly.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑃

(5)

Recall, or sensitivity, measures the proportion of actual positives that 
were correctly identified. It is essential in cases where missing positive 
cases (false negatives) are costly.

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑁

(6)

F1 Score is the harmonic mean of precision and recall, balancing both 
metrics. It is useful when there is an uneven class distribution and when 
both false positives and false negatives are essential.

𝐹1 = 2𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

(7)

Q2 is a statistical measure that evaluates the predictive accuracy of 
a regression model. It indicates how well the model’s predicted values 
approximate the actual observed data. In this formula, 𝑦𝑖 represents the 
observed values, 𝑦𝑖 represents the predicted values from the model, and 
𝑦𝑖 represents the mean of the observed values.

𝑄2 = 1 −
∑
(𝑦𝑖 − 𝑦𝑖)2∑
(𝑦𝑖 − 𝑦𝑖)2

(8)

AUC (Area Under the ROC Curve) measures the area under the ROC 
curve, which plots the trade-off between the recall and the False Positive 
Rate (FPR), which is defined in (9), across different thresholds. A higher 
AUC indicates better model separability between classes, with values 
close to 1.0 representing excellent classification performance.

3 https://github.com/nicoladilillo/CARS_PLSDA_wavelenghts_selection.

𝐹𝑃𝑅 = 𝐹𝑃 
𝐹𝑃 + 𝑇𝑁

(9)

5.2. Wavelengths selection

In the CARS and CCARS algorithms, each run produces a set of op

timal wavelength combinations chosen based on the highest precision 
and the fewest wavelengths. Some wavelengths were selected repeat

edly in different runs, as illustrated in Fig. 3. A selective threshold was 
applied to determine which wavelengths were retained based on the fre

quency of occurrence for each wavelength. Only wavelengths that meet 
or exceed this threshold were selected in the classification model. After 
selecting the initial set of features, an additional manual analysis was 
conducted to refine the selection by removing highly near wavelengths.

Tables 3, 4 and 5, in the appendix, present these results, where a 
threshold was applied to the frequency graph, as in Fig. 3, to select spe

cific wavelengths. When the field is marked as ‘Hand-picking,’ similar 
wavelengths were consolidated by removing the most similar ones in 
order to reach the best accuracy value.

5.3. Model performance

Based on the specific wavelengths that were identified as significant 
in previous steps, a PLS-DA model was generated for each combination 
of these wavelengths. The overall classification results are depicted from 
the correlation matrix in Fig. 7 and Fig. 8, while performances have been 
summarized in Table 2, which compares CARS and CCARS. In the row 
with 1133 wavelengths, no feature selection was performed—the simple 
PLS-DA model was built using all features. With CARS, which used 745 
samples, every sample was employed for both wavelength selection and 
final model computation. In contrast, CCARS used only 50% of the sam

ples (372) for feature selection, and the final model was then computed 
on the remaining ones.

In contrast, the metric results of the same model subjected to a per

mutation test have been summarized in Table 6. The dataset division to 
compute this curve depends on the best fold division that used the fold 
for validation, which gives the highest accuracy. In this case, the other 
folds were used as training sets, while the remaining was used as the 
validation set.

Results from Table 2 indicate good values, but some specific com

binations exhibit unusually high performances. Given the tendency of 
PLS-DA models to overfit, a more in-depth analysis is essential to ad

dress this potential issue [54]. This analysis is detailed in Section 6.6, 
and it is based on a combination of the tabulated obtained p-values and 
the learning curves.

6. Discussions

6.1. Plot

Although the score plot should not be used to infer class separation, 
it might reveal structure (e.g., subgroups) within a class. Since the model 
is not forced to show this difference, this is not a result of overfitting, 
and thus, such information could be inferred from the PLS plot.

Fig. 5.A and Fig. 5.B show the plot of all PLS components graphs 
obtained using respectfully all wavelengths and only 30 selected ones, 
employing 3 PLS components and the CCARS method. In both cases, it 
is possible to see a good separation between the two classes.

Instead, Fig. 6.A and Fig. 6.B show the plot of all PLS components 
graphs when only 2 components and CARS are used. They were obtained 
using respectively all wavelengths and only 10 selected ones. In this 
case, the separation is less sharp when all wavelengths are used, while 
it is more highlighted when only the selected ones are chosen.

6.2. Wavelenghts selection

Analyzing Tables 3, 4 and 5, the number of PLS components signif

icantly influences the selection of wavelengths. Utilizing 2 components 

https://github.com/nicoladilillo/CARS_PLSDA_wavelenghts_selection
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Fig. 5. PLS components graph using 3 components, CCARS method, with all wavelengths (A) and only 30 of them (B). 

Fig. 6. PLS components graph using 2 components, CARS, and all wavelengths (A) and also 10 of them (B). 

generally yields a smaller set of wavelengths, varying from 6 to 12. In 
contrast, increasing to 3 components allows for a broader selection, up 
to 30 wavelengths, instead of 4 components ranging from 19 to 34. More 
features could benefit complex analytical tasks where detailed differen

tiation is crucial.

Several wavelengths, such as 498.821, 504.19, 689.301, and 941.537, 
recur across various model configurations. Their selection across dif

ferent settings emphasizes their potential as critical indicators in the 
spectral analysis classification. This observation confirms the impor

tance of these wavelengths and suggests that they should be prioritized 
in future spectroscopic studies.

6.3. Confusion matrix

The analysis of both Fig. 7 and Fig. 8 underscores that the choice 
and range of wavelengths are pivotal in spectral classification. Delib

erate selection of specific spectral subsets not only refines the level of 
detail captured in the spectral profiles but also plays a crucial role in 
balancing model complexity with classification accuracy. In Fig. 7, con

fusion matrices were generated using the CARS method on a dataset 
comprising 77 healthy and 72 unhealthy samples. In contrast, Fig. 8
depicts confusion matrices derived from the CCARS method, which uti

lized a reduced dataset for testing 38 healthy and 36 unhealthy samples. 
The smaller sample size in the CCARS method resulted from dividing the 
whole dataset into two halves—one for calibration and one for the final 

Fig. 7. These are the correlation matrix of CARS where (A) use 2 PLS compo

nents, (B) 3 and (C) 4.
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Table 2
CARS and CCARS results.

PLS 
Comp.

No. of 
Wave.

Acc. Recall Prec. F1 Q2 AUC Cutoff 

CARS 2 1133 0.77 0.96 0.68 0.80 0.27 0.83 0.37 
12 0.84 0.86 0.82 0.84 0.33 0.87 0.49 
6 0.83 0.83 0.82 0.83 0.34 0.87 0.49 

3 1133 0.93 0.97 0.89 0.93 0.60 0.97 0.44 
25 0.93 0.94 0.91 0.93 0.50 0.95 0.51 
19 0.95 0.96 0.93 0.95 0.55 0.96 0.51 

4 1133 0.95 0.92 0.97 0.94 0.55 0.98 0.57 
30 0.95 0.92 0.97 0.94 0.60 0.97 0.52 
20 0.91 0.97 0.85 0.91 0.57 0.96 0.40

CCARS 2 1133 0.76 0.81 0.72 0.76 0.25 0.81 0.43 
10 0.85 0.92 0.80 0.86 0.33 0.87 0.53 
6 0.85 0.94 0.79 0.86 0.36 0.87 0.54 

3 1133 0.99 0.99 1.00 0.99 0.78 1.00 0.51 
34 0.93 0.89 0.97 0.93 0.58 0.97 0.54 
19 0.93 0.90 0.96 0.93 0.59 0.97 0.55 

4 1133 0.96 1.00 0.92 0.96 0.67 0.99 0.46 
19 0.93 0.92 0.94 0.93 0.60 0.96 0.49 

Fig. 8. These are the correlation matrix of CCARS where (A) use 2 PLS compo

nents, (B) 3 and (C) 4.

model. When only 2 PLS components were used (labeled A), both meth

ods exhibited a significantly higher number of mispredictions compared 
to models employing 3 (B) or 4 (C) PLS components. In particular, when 
all 1133 wavelengths were used, a noticeable number of unhealthy sig

nals were classified as healthy. In CARS, Fig. 7, the model with 3 PLS 
components misclassified more samples as unhealthy, while the model 
with 4 components showed a tendency to misclassify healthy samples 
as unhealthy. Notably, with 4 PLS components, the model with 1133 
wavelengths mispredicted only one value, suggesting an almost perfect 
model that could indicate overfitting. A similar trend is observed in the 
CCARS method, Fig. 8; when all wavelengths and 30 are used, with 3 
PLS components model, it tended to misclassify samples as unhealthy, 
while with 20 it misclassified much more healthy as unhealthy. For the 
model with 4 PLS components, when all wavelengths are used, it mis

classifies just healthy samples as unhealthy, while using 19 wavelengths, 
the number samples wrongly classified is almost the same.

6.4. Model

In Table 2, the model’s performance in multiple metrics has been 
analyzed while adjusting the number of components of PLS-DA and ap

plying the calibration approach described previously.

Models with 3 and 4 PLS components typically outperform those 
with only 2 components, indicating that additional components help 
increase the evaluation metrics of the models. In some cases, CCARS af

fects performance, mainly when only 2 components are used. However, 
when using 3 or 4 components, the identical highest scores are achieved 
using both calibrated and original algorithms.

It is evident how, in most cases, the results are better when only a 
subset of all wavelengths are selected. For instance, the model utiliz

ing 12 wavelengths, the CARS, with 2 PLS components, scores notably 
higher in accuracy, recall, and AUC compared to using all wavelengths 
under the same conditions. The only case in which the performances are 
better using all wavelengths is obtained using 4 PLS components and 
original CARS. In this case, accuracy, recall, and precision are almost 
perfect (1.0). However, this model has a high probability of overfitting, 
as shown in Section 6.6.

It can be noted that when using only 2 PLS components, CCARS 
makes the difference. In this case, the highest recall (0.94) and Q2 (0.36) 
are obtained with calibration and employing only 6 wavelengths. Al

ways with CCARS, only 10 wavelengths return the best precision (0.80), 
while the best F1 (0.86) and accuracy (0.85) are obtained when both 6 
and 10 wavelengths are selected. The best value of AUC is obtained for 
all combinations that don’t use wavelengths.

For what concerns results with 3 PLS components, it is possible to 
see that several combinations have the same highest accuracy (0.95), 
even if the best one is with the lowest number of wavelengths, selected 
using the classical CARS, which is also the one with the highest F1 score 
(0.95). The high recall value, instead, is associated with the first and the 
last combination, even if, in Section 6.6, the latter one will be analyzed 
to demonstrate that it is not a testable result. The best precision (0.97) 
belongs to a combination that exploits CCARS with 1133 and 30 wave

lengths; the latter also has the best Q2 (0.60), while the first has the best 
AUC (0.98).

From the results with 4 PLS components, it becomes evident that in

cluding all wavelengths leads to overfitting. For this reason, they will 
not be considered in subsequent analysis. This behavior can be deducted 
from the obtained results metrics, which, in most cases, tend to perfect 
values (e.g., 0.99 or 1.00) and analyses done in section 6.6. The best 
recall (0.92) and Q2 (0.60) values are associated with the final combi
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Fig. 9. Permutation test Accuracy graph performed using 3 PLS components and 
CCARS.

nation that used CCARS. In contrast, the combinations found using CARS 
achieve the highest AUC (0.97), while the model using 34 wavelengths 
delivers the highest precision (0.97).

With different PLS components, in all the combinations, it is possi

ble to see how the cutoff values selected for performing classification 
have results that range from 0.37 to 0.57, making the selection of these 
parameters a pivotal step of this analysis for model selection.

At the end of this analysis, the use of CARS resulted in a reduction 
in measured wavelengths of about 97% without loss in performance 
metrics. From these results, there is no evident difference between the 
values of the CARS and CCARS algorithms. However, further analyses 
are needed to confirm which is the best model.

6.5. Permutation test

An example of the permutation test result is represented in Fig. 9. 
Table 6, in the Appendix A, lists the p-values obtained from the permu

tation tests applied to the models developed using the wavelengths se

lected by the CARS or CCARS algorithm in the context of PLS-DA. These 
p-values indicate the statistical significance of each model’s predictive 
ability. They are almost all null, except for the recall of 3 combinations.

The relatively higher recall p-values (0.91 and 0.80) observed in the 
two PLS component models, using all wavelengths, strongly suggest that 
these models are not statistically significant for what concerns the re

call performance metric. Also, in three PLS components, when CCARS 
is used, and 20 wavelengths are employed, the return of a p-value of re

call (0.06), which is higher than 0.05, suggests a model not statistically 
meaningful. On the other hand, using four PLS components suggests that 
it does not imply any such problem, highlighting the absence of issues.

Lower values of the PLS components may lead to higher recall p

values, but this problem seems to decrease when more components are 
used.

6.6. Overfitting analysis

The graphs in Fig. 10 reveal that using only two PLS components 
with 1133 wavelengths and CARS results in overfitting, as evidenced 
by a high training accuracy mean and a significantly lower validation 
accuracy, with substantial variances (recall: 0.96, precision: 0.68). Re

ducing the wavelength count to 12 or 6 narrows this performance gap, 
although variance remains high; the corresponding learning curves sug

gest improved metric balance (accuracy: 0.84 and 0.83; recall: 0.86 and 
0.83; AUC: 0.87). CCARS methods with 1133 wavelengths still indicate 
overfitting but with reduced variance. In contrast, using 10 or 6 wave

lengths mitigates overfitting, aligning training and validation accuracies 
more closely and achieving robust metrics (accuracy: 0.85; recall: 0.92, 
0.94; AUC: 0.87), albeit with slight residual variance.

For configurations with three PLS components, as shown in Fig. 11, 
the learning curves for 1133 wavelengths and CARS display overfitting, 

with a notable discrepancy between training and validation accuracy de

spite balanced metrics such as accuracy (0.93), recall (0.97), and AUC 
(0.97). Conversely, using 25 and 19 wavelengths results in strong gener

alization and no signs of overfitting, although high variance persists in 
validation across all graphs. With CCARS, variance issues are resolved. 
The learning curves for 1133 wavelengths exhibit a smaller gap be

tween training and validation accuracies towards the end of the curve, 
while those with 30 or 20 wavelengths will show a consistent closeness 
throughout. Nonetheless, while the 20-wavelength model demonstrates 
good generalization, a permutation test yields a p-value of 0.06 for 
recall, indicating a possible concern despite high recall (0.97) and rela

tively lower precision (0.85).

With four PLS components as depicted in Fig. 12, the learning curves 
for 1133 wavelengths and CARS display nearly perfect mean train

ing accuracy. However, a significant gap in validation accuracy aligns 
with metrics such as accuracy (0.99), precision (1.00), and AUC (1.00), 
suggesting a tendency toward memorization over-generalization. Re

ducing the number of wavelengths to 34 or 19 results in less perfect 
training accuracies, though the gap remains unchanged, and the met

rics are balanced (accuracy: 0.93; AUC: 0.97). Variance remains high 
across all graphs regardless of the wavelength count. Implementing 
CCARS method separation significantly reduces variance. With 1133 
wavelengths, the learning curves show perfect training accuracy with 
no discrepancy with validation accuracy. Using 19 wavelengths under 
dataset separation leads to strong generalization, evidenced by converg

ing learning curves where training and validation accuracies overlap 
perfectly and balanced metrics (accuracy: 0.93; recall: 0.92; AUC: 0.96).

This analysis highlights several important factors to consider when 
developing effective models that can generalize well.

• Optimal PLS Component Selection. It is crucial to choose the right 
number of PLS components to prevent overfitting and ensure the 
model performs well during classification tasks.

• Wavelength Selection. Reducing the number of wavelengths is impor

tant to generalize the data, but it is still important to understand if 
the subset selected is statistically significant.

• Calibration Method. Employing CCARS can mitigate overfitting by 
narrowing the gap between training and validation accuracies and 
reducing variance.

Additionally, the integration of permutation tests provides valu

able insights into the model’s performance, mainly when using PLS-DA, 
which is prone to overfitting. These tests are instrumental in assessing 
model robustness and refining its predictive capabilities.

6.7. Best results

As shown in Fig. 13, utilizing only 2 PLS components results in lower 
accuracy when a limited number of selected wavelengths is used. In con

trast, when 3 or 4 PLS components were employed, a significantly more 
extensive set of features is needed, also increasing the overall accuracy.

When CCARS was used instead of the original version, the model’s 
accuracy increases a bit. However, as discussed in Section 6.6, it is cru

cial to evaluate the robustness of the model with PLS-DA, and in this 
regard, CCARS performs better than the classical one. This aspect of the 
model is another important feature for selecting the best candidate.

The optimal configuration, considering the accuracy metric, is 
achieved using 3 PLS components and 30 wavelengths. The configura

tion with 4 components and 19 features is the best if fewer wavelengths 
are preferred. Alternatively, using 2 components with either 10 or 6 
variables can be a viable option. However, there is not a best result, but 
a Pareto Point from which it will be possible to choose the best model 
according to needs.
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Fig. 10. Learning curve with 2 PLS components: figure A employs classical CARS, while figure B employs CCARS. 

Fig. 11. Learning curve with 3 PLS components: Figure A employs classical CARS, while figure B employs CCARS. 

Fig. 12. Learning curve with 4 PLS components: Figure A employs classical CARS, while figure B employs CCARS. 
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Fig. 13. Best accuracy results plot. 

7. Conclusion

This research has presented the CCARS algorithm to identify crit

ical informative wavelengths for constructing robust models. Indeed, 
using a subset of carefully selected variables, that account for 97% of 
the overall, simplifies the PLS-DA model without losing accuracy and 
improves its ability to generalize new data, making it more efficient 
and less prone to overfitting. The CCARS method proposed in this work 
is suitable for avoiding data generalization problems that can lead to 
overfitting, which can arise when PLS-DA models are employed.

The learning curve analysis provides essential insights about the 
model generalization, while the permutation tests confirm that these 
models are statistically significant. Both evaluations were missing in re

lated work and are used to assess the robustness and effectiveness of 
the models. The methodological evaluation approach presented in this 
research provides a balance between predictive accuracy and model 
data generalization, which is rarely discussed when the classic CARS 
algorithm and PLS-DA models are used. Overall, the analyses strongly 
support using the CCARS algorithm and PLS-DA in constructing classi

fication models for spectral data analysis in agriculture.

In the present study, a fixed number of PLS-DA components was 
maintained to isolate and evaluate the performance of the proposed 
algorithms under consistent conditions. Future work will include an 
analysis of the error associated with varying the number of compo

nents, thereby optimizing component selection and further enhancing 
model transparency. In addition, several algorithms for preprocessing 
and wavelength selection will be explored to enhance results.
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Appendix A. Tables

Table 3
CARS and CCARS Wavelengths selection results using 2 PLS components.

No. of 
Wave.

Threshold Wavelengths 

CARS 12 300 498.821, 499.31, 502.727, 504.19, 
506.139, 689.301, 763.223, 941.537, 
942.315, 946.982, 948.534, 949.698

6 Hand-picking 498.821, 506.139, 689.301, 763.223, 
941.537, 949.698

CCARS 10 300 499.31, 502.727, 504.19, 751.169, 
763.223, 941.537, 942.315, 946.982, 
948.534, 949.698

6 Hand-picking 499.31, 504.19, 751.169, 763.223, 
941.537, 949.698

Table 4
CARS and CCARS Wavelengths selection results using 3 PLS components.

No. of 
Wave.

Threshold Wavelengths 

CARS 25 390 498.821, 499.31, 500.287, 502.727, 504.19, 505.164, 506.139, 
689.301, 737.734, 742.078, 749.008, 750.305, 752.896, 756.775, 
758.927, 763.223, 771.36, 790.071, 941.147, 941.537, 942.315, 
945.428, 946.982, 948.534, 949.698

19 Hand-picking 498.821, 499.31, 500.287, 502.727, 504.19, 505.164, 506.139, 
689.301, 737.734, 742.078, 749.008, 750.305, 752.896, 756.775, 
758.927, 790.071, 941.147, 941.537, 946.982

CARS 30 220 498.821, 499.31, 500.287, 501.751, 502.727, 504.19, 505.164, 
509.545, 688.41, 689.301, 737.734, 742.078, 749.008, 750.305, 
751.169, 752.896, 756.775, 758.927, 763.223, 771.36, 790.071, 
854.949, 865.138, 941.147, 941.537, 942.315, 945.428, 946.982, 
948.534, 949.698

20 Hand-picking 498.821, 502.727, 504.19, 509.545, 688.41, 737.734, 742.078, 
749.008, 752.896, 756.775, 758.927, 763.223, 771.36, 790.071, 
854.949, 865.138, 941.147, 942.315, 945.428, 949.698

Table 5
CARS and CCARS Wavelengths selection results using 4 PLS components.

No. of 
Wave.

Threshold Wavelengths 

CARS 34 450 498.821, 499.31, 500.775, 504.19, 505.164, 737.734, 742.078, 
742.946, 747.278, 749.008, 750.305, 752.896, 755.914, 756.775, 
758.927, 762.365, 763.223, 766.225, 768.795, 771.36, 790.071, 
817.378, 854.949, 865.138, 941.147, 941.537, 942.315, 945.428, 
946.205, 946.982, 947.37, 947.758, 948.534, 949.698

19 Hand-picking 498.821, 499.31, 500.287, 502.727, 504.19, 505.164, 506.139, 
689.301, 737.734, 742.078, 749.008, 750.305, 752.896, 756.775, 
758.927, 790.071, 941.147, 941.537, 946.982

CCARS 19 400 499.31, 500.775, 504.19, 505.164, 737.734, 742.078, 749.008, 
750.305, 751.169, 752.896, 756.775, 758.927, 763.223, 854.949, 
941.147, 941.537, 946.982, 948.534, 949.698
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Table 6
P-values obtained for each combination and each metric.

PLS 
Comp.

No. of 
Wave.

Acc. Recall Prec. F1 Q2 AUC 

CARS 2 1133 0.00 0.91 0.00 0.00 0.00 0.00 
12 0.00 0.00 0.00 0.00 0.00 0.00 
6 0.00 0.00 0.00 0.00 0.00 0.00 

3 1133 0.00 0.00 0.00 0.00 0.00 0.00 
25 0.00 0.00 0.00 0.00 0.00 0.00 
19 0.00 0.00 0.00 0.00 0.00 0.00 

4 1133 0.00 0.00 0.00 0.00 0.00 0.00 
35 0.00 0.00 0.00 0.00 0.00 0.00 
19 0.00 0.00 0.00 0.00 0.00 0.00

CCARS 2 1133 0.00 0.80 0.00 0.00 0.00 0.00 
10 0.00 0.00 0.00 0.00 0.00 0.00 
6 0.00 0.00 0.00 0.00 0.00 0.00 

3 1133 0.00 0.00 0.00 0.00 0.00 0.00 
30 0.00 0.00 0.00 0.00 0.00 0.00 
20 0.00 0.06 0.00 0.00 0.00 0.00 

4 1133 0.00 0.00 0.00 0.00 0.00 0.00 
19 0.00 0.00 0.00 0.00 0.00 0.00 

Data availability

Data are published in an online available dataset at the following:

Enhancing Lettuce Classification: Optimizing Spectral Wavelength

Selection via CCARS and PLS-DA (Original data) (Zenodo)
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