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ABSTRACT: Betel leaf (Piper betel L.) is highly susceptible to severe fungal and bacterial diseases such as leaf rot, collar
rot, anthracnose (leaf spot), and bacterial leaf spot, which cause significant yield losses through rotting, spotting, and wilting. Its rich
phytochemistry underpins various medicinal properties, while its production supports rural economies in Asia. However, diseases
and perishability pose serious challenges to yield and profitability, necessitating improved agronomic practices, disease management,
and post-harvest handling to sustain and enhance its global economic contribution. Effective disease management therefore requires
early integration of cultural practices along with fungicidal and bactericidal treatments. In the present study, laser-induced breakdown
spectroscopy (LIBS) coupled with A-nearest neighbors (KNN) modeling was employed to discriminate between healthy and diseased

(@)

betel leaves. The discriminative potential of nineteen LIBS
emission peaks was evaluated using an interclass distance
approach. Among these, the Mg I (279 nm) and Na I (588
nm) emission peaks were identified as the most effective
variables for classification. One-dimensional KNN models
developed using the spectral intensities of Mg II and Na I
achieved classification accuracies of 92% and 96%,
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respectively. This approach demonstrates a cost-effective and

time-efficient alternative to conventional elemental analysis
techniques, enabling rapid, field-deployable analysis with

minimal sample preparation.

INTRODUCTION medicinal plants generally produce fewer adverse effects than

synthetic pharmaceuticals.' Betel leaf (Piper betle L.) commonly
Plant-based ingredients constitute the majority of therapeutic known as “Paan” in India and other parts of South and Southeast
formulations in traditional medical systems of many countries, Asia, is a creeping, perennial vine of the Piperaceae family valued
including India and their uses has increased in recent years because for its aromatic, heart-shaped leaves.? In different regions of India
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and other countries, betel leaves are known by several names as
Venmony, Magadhi, Salem, Kauri, Banarasi, Mysore, Bagerhati,
Bangla, Kasi, Desavari, Meetha, Ghanagete, Sanchi, and Kapoori,
depending on their structure, colour, aroma, taste, and size.? Betel
leaves are commonly consumed with areca nut by nearly 10% of
the world’s population, which accounts for about 600 million
people.>* In India, more than 50,000 hectares of agricultural land
are dedicated to betel cultivation, generating an annual turnover of
nearly 1000 crores and contributing significantly to rural
livelihoods and export earnings. According to the reported
literature (2020-21) around 6,159.39 metric tons of betel leaves
valued at Rs. 26.18 crores were exported from India, with exports
continuing beyond 2021.° West Bengal is the largest betel-
producing state in India, where and the total area under betel vine
cultivation is approximately 18690 hectares, contributing more
than two-thirds of the country’s total production with about 4-5
lakh boroj.® A large portion of betel leaf production from West
Bengal is exported to other states of India and several countries
worldwide.” Betel leaves are widely cultivated in tropical and
subtropical regions including India, Bangladesh, Sri Lanka,
Thailand, the Philippines, Indonesia, and China for both domestic
use and export, and India remains a major global producer and
exporter, particularly to South Asia, Southeast Asia, the Middle
East and Pacific islands.® Betel leaves are highly nutritious and
rich in vitamins, minerals, essential oils and enzymes such as
catalase and diastase, as well as important amino acids including
arginine, lysine, and histidine.>? The leaves also contain various
bioactive compounds with therapeutic properties that help in the
treatment of heart, liver, and brain disease.>%!? Fresh betel leaves
are green in colour and contains 90% moisture, 0.25% chlorophyll,
3.5% protein, 3.5% minerals, 1% fat, 2.5% fiber, 0.01% vitamin
C, 10% carbohydrate, 3.4 ng/100 mg iodine, 70 pg/100 gthiamine,
0.6% phosphorus, 0.007% iron, 0.5% calcium, 3 mg/100 gvitamin
A, 30 pg/100 g riboflavin, 4.6% potassium, 1.3% tannin, 7%

nitrogen, 0.89 mg/100 g nicotinic acid, 0.42% potassium nitrate
and 44 kcal/100 gm energy.” Betel leaves also contain sugar
including maltose, fructose, glucose, and sucrose, while
polyphenolic and flavonoid compounds are highly concentrated in
the leaves.?

Despite its medicinal and economical importance, betel leaf
cultivation faces significant biotic challenges. Fungal and bacterial
diseases such as anthracnose (Colletotrichum capsici) and
bacterial leaf spot (Xanthomonas axonopodis pv. betlicola) are
major constraints that cause leaf spot and foliage damage, leading
to yield losses of up to 60% and reducing marketable quality. Root
and foot rot diseases by Sclerotium rolfsii, also weaken vines and
reduce stands. Environmental factors such as humidity and rainfall
further influence disease severity and complicate management.
Additionally, betel leaves are highly perishable, and spoilage
during storage and transport leads to considerable waste and
economic losses for farmers and traders, particularly in
smallholder communities lacking effective disease control and
preservation technologies.!! Anthracnose (Colletotrichum capsici)
is most observed on the lower leaves of young plants but may also
occur on upper leaves of mature plants. The disease life cycle (Fig. 1)
includes stages such as overwintering or survival, spring inoculum
formation (initial infection), infection and penetration, lesion
development, and epidemic development. Typical symptoms
include brown spindle-shaped lesions with yellow to reddish-
brown borders and sometimes concentric rings within diseased
areas. Stalk symptoms appear as black linear streaks on the lower
internodes late in the season. As the disease progresses, circular,
black or brown lesions enlarge rapidly and may girdle the stem,
eventually causing vine death. Primary infection occurs through
infected seeds, while secondary spread takes place through wind,
rain, and humidity, making early diagnosis crucial for preventing
crop losses. '
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Fig. 1 Life cycle of anthracnose in betel leaves.
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Leaf spot diseases therefore pose a serious threat to global
agriculture, affecting food production, economic stability and
environmental health. Understanding disease mechanisms and
adopting integrated management strategies are essential for
minimizing their impact. Effective control measures cultural
practices such as the use of disease-free planting material, proper
drainage, adequate plant spacing, and crop rotation; sanitation
practices such as the removal and destruction of infected plant
parts; and chemical control using fungicides such Bordeaux
mixture and bactericides like Streptocycline applied as preventive
or early treatments. By combining cultural practices, sanitation,
and chemical control, farmers can effectively manage these
destructive betel vine diseases and promote sustainable agriculture
practices.'> The ecological implications of leaf spot diseases,
especially in the context of climate change, highlight the need for
ongoing research and innovation in disease management. A
sustainable approach that considers the long-term health of
ecosystems will be essential for ensuring the pliability of global
agriculture in the face of these persistent threats. Spectroscopic
techniques such as ultra-violet visible (UV-Vis) spectroscopy,
fourier-transform spectroscopy  (FTIR),
spectroscopy, atomic absorption spectroscopy (AAS), X-ray
fluorescence spectroscopy (XRF), laser-induced breakdown
spectroscopy (LIBS), and inductively-coupled plasma optical

infrared Raman

emission spectroscopy (ICP-OES) have significantly transformed
the landscape of agriculture. These techniques are continuously
applied for the identification of key impediments across the
various stages of agricultural processes, ranging from cultivation
in the field to achieving maximum yield production. Notably, UV-
Vis, FTIR and Raman’s spectroscopy rely on the molecular
information of the samples, while AAS, XRF, LIBS, and ICP-OES
are the elemental based techniques. The efficiency of the
respective spectroscopic techniques lies in their ability to precisely
identify diverse components within the samples, including
moisture content, fats, carbohydrates, proteins, and other
elemental constituents.

Traditional identification of healthy and diseased betel nut
leaves is mainly based on visual symptoms and biochemical
observations, such as the appearance of leaf spots, discoloration,
tissue deformation, and pathogen growth on the leaf surface. These
indicators are commonly used in plant pathology but often depend
on subjective judgment and usually detect the disease only after
visible damage has occurred. To overcome these limitations,
advanced analytical techniques such as LIBS combined with
KNN modelling can be used for betel leaf analysis and
classification. LIBS rapidly detects the elemental composition of
plant tissues by generating laser induced plasma (LIP) and
recording the emitted spectral lines of elements. Since plant
diseases influence nutrient uptake and metabolism, the
concentrations of elements may differ between healthy and
infected leaves. By selecting characteristic elemental emission
peaks as diagnostic variables and applying the KNN algorithm for
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classification, the identification indicators can be focused on
elemental differences, enabling a rapid, objective, and data-driven
method to distinguish between healthy and diseased betel leaves.
LIBS is one of the elemental analysis techniques that is based on
optical emission spectroscopy and can be applied to solid, liquid,
and gaseous samples with ease.!>1° It uses laser pulses to atomize
sample materials and ignite plasmas. The optical emission from
the LIP conveys information on the elemental composition of the
samples and is then analyzed using a spectrometer installed with
array or 2-dimensional detectors. The information from the LIP is
used for qualitative, quantitative, and classification purposes.
Recently, Sharma et al. '8 utilized spectroscopic methods to
examine root samples from ber (Ziziphus mauritiana), papaya
plants affected by nematode infestation, and rice grains infected by
false smut disease. The aim was to uncover chemical changes
occurring at the atomic and molecular levels due to the presence
of nematodes in ber, papaya and false smut in rice plant samples.
The results from their findings have the potential to inspire the
development of advanced and resilient strategies to reduce yield
losses from diseases. To accomplish this goal, it is essential to
conduct thorough investigations on a wide range of agricultural
crop plants, acquiring substantial information about the structural
alterations resulting from the invasion of root-knot nematodes.
Very recently, Kumar et al. ' used LIBS technique and A-nearest
neighbors (KNN) modeling to classify the nematode—infested pea
root samples from the healthy samples. The interclass distance
approach was used by authors to evaluate the discriminative
abilities of sixteen LIBS emission peaks, among which the best
two emission peaks were used for KNN modeling. Recently, Edith
et al. ?° applied LIBS technique for the elemental analysis of betel
leaves and slaked lime from different regions of Karnataka, India.
Lubis et al. ?' used an android-based neural network back
propagation approach to classify five different types of betel leaves.
To the best of our knowledge, the literatures?®?! lack an in-depth
investigation into the classification of healthy and infested betel
leaves using the LIBS technique and their classification through 4-
nearest neighbors (KNN) modeling. This motivates the utilization
of LIBS for the classification of betel leaves. Thus, the aim of this
work is to present a cost-effective and efficient approach for
distinguishing between the healthy and diseased betel leaf samples
using LIBS in combination with KNN modeling. The novelty of
this work lies in leveraging variations in elemental composition
observed in the LIBS emission peaks to classify the healthy and
diseased betel leaf samples. A total of nineteen LIBS emission
peaks from twelve elements comprising both strong and weak
signals were identified as potential discriminators between the two
sample types. To determine the most effective variables, interclass
distances were calculated for each emission. The emission peaks
of Mg II (279nm) and Na I (588nm) were found to have the
longest interclass distances, with values of 2.87 and 3.21,
respectively. One-dimensional (1-D) KNN models were then
developed using the emission intensities of these effective
variables, /Mg (279nm) and INa (sssnm), and their classification
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accuracies were assessed. The 1-D model based on the /mg (279nm)
showed a classification accuracy of 92% while the model developed
using the /Na (sssnm) showed a classification accuracy of 96%. These
findings suggest that LIBS, combined with the KNN modeling
approach, is a simple and promising tool for accurately classifying
anthracnose affected betel plants from healthy betel plants.

EXPERIMENTAL

Collection of betel leaf samples (healthy and diseased). A
diverse set of healthy and infected leaf samples (Fig. 2) were
collected from a designated field site of Regional Agriculture
Research Station, Belatal, Mahoba of Banda University of
Agriculture and Technology (BUAT), Banda, Uttar Pradesh, India.
The pathological study was conducted at Department of Plant
Pathology, College of Agriculture, BUAT. On leaves, anthracnose
is characterized by the presence of spots which are irregular in
shape and size, light to dark brown or black in the centre and
surrounded by a diffused chlorotic halo. These spots often coalesce
to form large lesions. Leaves were washed thoroughly in running
tap water and cut with sharp sterilized blade into small bits (Smm)
keeping half healthy and half diseased portion intact. These pieces
were surfaces sterilized with 1.0% sodium hypochlorite (NaClO)
solution for 30 seconds followed by washing with sterile distilled
water thrice. These surface sterilized diseased pieces were
aseptically inoculated on the solidified and cooled potato dextrose
agar (PDA) medium in petri plates incubated in biological oxygen
demand (BOD) incubator at 27 + 2°C temperature. After a week
of incubation, these plates were observed for appearance of the
mycelial growth. By single hyphal-tip technique, the pathogen
was sub-cultured aseptically on the PDA in petri plate. The
mycelium is dark-brown in colour and consists of cushion shaped
acervuli, typically interwoven with dark setae. The size of acervuli
ranges between 206.2 um and 350.1 um. The conidiophores of
size 1.35-3.64x11.4-33.1 um are simple, hyaline, whereas the
conidia of size 2.8-4.6x10.85-32.0 um are sickle shaped, hyaline,
and single-celled. The anthracnose disease identified based on the
morphological and cultural characteristics was Colletotrichum
capsici.

For the LIBS experiments, the infected parts of the betel leaves
were carefully removed from the leaves and dried at room
temperature. After the drying process, the leaves samples were
crushed using a mortar and pestle. The healthy and infested leaves
were homogenized into fine powder by using a ball mill (§000M
Mixer/Mill®, SPEX Sample Prep). Each crushed sample was put
in an agate vial with two agate balls. Then, the vial was rotated at
1725 rpm for 5 min. For both samples the process was repeated
four times. For the LIBS measurements, an equal mass of milled
powder for each sample was taken and pressed into respective
pellets of 1.3 cm diameter (CrushIR, Pike Technologies).
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LIBS experimental setup. The LIBS spectra of pelletized betel
leaf samples were obtained using a commercial LIBS instrument
(RT100-EC, Applied Spectra, Sacramento, CA, USA). The
surface of the sample pellets was targeted by a Q-switched
Nd:YAG laser beam operating at 266 nm through an objective lens
with 5x magnification and a working distance of 35 mm. The laser
pulse duration was 10ns, accompanied by a pulse energy of 17
mlJ/pulse and a repetition rate of 10 Hz. The focused laser spot
diameter on the sample surface was 100 um. For a single LIBS
spectrum, 20 laser shots were amassed. Twenty-five data sets,
represented by line scans, were recorded for each individual
sample pellet. The sample stage moved linearly at a speed of
Imm/s. For the LIBS measurements, the optical emission
emanating from the laser-induced plasma was collected through
two lenses and directed toward a multi- channel charge-coupled
device (CCD) spectrometer of which spectral resolution and
wavelength coverage are ~0.1 nm and 187—887 nm, respectively.
The CCD detection gate was delayed from the laser Q-switching
event by 0.5 ps, and the gate width was set to 1pus. The acquisition
of LIBS spectra occurred in He gas environment. Fig. 3 briefly
illustrates the workflow from sample collection to LIBS

measurement.

RESULTS AND DISCUSSION

Variable selection. Figs. 4(a) and 4(b) show the LIBS spectra of
infected and healthy betel leaf samples across the broad ultraviolet
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to near-infrared spectral range (187 — 887nm). Each spectrum was
taken by averaging 25-line scans for the respective sample classes.
The spectra reveal both strong and weak emission lines for C, Mg,
Si, Ca, Cu, Al, Sr, Na, H, N, K, and O which are marked in Fig. 4(a).
Insets within in Fig. 4(a) show expanded spectrum around the Mg
and Si peaks at 279 and 285 nm, respectively. Insets within in Fig.
4(b) show expanded spectrum around the Na peaks at 588 and 589
nm, respectively. The assignments of the observed emission lines
were based on the NIST atomic spectra database.?

As observed in the LIBS spectra of both sample classes, the
emission peaks of Mg, Si, Ca, Cu, Na, and K are prominent in
healthy and infected betel leaf samples. Fig. 5 shows the intensity
scatter plots comparing healthy and infected betel leaves for the
baseline-subtracted peak area of CI, Mg II, Si I, Call, Cul, Call,
Al 1, Sr I, Na I, HI, K I, and O I emissions. To identify the
variables effective in distinguishing the two classes, the
discrimination capability of nineteen selected candidate emission
lines was investigated as follows.

To select the most effective variable from the 19 emission peaks,
the corresponding interclass distances were calculated. Interclass
distance is defined as the difference between the means of the

scores for the given variables across two different classes.?*

The interclass distance, dheaihy-infeced, Was calculated using
equation (1):%

_ |fhealthy_finfected|

(M

dhealthy—infected s
pooled
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emissions.

where fieainy and finfected are the means of intensity values of the two
classes between which the interclass, distances are to be measured.
| fheatthy — fin fectedl is thus the mean-to-mean distance
between the two classes. However, the mean-to-mean distance is
not sufficient to measure the distance between the two data clusters
that have their own variances. This issue can be addressed by
scaling the mean-to-mean distance using a common standard
deviation, that is, the pooled standard deviation, spooled. It is
calculated as the square root of the weighted average variances
across different classes, as shown in Equation (2):%

2 2
(nheauhy—l)sheauhy"'(ninfected_l)sinfezted

@

S —
ooled
p Nhealthy tNinfected =2
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where nneairny and ningecred are the numbers of objects that belong to
the two classes, healthy and infected, respectively; while Sreary are
Sinfected the standard deviations of the respective classes. Herein, the
number of objects was 25 for both nieainy and ningecred. Fig. 6 shows
the bar graphs of the interclass distances of 19 emission lines
calculated using the equations (1) and (2). It is evident that among
the 19 emission peaks, only Cu I (324 and 327nm), H I (656nm)
and O I (777nm) emissions have dheaithy-infectea values smaller than
1 and suggest that these emissions possess the least capabilities in
discriminating the two classes. The emission peaks of Mg II
(279nm) and Na I (588nm) exhibit the largest interclass distance
values of 2.87 and 3.21, respectively, strongly suggesting that
these lines have the greatest ability to discriminate between
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healthy and infected samples. Thus, the emission intensities of Mg
II (279nm) and Na I (588nm) are used to develop the 1-D and 2-
D KNN modes.

KNN modeling. The two sample classes, healthy and infected
betel leaves, were modeled using the KNN algorithm. KNN is a
simple and intuitive machine-learning algorithm that has been
used for many classification tasks. In the KNN modeling, it non-
parametrically defines sample classes in the latent variable space
with labeled training data. It is one of the simplest and widely used
machine learning method for classification and regression tasks.?’
It works by identifying the £ closest data points (neighbors) to a
given input based on a chosen distance metric, such as Euclidean
distance.”® The algorithm then assigns a class label for
classification based on the majority class. This algorithm is non-
parametric and computationally efficient but can be sensitive to
the choice of k&. The KNN algorithm has issues at the boundaries,
where a test data within a dataset can be assigned in multiple ways.
Moreover, when there is case of class imbalance, the KNN model
favors the class having the maximum objects and yields higher
accuracy than the class having fewer objects.

In the present study, baseline-subtracted peak areas of Mg Il and
Na I emission peaks measured from LIBS spectra were used for
KNN modeling. From Figs 5 and 6, these emission peaks were
found to possess the strongest discrimination power between the
two classes based on their interclass distances. Moreover, the use
of integrated intensities of specific LIBS emission peaks as
variable in the modeling minimizes the risk of overfitting and
make the model more robust. The selection process of peaks also
has an upper edge as one can excludes the emission from the laser-
scattered light, ambient gases, and baseline fluctuations or drifts
due to instrumental instability, thereby reducing sample-to-sample
systematic errors.”> Generally, there are two approaches to
evaluate the model performance. One is to use a separate test data
set. The other approach, generally known as cross-validation, is
also widely used. In cross validation, the entire data set is divided
into many small segments, each of which contains one or a few to
several data points. One of the segments is left out as the test data,
and the others are used to train the model. The trained model is
then evaluated using the left-out segment as the test data set. This
process is repeated with different data segments in turn. When
each segment contains only one data point, the number of training
data points is maximized, which helps to stabilize the models. This
specific cross-validation method, where each segment contains a
single data point, is called the leave-one-out (LOO) method.** In
the literature there are recent reports which suggest that LOO
method can be used for the classification of samples of different
origin.?>?! To evaluate the performance of KNN models, the leave-
one-out (LOO) cross-validation method was used. One of the 50
objects scattered in the latent variable space (Fig. 7) was kept out
as a test data, and the two classes were defined by the other 49
objects. Then, k training objects nearest to the test data were taken
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Fig. 6 Interclass distance of LIBS emission peaks between healthy and
diseased betel leaf samples. The black dashed line indicates the interclass
distance value of 1.

Fig. 7 Two-dimensional plots of the objects represented by the pair of Mg
IT and Na I emission intensities, (/vg, /xa). The vertical and horizontal
dashed line indicates the mean values of /v, and Ix,.

as the voters to determine the class of the test data. In this cross-
validation method, one object of the 50 objects was taken out as a
test data, and its class was defined by remaining 49 objects. The k-
nearest training objects to the test data were considered based on
the calculated distances from the test data to each of the training
data. These distances were labeled with the respective classes in
the 1-dimensional latent variable space (Mg II or Na I emission
peak intensities) and the majority class of the neighboring training
objects was assigned to the class of the test data. This process was
repeated 50 times, leaving one object designated as test data in turn.
These emission peaks (Mg II and Na I) were found to possess the
strongest discrimination power between the two classes based on
their interclass distances. So, these emission peaks were initially

Atom. Spectrosc. 2026, 47(2), 263-273.



Fig. 8 Classification accuracy of models based on (a) /g 279nm), (D) Ina (5880m)
and (C) Ivg 279nm)> INa (588nm)-

used to develop 1-D KNN models. We have also developed the 2-
D KNN model using the emission intensities of Mg Il and Na L.
However, for the 2-D model, the accuracy was not improved.
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Additionally, KNN modeling with a limited number of selected
emission peak intensities minimizes the risk of overfitting. This
selection process excludes laser scattered light, emission peaks
from ambient gases, and baseline fluctuations or drifts due to
instrumental instability, thereby reducing sample-to-sample
systematic errors.

The classification accuracy plots of the 1-D model based on Ivg
@79nm) and INa (sgsnm) and 2-D model based on Ivig (279nm), INa (588nm)
and as a function of £ are shown in Figs. 8(a)-(c), respectively. The
KNN model based on the emission intensities of Mg II achieved
the highest classification accuracy of 92% at k£ = 13. This value of
k is optimal for this 1-D model. The highest accuracy for this 1-D
model based on the emission intensities of Na I was 96% at k= 3.
The highest accuracy for the 2-D model based on the emission
intensities of Mg, Na (/Mg (279nm), INa (588nm)) Was 96% at k = 13.
Thus, the model based on the /Na (sssnm) classifies the healthy and
infected betel leaf samples more accurately than the model based
on the /Mg @79nm). For all the above models, the classification
accuracy drops to zero at k =49 because, at this largest value of &,
the KNN algorithm considers both classes in the neighborhood
with uneven training samples. For example, when the test data is
from the infected class, the training dataset consists of 25 objects
from the healthy class and 24 objects from the infested class. In
this case, the KNN model classifies the test data as belonging to
the majority class (healthy class), resulting in misclassification.
Similarly, when the test data is from the healthy class, the training
dataset comprises 22 objects from the healthy class and 24 objects
from the infested class, which also leads to misclassification.

The confusion matrices of the two 1-D and 2-D KNN models
with the highest classification accuracies are shown in Fig. 9. The
model trained using /vg 279nm) (Fig. 9(a)) achieved an accuracy of
92%, with one infected object misclassified as belonging to the
healthy betel leaf class and three healthy objects misclassified as
belonging to the diseased betel leaf class. The sensitivity and
specificity of this model are also 92%. The confusion matrix for
the model trained using /na (sssnm) is shown in Fig. 9(b). This model
achieved a classification accuracy of 96%, with one infected
object misclassified as belonging to the healthy betel leaf class and
one healthy object misclassified as belonging to the diseased betel
leaf class. The confusion matrix for the model trained using Img
@79nm), INa (588nm) is shown in Fig. 9(c). This model achieved a
classification accuracy of 96%, with one infected object
misclassified as belonging to the healthy betel leaf class and one
healthy object misclassified as belonging to the diseased betel leaf
class. The sensitivity of 1-D and 2-D models are 95.65%, 96% and
96% and the specificity are 88.88%, 96% and 96% respectively,
indicating no false positives and one false negative. The 1-D
model for /nashows the better performance in terms of the highest
classification accuracy even at the much smaller value of & (=3)
than those of the 2-D model (k=13). This indicates that the 1-D
model would offer better performance with less computational
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Fig. 9 Confusion matrices of 1D- and 2D-KNN models based on (a) IMg (279 nm) (b) INa (588 nm) and (c) IMg , INa that provided the highest classification

accuracy .

burden compared to the 2-D model in this case. These results
suggest that selecting variables based on interclass distances is a
reliable approach for developing an optimized classification
model.

Physiological Interpretation of Mg and Na. The Anthracnose
disease of betel leaves, mainly caused by Colletotrichum capsici,
leads to significant physiological stress and elemental imbalance
in infected tissues. Changes in macro- and trace-clement
concentrations reflect the disruption of plant metabolism, cell
structure, and defense mechanisms. In healthy leaves, Mg
concentration is relatively higher because Mg is the central atom
of chlorophyll and plays a crucial role in photosynthesis and
enzyme activation.’>* During infection caused by Colletotrichum
capsici, the fungal invasion damages chloroplast structures and
accelerates chlorophyll degradation, resulting in a decrease in Mg
concentration. Also, the concentration of Na is found lower in
infected leaves as compared with the healthy leaves as their
concentration varies in infected regions due to membrane damage,
altered ion transport, and stress-induced ionic imbalance in plant
cells.3>33 These elemental variations reflect the pathophysiological
effects of fungal infection on plant metabolism and defense
mechanisms.

CONCLUSION

This study demonstrates the effectiveness of combining LIBS with
KNN modeling to differentiate between healthy and nematode-
infested pea root samples. Spectral intensities from LIBS emission
peaks were used to assess nineteen candidate variables, and the
interclass distance method identified Mg Il (279 nm) and Na | (588
nm) as the most reliable discriminators. 1-D and 2-D KNN models
built using these emission lines achieved classification accuracies

https://www.at-spectrosc.com/as/article/pdf/2026009

of 92%, 96% and 96%, respectively, confirming the robustness of
the approach. It should be emphasized that this study introduces a
novel application of LIBS for the classification of healthy and
disease betel leaf samples, utilizing the spectral intensities of Mg
and Na identified through the interclass distance method. Our
findings demonstrate the efficacy of this approach in
distinguishing between healthy and diseased leaves from different
geographical origins, thereby highlighting the influence of
elemental composition of betel leaves. Our experimental finding
that the variation in Mg and Na levels can serve as potential
elemental markers for understanding plant—pathogen interactions
and for rapid detection of anthracnose infection in betel leaves.
The application of interclass distance not only enhances the
interpretability of LIBS spectra but also suggests a systematic
framework for selecting discriminant variables in complex food
matrices based on leaves. Overall, the results highlight LIBS as a
rapid, cost-effective, and nondestructive diagnostic tool for on-
field plant health assessment, offering a practical solution for
reducing crop losses and enhancing agricultural productivity.
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