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ABSTRACT
Introduction. The identification of native medicinal plants often relies on destructive, time-
consuming, or expert-dependent methods. This study proposes the use of near-infrared hyperspectral 
imaging (NIR-HSI) and machine learning as alternative, non-invasive tools for the rapid discrimination 
of three medicinal species from northern Peru: Peperomia inaequalifolia (congona), Alternanthera sp. 
(lancetilla), and Teline monspessulana (retama). Objectives. To evaluate the performance of multiclass 
classification models applied to preprocessed NIR-HSI spectra, aiming to develop a reliable system 
for plant identification and quality control. Materials and Methods. A total of 1467 spectra were 
collected using a NIR-HSI camera in the range of 1300–1700 nm. Spectral data were preprocessed using 
Savitzky–Golay smoothing and standard normal variate (SNV). Seven machine learning classifiers were 
trained and evaluated through stratified 5-fold cross-validation, including Random Forest, Gradient 
Boosting, XGBoost, and Ridge Classifier. Results. Random Forest achieved the highest performance 
(accuracy = 0.9959), with a ROC-AUC of 1.00. The remaining models yielded mean accuracies ranging 
from 0.9720 to 0.9945, with ROC-AUC values close to 1.00, indicating strong discriminative capability. 
Conclusions. The combination of NIR-HSI and supervised learning models enables highly accurate 
classification of medicinal plants. This approach shows potential for traceability, quality assurance, and 
ethnobotanical validation, particularly in decentralized or resource-limited settings.

RESUMEN
Introducción. La identificación de plantas medicinales nativas suele depender de métodos destructivos, 
lentos o altamente dependientes de experiencia especializada. Este estudio propone el uso de imágenes 
hiperespectrales en el infrarrojo cercano (NIR-HSI) y aprendizaje automático como herramientas 
alternativas, no invasivas, para la discriminación rápida de tres especies medicinales del norte del Perú: 
Peperomia inaequalifolia (congona), Alternanthera sp. (lancetilla) y Teline monspessulana (retama). 
Objetivos. Evaluar el desempeño de modelos de clasificación multiclase aplicados a espectros NIR-HSI 
preprocesados, con el fin de desarrollar un sistema confiable para la identificación vegetal y el control de 
calidad. Materiales y Métodos. Se recolectaron un total de 1467 espectros mediante una cámara NIR-
HSI en el rango de 1300–1700 nm. Los datos espectrales fueron preprocesados utilizando suavizado 
Savitzky–Golay y normalización por variación normal estándar (SNV). Se entrenaron y evaluaron 
siete clasificadores de aprendizaje automático mediante validación cruzada estratificada de 5 pliegues, 
incluyendo Random Forest, Gradient Boosting, XGBoost y Ridge Classifier. Resultados. Random 
Forest alcanzó el mejor desempeño (accuracy = 0.9959), con un ROC-AUC de 1.00. Los demás 
modelos presentaron valores de exactitud entre 0.9720 y 0.9945, con valores de ROC-AUC cercanos 
a 1.00, lo que indica una alta capacidad discriminativa. Conclusiones. La combinación de NIR-HSI 
y modelos supervisados de aprendizaje automático permite una clasificación altamente precisa de 
plantas medicinales. Este enfoque muestra potencial para aplicaciones en trazabilidad, aseguramiento 
de la calidad y validación etnobotánica, particularmente en contextos descentralizados o con recursos 
limitados.

Clasificación no destructiva de plantas medicinales peruanas mediante imágenes 
hiperespectrales NIR (1300–1700 nm) y aprendizaje automático

Check for
updates

CC BY-NC 4.0

Non-destructive classification of Peruvian medicinal plants using NIR 
hyperspectral imaging (1300–1700 nm) and machine learning

Open access

Highlights
•	 NIR-HSI (1300–1700 nm) combined with machine learning enabled non-destructive discrimination of Peruvian medicinal plants. 
•	 Supervised algorithms achieved accurate multiclass classification even among species with high spectral similarity. 
•	 The methodology is applicable to quality control, authentication, and adulteration prevention in phytotherapeutic products

André Rodríguez León1* , Jimy Oblitas Cruz1  , Jhonsson Luis Quevedo-Olaya1 

1 	 Universidad Nacional de Cajamarca, Cajamarca, Perú *Corresponding Author:    arodriguezl@unc.edu.pe.

http://http//dx.doi.org/10.15649/2346075X.5823 
http://dx.doi.org/10.15649/2346075X.5680 
http://dx.doi.org/10.15649/2346075X.5680 
https://crossmark.crossref.org/dialog/?doi=10.15649/2346075X.5708&domain=pdf&date_stamp=2026‐02-27
https://creativecommons.org/licenses/by/4.0/deed.es
https://www.openaccess.nl/en/what-is-open-access
https://orcid.org/0000-0002-3787-2246
https://orcid.org/0000-0001-7652-6672
https://orcid.org/0009-0006-5802-252X
https://orcid.org/0000-0002-3787-2246
http://arodriguezl@unc.edu.pe.


2

Innovaciencia,2026; 14 (1): e5680http//dx.doi.org/10.15649/2346075X.5680

INTRODUCTION

The ancestral use of medicinal plants such as congona (Peperomia inaequalifolia), lancetilla (Alternanthera 
sp.), and retama (Teline monspessulana) remains widespread in Peruvian Andean and Amazonian communities, 
where these species are traditionally used to treat digestive, hepatic, respiratory, and dermatological 
conditions(1–2). These plants are currently marketed in dried, fresh, or powdered forms; however, their informal 
commercialization, often lacking adequate quality control, facilitates adulteration, substitution, and undeclared 
mixtures, thereby compromising consumer safety and undermining the value of traditional ethnobotanical 
knowledge.

Despite their medicinal relevance, these species have received limited attention using advanced analytical 
technologies. Congona, cultivated in inter-Andean regions, has traditionally been used as a cardiotonic, anti-
inflammatory, and hepatoprotective agent and is commonly administered as an infusion or macerate to treat 
headaches, liver disorders, and menstrual discomfort(1). Lancetilla, in turn, has been used in Amazonian contexts 
as an anti-inflammatory, febrifuge, and bronchodilator, typically prepared as a decoction for intestinal infections 
and respiratory diseases(2). Retama, a plant historically associated with Inca and colonial medicine, contains 
bioactive alkaloids that, when carefully dosed, have been used as diuretic, wound-healing, and hepatoprotective 
agents(1–3).

Conventional taxonomic approaches for plant authentication are often impractical because they are time-
consuming, destructive, and highly dependent on specialized expertise. In this context, near-infrared 
hyperspectral imaging (NIR-HSI) has emerged as a promising analytical tool, as it combines spectral and 
spatial information within the 900–1700 nm range, enabling the detection of chemical signatures associated 
with bioactive compounds even in dried or ground samples. The spectral information captured by NIR-
HSI is based on the interaction of radiation with C–H, O–H, and N–H bond vibrations, whose absorption 
features provide indirect information related to molecular composition(4–6). In particular, the 1300–1700 nm 
region is sensitive to overtones and combination bands associated with water, lipids, phenolic compounds, and 
alkaloids(7–9). However, due to the high dimensionality of hyperspectral data and the overlapping nature of NIR 
absorption bands, direct extraction of structural information remains limited(10). When samples exhibit similar 
compositions that are difficult to distinguish visually, machine learning–based classification models provide an 
effective strategy for discriminating species with minimal human intervention and reduced error rates.

Chemometric tools such as Principal Component Analysis (PCA) and supervised models, including Support 
Vector Machines, Random Forest, and XGBoost, have demonstrated high accuracy in the discrimination of 
plant species, even after processing or storage(11–12). These multivariate approaches exploit spectral complexity 
to identify patterns that are not visually discernible, making them a reliable alternative to traditional botanical 
identification methods(13–14).

In this study, the potential of NIR-HSI combined with machine learning algorithms was evaluated for 
differentiating three Peruvian medicinal plant species—congona, lancetilla, and retama—which have been used 
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since pre-Inca times in traditional medicine(3,15–16). This approach is supported by previous studies. Singh et al.(17) 
evaluated Andrographis paniculata powder in the 900–1700 nm range using Support Vector Machines and ten-
fold cross-validation, classifying three quality categories with a mean accuracy of 83% after SNV normalization. 
In the same year, Kasemsumran et al.(18) developed PLS-DA models to distinguish A. paniculata samples with 
high and low andrographolide content, achieving 100% correct classification in both calibration and validation 
using second-derivative preprocessing and six PLS factors. More recently, Zhang et al.(19) discriminated five 
chrysanthemum tea varieties using a portable NIR system and LDA-based approaches combined with K-nearest 
neighbor after PCA, reaching accuracies of 87.2%, 94.4%, and 99.2%. Similarly, Li et al.(20) showed that NIR-
HSI coupled with machine learning and deep learning models enabled rapid and accurate identification of 
medicinal species (Gastrodia elata Blume), achieving perfect classification rates without excessively complex 
preprocessing. In addition, Jayapal et al.(21) used regression-based models, including PLSR, SVM, regression 
trees, and PCR, to predict phenolic compounds in Arabidopsis, obtaining a standard error of prediction of 0.07 
mg/g, although classification was not addressed.

The cultural and pharmacological relevance of these species, together with the need for reliable identification 
methods in industrial and decentralized settings, provides a strong rationale for proposing NIR-HSI as a non-
invasive, reproducible, and portable technique suitable for monitoring plant materials in markets, processing 
centers, and germplasm banks(19). Accordingly, the aim of this study was to evaluate the discriminative 
performance of machine learning models applied to NIR-HSI data for identifying these three species and to 
assess their potential for quality control, traceability, and the conservation of Peruvian plant diversity.

MATERIALS AND METHODS

Study type and design 

An observational, analytical, cross-sectional study was conducted

Population, sample, and preparation

The target population consisted of medicinal plant species from the Andean region of La Libertad, Peru. The 
sample included three species: Peperomia inaequalifolia (congona), Alternanthera sp. (lancetilla), and Teline 
monspessulana (retama).

Spectral acquisition

As shown in (Figure 1a), the plants were collected by local specialists from their natural distribution areas, 
transported to the laboratory in paper bags, and stored without further processing, preserving their original 
commercial presentation. This strategy allowed the spectral analysis to reflect real conditions of use and 
commercialization. For hyperspectral acquisition, the leaf was selected as the target tissue, and regions of 
interest were defined by identifying spectrally homogeneous areas across the leaf surface (Figure 1b). This 
selection was performed using the discrimination capabilities of the Resonon software, which allows clustering 
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and visualization of pixels with similar spectral signatures, thereby reducing intra-leaf variability associated with 
structural heterogeneity (e.g., veins and edges). A total of 20 independent leaves per herb type were analyzed, 
from which an average of 24 spectra per sample was extracted. Hyperspectral images were acquired using a 
NIR RESONON PIKA IR+ system equipped with an InGaAs camera (900–1700 nm range), an optical 
spectrograph (5.6 nm FWHM spectral resolution), and an illumination system with two 150 W halogen lamps 
positioned at 45°. The camera was mounted on a motorized conveyor belt, and the acquisition parameters were 
adjusted to avoid saturation: focal distance, 25 cm; speed, 20 mm/s; and exposure time, 5 ms(22,23). Raw images 
were corrected by reflectance normalization using white (Teflon, 99%) and black (dark capture) references 
according to the standard equation(24–26).

Spectral preprocessing

The corrected images were segmented using binary masks for each spectral band. Mean spectra were 
extracted, and the analysis was restricted to the 1300–1700 nm range because of its high density of vibrational 
information(27,28).

A Savitzky–Golay filter was applied (31-point window, first-order polynomial) to reduce high-frequency 
noise while preserving peak shape, which is essential for retaining relevant spectral features(29). The data were 
then normalized using Standard Normal Variate (SNV), a technique that corrects baseline shifts and intensity 
variations caused by scattering effects(23).

 
Figure 1. a) Workflow for medicinal plant classification using machine learning; b) Spectral acquisition by hyperspectral 
imaging.
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Computational and statistical analysis

Machine learning

Data processing was performed in Google Colab using Python 3.10. The following libraries were used: NumPy 
for array handling, Matplotlib for visualization, Scikit-learn for machine learning algorithms, and XGBoost 
for gradient boosting models. Dimensionality reduction was performed using Principal Component Analysis 
(PCA) implemented through sklearn.decomposition.PCA. Seven classifiers were trained and validated: i) 
Support Vector Machine (RBF kernel); ii) Random Forest; iii) Gradient Boosting; iv) XGBoost; v) Ridge 
Classifier;  vi) Logistic Regression; vii) MLPClassifier (Multilayer Perceptron).  

Statistical analysis and validation

Model evaluation was performed using stratified five-fold cross-validation (StratifiedKFold) to preserve class 
balance. Labels were assigned based on collection metadata and numerically encoded. Performance was assessed 
using accuracy, macro-precision, macro-recall, F1-score, and ROC curves(30–31).

Data availability

The dataset generated during image acquisition is publicly available in Mendeley Data: Rodríguez León, André 
(2025), Dataset clasificación HM, Mendeley Data, V1, doi: 10.17632/kythyt9dt2.1.

RESULTS

Average spectral characteristics

The spectra were initially obtained in their raw form, as shown in (Figure 2a). Owing to sample characteristics 
and acquisition conditions, the raw spectra exhibited substantial noise. To prevent this noise from affecting 
PCA-based description, the spectra were preprocessed, as shown in (Figure 2b). 

Analysis of the mean spectra obtained in the 1300–1700 nm range revealed distinct patterns among the three 
evaluated species. Five spectral regions with prominent peaks and valleys were identified. The first peak, located 
around 1360 nm, was common to all three species and was associated with the second overtone of the C–H 
bond, a region that has been related in the NIR literature to phenolic compounds and lipids(32 –33). In this region, 
P. inaequalifolia showed greater relative signal intensity. A second peak, near 1450 nm, was attributed to the 
first overtone of O–H stretching, commonly associated with structured water or hydroxylated compounds(34). 
In this case, T. monspessulana exhibited a more pronounced valley. Between 1450 and 1540 nm, a common 
pek was observed in the three species, associated with combination bands of N–H and C–H bonds, which 
have frequently been related in the literature to alkaloids, tannins, or secondary amino acids. In this region, 
Alternanthera sp. showed a smoother slope, which may reflect a lower relative contribution of spectral signals 
associated with nitrogen-containing compounds compared with the other two species.
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Figure 2. Relative absorbance spectra of the three studied species: Peperomia inaequalifolia, Alternanthera 
sp., and Teline monspessulana. (a) Raw spectra. (b) Cropped spectra (1300–1700 nm) preprocessed with Savitzky–
Golay derivative and SNV.

The region between 1600 and 1650 nm exhibited marked differences among species. In Teline monspessulana 
and Alternanthera sp., greater relative absorbance was observed around 1620 nm, a band associated with CH2 
and aromatic C–H stretching combinations(35). In contrast, P. inaequalifolia showed a pronounced decrease in 
this region, which may indicate a lower relative contribution of signals associated with metabolites containing 
conjugated aromatic structures.

Principal Component Analysis (PCA)

Principal Component Analysis (PCA) was applied to the preprocessed spectra (first-derivative Savitzky–Golay 
+ SNV) to reduce dataset dimensionality and explore unsupervised grouping patterns among the studied 
species. In the PCA plot (Figure 3), the blue arrows represent the loading vectors corresponding to the 20 most 
influential wavelengths. These vectors indicate how each wavelength contributed to group separation in the 
PC1–PC2 space, highlighting key directions that reflect differences in spectral patterns among species. The first 
two principal components jointly explained 92.5% of the total variance (PC1: 82.7%; PC2: 9.8%), indicating 
that most of the relevant spectral information was concentrated in a two-dimensional space. The distribution 
of samples in the PC1 vs. PC2 plane showed that Peperomia inaequalifolia (congona) formed a distinct and 
well-defined cluster relative to the other two species. These samples (gray points) were located at positive PC1 
values and associated with vectors at wavelengths close to 1680–1699 nm.
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The congona group exhibited a crescent-shaped distribution, corresponding to the horseshoe effect in PCA, 
which is associated with nonlinear gradients in spectral data(36). Although the vectors in the 1682–1699 nm 
range accounted for most of the variance along PC1, they did not capture the vertical dispersion observed in the 
dataset. In contrast, Alternanthera sp. (lancetilla) and Teline monspessulana (retama) were grouped at negative 
PC1 values, with vectors associated with wavelengths between 1360 and 1440 nm. These two species showed 
partial overlap, indicating similar spectral signatures within the analyzed range. Because PCA did not achieve 
complete separation among the three species, particularly between lancetilla and retama, the results obtained 
using supervised classification models are presented below.

Supervised classification

Structure and selection of supervised models

Seven supervised learning models were implemented to cover a range of methodological approaches suitable 
for complex spectral data. These included linear, nonlinear, ensemble-based, and kernel-based algorithms. The 
evaluated models were Random Forest (RF), Gradient Boosting (GB), Support Vector Machine with RBF kernel 
(SVM), Ridge Classifier (RC), XGBoost (XGB), Logistic Regression (LR), and Multilayer Perceptron (MLP). 
Each model was trained using spectral data numerically labeled according to species of origin. Performance was 
assessed using stratified five-fold cross-validation (StratifiedKFold, k = 5), a standard approach in supervised 
modeling of spectral data(37–38).

Figure 3. PCA biplot showing samples by species and the 20 most influential wavelengths. 
Points represent leaf samples of Retama (red), Lancetilla (orange), and Congona (gray). Blue vectors indicate the 
wavelengths with the greatest contribution to group separation; arrows pointing left (≈1340–1368 nm) correspond to 
O–H and C–H related regions, whereas arrows pointing right (≈1682–1699 nm) correspond to N–H/C=O related 
regions. PC1 explains 82.7% and PC2 explains 9.8% of total variance.
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No hyperparameter fine-tuning was performed. Model configurations were as follows: SVM with RBF kernel 
(C = 1.0, gamma = scale); RF, GB, and XGB with n_estimators = 100; RF using the Gini criterion; GB using log 
loss; MLP with one hidden layer of 100 neurons and ReLU activation; and RC with default L2 regularization.

Classification performance evaluation

Comparative metrics

The quantitative evaluation of the seven supervised models was performed using standard metrics for multiclass 
classification, with accuracy as the primary metric in this comparison. Table 1 summarizes the mean accuracy 
values obtained through stratified five-fold cross-validation. Random Forest showed the highest performance, 
whereas MLPClassifier yielded the lowest value.

Table 1. Mean performance metrics for each supervised model using five-fold cross-validation.

Modelo Accuracy 
XGBoost  0.9891 
Random Forest 0.9959 

Gradient Boosting  0.9932 

MLPClassifier 0.9720 
SVM (RBF) 0.9932 
Logistic Regression 0.9925 

Ridge Classifier 0.9945 

Error analysis using confusion matrices

Confusion matrices were used to identify classification error patterns and determine which species were more 
frequently confused. Figure 4 presents the confusion matrices for the four models with the highest performance: 
Random Forest, Ridge Classifier, SVM, and Gradient Boosting.

Random Forest (Figure 4a) produced one classification error, assigning one lancetilla sample to retama. Ridge 
Classifier (Figure 4b) and SVM (Figure 4c) each produced two classification errors, distributed between 
lancetilla and retama. A similar pattern was observed for Gradient Boosting (Figure 4d), which also produced 
two classification errors between the same classes. In all four models, congona was correctly classified in 100% 
of the repetitions.

ROC curves and AUC

ROC curves were used to assess model discrimination in a multiclass setting using a one-vs-rest binarization 
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scheme. As shown in Figure 5 , all models exhibited near-perfect discrimination, with ROC curves approaching 
the upper-left corner and AUC values close to 1.00. Minor differences between classes were observed in the 
numerical AUC values (0.994–1.000), particularly for Lancetilla in the Gradient Boosting model, consistent 
with the few observed classification errors.

                       A) Random Forest                                                       B) Ridge Classifier

                    
                       C) SVM                                                                           D) Gradient Boosting

                    
Figure 4. Confusion matrices for Random Forest (a), Ridge Classifier (b), SVM (c), and Gradient Boosting 
(d), expressed as the number of samples classified per class.

Comparative performance of multiclass classification models

The performance of the four selected multiclass classification models was evaluated using accuracy, macro-
precision, macro-recall, macro-F1 score, and macro-ROC AUC. Table 2 summarizes the results. Random Forest 
showed the strongest overall performance across most metrics, whereas Ridge Classifier and Gradient Boosting 
yielded closely comparable values. SVM reached the highest macro-ROC AUC, although its remaining metrics 
were slightly lower.
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                      A) Random Forest                                                        B) Ridge Classifier

                     
                      C) SVM                                                                            D) Gradient Boosting

                     
Figure 5. ROC curves for Random Forest (a), Ridge Classifier (b), SVM (c), and Gradient Boosting (d) under 
a one-vs-rest multiclass scheme.

Table 2. Mean performance metrics for the four selected supervised models using five-fold cross-validation.
Model Accuracy  Macro-precision  Macro-recall Macro-F1 score  Macro-ROC AUC 

Random Forest  0.9966 0.9952 0.9943 0.9947 0.9998 

Ridge Classifier  0.9932 0.9894 0.9894 0.9894 0.9996 

Gradient Boosting 0.9932 0.9889 0.9902 0.9894 0.9996 

SVM 0.9830 0.9735 0.9755 0.9735 1.0000 

 

DISCUSSION

The multivariate analysis showed that PCA explained 92.5% of the total variability (PC1: 82.7%; PC2: 9.8%), 
although it did not achieve complete separation between retama and lancetilla. This partial overlap may be 
related to the similarity of their spectral signatures within the 1300–1700 nm range, particularly in regions 
commonly associated with O–H and C–H overtones(31,35). These findings indicate that, although PCA is 
effective for exploring structural variance and identifying dominant spectral patterns, its linear nature limits 
class separability when species exhibit subtle or overlapping signatures. Similar limitations have been reported 
in hyperspectral applications, where PCA is useful for dimensionality reduction but does not necessarily 
maximize discrimination between classes(39–40).

In contrast, the supervised models achieved near-perfect performance. Random Forest reached 99.66% accuracy, 
followed by Ridge Classifier and Gradient Boosting (99.32%) and SVM (98.30%), with macro-F1 scores ranging 
from 0.9735 to 0.9947. These results indicate that the classifiers captured subtle and potentially nonlinear 
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differences among chemically related species that were not fully resolved by PCA. This behavior is consistent 
with previous studies demonstrating that supervised learning improves discrimination in hyperspectral datasets 
of plant materials and related classification tasks (22–23). Similarly, Yang et al.(41) reported 98.95% accuracy in 
the classification of botanically similar materials using supervised approaches, whereas Zheng et al.(42) achieved 
100% accuracy with SVM for species identification using NIR data. Liu et al.(21) also reported 97.9% accuracy 
using NIR-HSI combined with SVM for geographic authentication, supporting the applicability of supervised 
spectral models in complex classification scenarios. Together, these findings reinforce the use of NIR-HSI 
combined with machine learning as a reliable strategy for discriminating closely related plant species.

From an applied perspective, the proposed methodology offers advantages in terms of speed, portability, and 
economic feasibility. Li et al.(43) reported 100% accuracy in Fritillaria spp. authentication using NIR-based 
models, with relevant spectral information concentrated between 1400 and 1500 nm, whereas Altieri et 
al.(44) achieved 97.8% accuracy in ripeness classification using portable NIR devices. Compared with highly 
specialized VNIR-SWIR and deep learning approaches reporting accuracies above 95%(45), the present study 
provides a favorable balance between classification performance (>98%) and technological feasibility, allowing 
potential implementation in germplasm banks, nurseries, and local markets. In addition, portable NIR analysis 
typically requires less than two minutes and has been reported to cost approximately USD 5 per sample(43,45–46), 
making it an efficient alternative to conventional chromatographic methods. Chen et al.(46) further showed that 
combining FT-NIR with machine learning enables rapid adulteration detection and concentration prediction, 
supporting the usefulness of spectroscopic pattern analysis in practical authentication settings. Within this 
framework, the use of baseline model configurations without extensive hyperparameter optimization supports 
a more application-oriented evaluation, facilitating comparison across classifiers with different levels of 
interpretability and generalization capacity.

The proposed methodology can be adapted to low-cost, low-power platforms. The use of open-source libraries 
such as Scikit-learn and compatibility with compact NIR sensors based on MEMS or photodiodes enable the 
development of portable devices or cloud-connected mobile applications, facilitating model updating and 
recalibration. Commercial systems such as SCiO and NIRScan have demonstrated effectiveness in related 
applications, reinforcing the feasibility of portable NIR technologies as analytical tools. In particular, the 
DLP NIRScan Nano (Texas Instruments), based on digital micromirror device (DMD) technology, has been 
described as a promising compact NIR platform for portable analytical applications(33), supporting its potential 
use in rural or low-infrastructure settings.

Finally, a relevant limitation of this study is the absence of independent external validation, which limits the 
extrapolation of the models to new populations or operational conditions(26). Additionally, batch variability 
and different collection contexts were not considered, factors that may influence spectral responses. However, 
the consistency observed across metrics such as accuracy, F1-score, and ROC curves suggests high internal 
model stability against within-sample variability. The ROC curves appear visually saturated due to the high 
classification performance, which may limit the graphical differentiation between models despite small 
numerical differences in AUC values. In this regard, although external validation is required to confirm 
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generalization, the obtained results provide a solid and reproducible foundation for future applications under 
real-world conditions.

CONCLUSIONS

The integration of NIR-HSI in the 1300–1700 nm range with machine learning models proved to be a precise, 
non-destructive, and reproducible strategy for the identification of Peruvian medicinal plant species. Spectral 
preprocessing using Savitzky–Golay filtering and SNV improved signal quality and enhanced the performance 
of supervised classifiers, enabling effective discrimination among Peperomia inaequalifolia, Alternanthera sp., 
and Teline monspessulana. 

Although Peperomia inaequalifolia exhibited a clearly differentiated spectral profile, the separation between 
Alternanthera sp. and Teline monspessulana was only achieved through supervised models capable of capturing 
nonlinear relationships. Random Forest showed the best performance (macro-F1 score = 0.9947), followed by 
Gradient Boosting, Ridge Classifier, and SVM-RBF, all with metrics above 0.97, indicating the robustness of 
the proposed approach in the presence of morphological and phytochemical similarity.

The recurrence of relevant spectral bands (1360, 1450, 1470, 1530, 1600, 1620, 1650, and 1692–1699 nm), 
consistent with spectral regions commonly associated with O–H, C–H, and N–H vibrations, supports the 
feasibility of developing optimized sensors focused on these regions. 

Overall, the proposed methodology represents a viable alternative for quality control, plant authentication, 
and real-time classification, with potential applications in markets, germplasm banks, and responsible 
biotrade. Future expansion of the species set and validation using portable devices would further strengthen its 
applicability in decentralized settings.
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