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Abstract
Food authentication has become a critical issue for consumers, producers, and regulatory authorities, particularly for high-
value products such as olive oil, which is highly susceptible to adulteration. In recent years, vibrational spectroscopy tech-
niques, including mid-infrared (MIR), near-infrared (NIR), and Raman spectroscopy, have attracted significant attention 
as rapid and non-destructive analytical tools for assessing the authenticity of olive oil. When combined with multivariate 
chemometric approaches, these techniques enable the extraction of meaningful spectral fingerprints and the development of 
predictive models for adulteration detection. This review provides a comprehensive evaluation of studies conducted over the 
past decade, with a focus on the application of vibrational spectroscopy coupled with chemometrics for the authentication 
of olive oil. The reviewed studies demonstrate that combining vibrational spectroscopy with chemometric methods offers 
advantages, including minimal sample preparation, rapid analysis, environmental sustainability, and potential suitability for 
routine quality control and official food inspection. The current limitations and future research directions are also highlighted 
to facilitate the extensive implementation of these techniques in olive oil authentication frameworks.
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Introduction

Olive oil, a key component of the Mediterranean diet, is 
widely recognised for its diverse health benefits, attributable 
to its unique chemical composition. Olive oil is characterised 
by its high concentration of monounsaturated fatty acids, 
predominantly oleic acid. Furthermore, it contains minor 
components such as sterols, polyphenols, hydrocarbons, 
terpenes, chlorophyll and carotenoid pigments, and volatile 
compounds, which account for only 1–2% (Gagour et al. 
2024). The research evidence, when considered as a whole, 
suggests that olive oil has a beneficial effect on several 
chronic diseases, including cardiovascular disease, breast 
cancer, and type 2 diabetes (Foscolou et al. 2018).

Olive oil is one of the foodstuffs most prone to adultera-
tion due to its high price. Consequently, the authenticity of 
olive oil is of paramount importance (Kakouri et al. 2021). 
Authentication can be defined as the process of controlling 

fraudulent practices, including adulteration, mislabelling, 
and mislabelling of origin (Bajoub et al. 2018). Various 
analytical techniques have been developed to determine 
the authenticity of olive oil. The classical analytical tech-
niques include chemical analysis, liquid chromatography, 
and gas chromatography. Chromatographic methods enable 
the identification and quantification of individual constitu-
ents, including fatty acids, sterols, and minor compounds, 
thereby offering strong confirmatory evidence for authen-
ticity assessment. However, these methods are both time-
consuming and destructive (Zaroual et al. 2022). Therefore, 
the development of rapid and non-destructive methods for 
determining the authenticity of olive oil is imperative. Spec-
troscopic methods, with a particular emphasis on vibrational 
spectroscopy, have been shown to facilitate rapid and non-
destructive procedures requiring minimal sample prepara-
tion. These methodologies enable the representation of a 
wide range of constituents in the oil through their respective 
spectra (Ozen et al. 2024).

The interpretation of spectral data often requires subse-
quent data analysis due to the complex nature of such data. 
In this context, multivariate analysis is a valuable tool for 
data analysis. In the olive oil field, chemometrics can be 
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useful for identifying cultivar markers, facilitating the dif-
ferentiation of samples by cultivar and geographical origin, 
guaranteeing the authenticity of olive oil, and/or detecting 
adulteration with other oils (Gómez-Caravaca et al. 2016; 
Rodionova and Pomerantsev 2020).

Rather than targeting individual compounds, vibrational 
spectroscopic methods rely on chemical fingerprints com-
bined with chemometric analysis to enable classification and 
prediction (Kakouri et al. 2021). In this context, vibrational 
spectroscopy is more appropriately considered as a screen-
ing tool or complementary approach, rather than a direct 
replacement for classical analytical techniques. The effec-
tiveness of spectroscopic approaches is strongly linked to 
the application of chemometric methods, which facilitate 
the extraction of meaningful information from complex, 
high-dimensional datasets. Recent studies in complex food 
systems have demonstrated the potential of chemometrics-
assisted untargeted fingerprinting approaches, including 
colloidal and volatile profiling, to enable rapid and green 
authentication strategies. Such approaches illustrate how 
complementary analytical techniques can be integrated 
within a unified chemometric framework to enhance dis-
crimination, traceability, and quality assessment (Zappi et al. 
2022, 2023; Giordani et al. 2024).

Numerous literature reviews have explored the appli-
cation of spectroscopic techniques in the analysis of olive 
oils. The present review aimed to provide an overview of 
vibrational spectroscopic techniques (MIR, NIR, and Raman 
spectroscopy) published between 2015 and 2025, with a par-
ticular focus on their application to olive oil authentication.

Vibrational Spectroscopy

Vibrational spectroscopy is a technique that measures the 
vibrational energy in a compound. Each chemical bond cor-
responds to a specific vibrational energy, thereby generating 
a distinctive fingerprint. This characteristic fingerprint can 
enable the determination of the structure of an unknown 
compound by comparing it with the fingerprints of known 
compounds (Campanella et al. 2021).

Vibrational spectroscopy involves the analysis of the spe-
cific spectral range within the electromagnetic spectrum. 
This range extends from 0.76 to 1000 µm  or from 13,000 to 
10 cm−1, which corresponds to the frequency of molecular 
vibrations (Wang et al. 2016).

Vibrational spectroscopic techniques include IR spectros-
copy and Raman spectroscopy. IR spectroscopy is the most 
used experimental technique in vibrational spectroscopy, 
relying on measuring the absorption of infrared radiation 
by matter at different wavelengths. The technique enables 
investigation of the molecular structure and the interac-
tions of functional groups within molecules, as well as their 

interactions with their environment. The IR spectrum of 
each sample is unique, thus serving as a fingerprint to iden-
tify functional groups or whole compounds and to provide 
insight into the evolution of the structure (Ditler and Luber 
2022).

The infrared component of electromagnetic radiation 
can be categorised into three distinct regions: NIR, which 
extends from 13,000 to 4000 cm−1; MIR, which ranges from 
4000 to 400 cm−1; and the far-infrared, which covers the 
spectral range from 400 to 10 cm−1 (Wang et al. 2016).

MIR spectroscopy is a valuable tool in analysing chemi-
cal functional groups, providing insight into their fundamen-
tal vibrations. These functional groups exhibit absorption 
within the MIR region. The MIR region of the electromag-
netic spectrum can typically be subdivided into two distinct 
regions: the functional group region (4000 to 1500 cm−1) 
and the fingerprint region (1500 to 400 cm−1). Most of the 
pertinent information utilised for interpreting MIR spectra 
is obtained from the functional group region (Mousa et al. 
2022).

NIR spectroscopy records molecular combination and 
overtone vibrations. The vibration signals are analogous, 
and the spectrum is composed of numerous broad and over-
lapping bands. The detailed structural elucidation of the ana-
lysed sample is limited by overtone and combination bands 
(Li et al. 2020).

Raman spectroscopy relies on the inelastic scattering of 
light across the near-infrared, visible, and near-ultraviolet 
regions. Light excites the molecule to a higher energy state, 
and as it relaxes back to the ground state, information about 
vibrational modes is conveyed via the resulting frequency 
shift (Ditler and Luber 2022).

Methods

This study was designed as a structured narrative review 
focusing on the application of vibrational spectroscopic 
techniques and chemometric approaches for olive oil authen-
tication and adulteration detection.

The Scopus database was systematically searched for 
articles published in English between 2015 and 2025. The 
search was conducted using keywords appearing in the title, 
abstract, and keyword fields (last searched in September 
2025). The search strategy combined terms related to olive 
oil authentication and adulteration with vibrational spectro-
scopic techniques and chemometric approaches. A represent-
ative search string included (“olive oil” AND “adulteration” 
AND (“FTIR” OR “NIR” OR “Raman” OR “vibrational 
spectroscopy” OR “infrared”) AND (“chemometrics” OR 
“machine learning”)) as well as (“olive oil” AND “authen-
tication” AND (“FTIR” OR “NIR” OR “Raman” OR “vibra-
tional spectroscopy” OR “infrared”) AND (“chemometrics” 
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OR “machine learning”)). These terms were applied to the 
“title”, “abstract”, and “keywords” search fields to capture 
studies employing both classical chemometric techniques 
and data-driven analytical approaches.

Study selection was performed manually by the author 
through title screening, abstract evaluation, and full-text 
assessment. Studies were included if they (i) applied vibra-
tional spectroscopy to olive oil authentication, (ii) employed 
chemometric or machine learning methods, and (iii) were 
published in peer-reviewed journals in English. Studies were 
excluded if they (i) did not involve olive oil authentication, 
(ii) lacked vibrational spectroscopy or chemometric analy-
sis, and (iii) were conference abstracts, review papers, or 
duplicate records.

The initial search retrieved 193 records. After removal of 
duplicates and screening based on title, abstract, and full-text 
evaluation, 46 studies were ultimately included in the review.

Studies employing multiple analytical techniques were 
included when vibrational spectroscopy (FTIR, Raman, or 
NIR) was part of the analytical approach. The inclusion of 
these studies aimed to provide broader insights into applica-
tions and complementary information relevant to vibrational 
spectroscopic approaches for olive oil authentication.

Digital tools were used exclusively for non-scientific, 
supportive purposes. Elicit (free version) was employed to 
extract and organise structured information from the selected 
publications, including reported methodologies and key find-
ings. All extracted information was subsequently verified, 
interpreted, and critically assessed by the author. ChatGPT 
(Academic GPT, free version) and DeepL (free version) 
were used solely for language refinement, grammatical cor-
rection, and improvement of clarity and readability.

All stages of literature screening, study selection, syn-
thesis of findings, interpretation, and conclusions were 
conducted exclusively by the author. All AI-assisted edits 
were reviewed and verified by the author, who retained full 
responsibility for the scientific content and final version of 
the manuscript.

MIR Spectroscopy Applications in Detection 
of Olive Oil Adulteration

Over the past decade, several studies have explored the use 
of MIR spectroscopy coupled with chemometrics for the 
discrimination and quantification of EVOO adulteration 
(Table 1).

Sun et al. (2015) studied the detection and quantification 
of adulteration in EVOO with edible oils, including camel-
lia, soybean, sunflower, and corn oils. The analysis of the 
FTIR data was performed using chemometrics, with prin-
cipal component analysis (PCA), locally linear embedding 
(LLE), and supervised locally linear embedding (SLLE) 

being utilised for dimensionality reduction. SLLE provided 
satisfactory results in identifying and quantifying adultera-
tion of EVOO. For the PLS models, the R2 value for the 
validation model ranged from 0.9757 to 0.9988. The root 
mean square error (RMSE) for the test set was between 
0.0172 and 0.0951. The findings revealed that applying the 
first derivative, followed by smoothing, mean centering, and 
SLLE, achieved the best results in both the classification and 
quantification models.

A method using FTIR spectroscopy was developed to 
detect adulteration of EVOO with peanut oil (Vasconce-
los et al. 2015). Correct classification rates of 92.3% for 
the calibration set and 88.3% for the cross-validation set 
were obtained using LDA. The PCR and PLS-R enabled 
the quantification of adulteration levels, with satisfactory 
R2 values and low RMSE. The PLS-R model, when applied 
to the wavenumbers at 3007, 2922, 2853, 1754, 1160, and 
1117 cm−1, was found to be a reliable method for quantify-
ing and discriminating peanut oil in EVOO. The study suc-
cessfully detected adulteration at levels as low as 0.5% v/v.

Rohman et al. (2017) developed a methodology to detect 
adulteration with grape seed oil (GSO), soybean oil (SO), 
and walnut oil (WO). DA, PCR, and PLS were applied 
using the combined spectral regions of 3018–3002 and 
1200–1000  cm−1 for GSO and SO, and 3029–2954 and 
1125–667 cm−1 for WO. The use of optimised wavelengths 
by the DA provided classification of EVOO and adulterated 
samples with a 100% accuracy rate. Furthermore, PLS 
at optimised wavelengths demonstrated good predictive 
performance for adulterant levels (R2 > 0.99, RMSEC: 
0.101–0.658%).

A hand-held FTIR instrument was employed to develop a 
portable screening strategy for identifying adulterated olive 
oils (Pan et al. 2018). The study involved canola, peanut, 
corn, soybean, and sunflower oils. The SIMCA model cor-
rectly identified different types of vegetable oils and detected 
adulteration in olive oils containing at least 10% adulterant. 
Adulterant oil content in the range of 5–45% was estimated 
using a PLS model, with a reported error of 3%.

Nurwahidah et al. (2019) employed FTIR spectroscopy 
in conjunction with chemometric methods (DA, PLS, and 
PCR) to detect adulteration of EVOO with rambutan seed fat 
(RSF). DA successfully distinguished between unadulterated 
and adulterated EVOO without making any misclassifica-
tions. The best quantitative model for predicting RSF levels 
in EVOO was attained by utilising normal FTIR spectra at 
designated wavenumber regions (1446.8–1409.7 cm−1 and 
2368.6–1769.9 cm−1) in conjunction with PCR.

A methodology was proposed using FTIR spectroscopy 
and PLS algorithms to identify and quantify adulterants in 
EVOO (Filoda et al. 2019). The study demonstrated the 
capability of the FTIR-PLS method in identifying the types 
and levels of adulteration. Using siPLS with the spectrum 
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partitioned into 32 regions, the calibration model provided 
the best results when 12 latent variables were applied 
along the spectral ranges 3042–2806, 2726–2648, and 
1225–1068 cm⁻1. The calibration model performed best 
when pre-processing was applied using the second deriva-
tive and mean centering.

Ordoudi et al. (2022) developed a method to detect ter-
nary blends of adulterants in EVOO at a standard adultera-
tion level of 20% v/v. The second-derivative FTIR spectra 
were examined for outliers during multivariate calibration 
using PLS-DA and SIMCA. The stepwise external validation 
of the models showed 100% sensitivity in detecting adultera-
tion, such as 5% canola and 15% hazelnut oils. The devel-
oped models achieved good predictive performance (> 92%).

The application of FTIR spectroscopy combined with 
PLS and PCR was examined for detecting and quantifying 
adulteration in Moroccan Picholine EVOO blended with 
Arbequina VOO (Hirri et al. 2023). The PLS and PCR cali-
bration models exhibited high R2 values and low RMSE 
values, indicating satisfactory performance in quantifying 
adulteration.

Jiao et al. (2025) investigated the detection of adulteration 
in EVOO with various types of vegetable oils. Four classi-
fication algorithms (PLS-DA, SVM, RF, and BPNN) were 
employed in the study. The application of FTIR spectros-
copy coupled with an SVM achieved the highest accuracy of 
99.1%, accompanied by a detection limit of 2.5%, indicating 
its suitability for high-precision detection. The models based 
on SNV + first derivative + SG smoothing or SNV + second 
derivative + SG smoothing pre-processing exhibited the best 
classification performance.

A methodology was developed using FTIR spectroscopy 
to detect EVOO adulteration with lower-quality aged olive 
oils (Hirri et al. 2015). The frequencies within the finger-
print region, particularly those occurring at 3100–600 cm−1, 
were applied for both identifying and quantifying. PLS-DA 
model achieved a classification rate of 100% according to 
the oils’ respective groups. PLS-R model provided better 
results (R2 = 0.999, RMSEP  = 0.2401) than the PCR model 
(R2 = 0.997, RMSEP = 0.4865) for quantitative analysis of 
lower-quality olive oil in EVOO, thereby underscoring its 
capability in such applications.

Uncu and Ozen (2019) investigated the detection of adul-
teration in fresh olive oils with aged olive oils. Various pre-
processing techniques were applied, including the first and 
second derivatives, and a combination of wavelength denois-
ing methods and the first derivative. The OPLS-DA models 
successfully distinguished adulterated from non-adulterated 
oils, achieving classification accuracies above 80%.

A study was conducted using FTIR spectroscopy to 
identify and quantify adulteration of fresh olive oils with 
aged and commercial oils (Laouni et al. 2023a). The PLS-R 
model showed good performance in predicting adulteration Ta
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levels, as evidenced by satisfactory coefficients of determi-
nation and low error values for both calibration and cross-
validation. The study evaluated the performance of differ-
ent pre-processing techniques and found that applying the 
second derivative to FTIR enhanced model performance.

The reviewed studies consistently demonstrate that 
FTIR in conjunction with chemometric techniques provides 
accurate classification and robust predictive capability for 
detecting adulteration in EVOO. Most studies report very 
high coefficients of determination (R2 > 0.97) and low pre-
diction errors, particularly when PLS-based models are 
used. However, a more critical evaluation reveals that these 
performance metrics are strongly influenced by experimen-
tal design, variable selection, spectral pre-processing, and 
validation strategy. In many studies, the reported high pre-
dictive performance is obtained using laboratory-prepared 
binary mixtures with well-defined adulteration ranges. Such 
systems are characterised by simplified experimental con-
ditions, including controlled sample preparation, known 
adulterant identity and concentration, single-adulterant 
formulations, and relatively homogeneous fresh samples. 
Although these experimental models are valuable for proof-
of-concept investigations, they may not adequately represent 
the chemical complexity and variability encountered in real 
commercial fraud scenarios. In practice, adulteration may 
involve multiple adulterants, lower-quality oils with similar 
compositional profiles, processing-induced variability, age-
ing effects, and sophisticated blending strategies that mimic 
authentic EVOO. Accordingly, studies investigating more 
complex systems, such as ternary mixtures and composi-
tionally similar adulterants, generally report lower model 
performance. Furthermore, studies employing optimised 
wavelength selection generally achieve greater robustness 
than full-spectrum models, suggesting that targeted spectral 
regions, especially within the fingerprint and C–H stretch-
ing regions, contain the most discriminatory information. 
Several studies also demonstrate that spectral pre-process-
ing substantially influences model accuracy and robustness. 
Appropriate pre-processing techniques can improve signal 
discrimination and reduce irrelevant spectral variation. 
Nevertheless, the literature does not support a universally 
optimal pre-processing workflow, as pre-processing perfor-
mance often depends on instrumental conditions and model-
ling strategy. This variability highlights the importance of 
systematic pre-processing optimisation to ensure analytical 
transferability across different datasets and laboratory envi-
ronments. Another critical factor is the validation approach. 
The validation strategies exhibit considerable variability, 
with important implications for the interpretation of reported 
model performance. A substantial proportion of studies rely 
on internal validation techniques. While these approaches 
are valuable for model optimisation, they cannot provide 
robust evidence of generalizability. Notably, the highest 

reported performance metrics are primarily associated with 
internal validation methods, suggesting potential optimism 
bias. A few studies employ external validation, which repre-
sents the most rigorous assessment of model transferability.

The evidence indicates that FTIR spectroscopy is a pow-
erful screening tool for olive oil authentication; however, 
greater emphasis on complex sample sets, the diversity of 
real market samples, external validation, and standardised 
performance metrics is required to enable routine implemen-
tation in official control laboratories.

MIR Spectroscopy Applications 
in Geographical and Botanical Origin 
Authentication of Olive Oil

MIR spectroscopy in conjunction with chemometrics has 
also been examined for geographical and botanical authen-
tication (Table 1).

MIR spectroscopy combined with chemometric 
approaches was employed to differentiate VOOs from 
four distinct geographical regions in Morocco (Ben-
lamaalam et al. 2015). The full-spectrum data acquired 
(4000–600 cm−1) was subjected to PCA and PLS-DA anal-
ysis. In the validation set, the PLS-DA algorithm achieved 
100% correct classification according to the geographical 
origin.

Hirri et al. (2016) studied the classification of four com-
mercial-grade virgin olive oils. The study included olive 
oils, representing different commercial grades (extra virgin, 
virgin, ordinary virgin, and lampante), collected from Cen-
tral Morocco. The PLS-DA model demonstrated high classi-
fication accuracy in both calibration and external validation, 
achieving 100% accuracy in classifying VOO grades. Fur-
thermore, they developed a PLS-DA model using physico-
chemical properties, but it was unable to distinguish between 
the different grades.

Revelou et al. (2021) developed chemometric models 
using FTIR spectra for the purpose of differentiating Greek 
olive cultivars (Koroneiki, Megaritiki, and Amfissis). The 
FTIR spectra were subjected to forward stepwise variable 
selection to identify discriminative features. The spectral 
regions selected corresponded primarily to C = O stretching 
vibrations of triglyceride ester groups and to C–H bend-
ing vibrations related to aliphatic CH₂ chains and double 
bonds. LDA and QDA achieved a classification accuracy of 
96.1%, demonstrating their potential as powerful tools for 
the authentication of Greek olive oils.

A study was conducted to evaluate the capability of FTIR 
spectroscopy for authenticating Maltese EVOO (Lia et al. 
2021). The application of supervised classification methods, 
including PLS-DA, ANN, LDA, and SVM, demonstrated 
the capability for discriminating Maltese and non-Maltese 
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EVOOs. Applying Savitsky-Golay first- and second-order 
derivative pre-processing enhanced the performance of mul-
tivariate models for discrimination and prediction of Maltese 
EVOOs.

Scatigno and Festa (2022) used FTIR spectroscopy to 
analyse Italian EVOO samples from 6 regions, with a par-
ticular focus on geographical traceability. The machine 
learning algorithms used were SIMCA, SVM-R, and PCR. 
The regions of Toscana, Lazio, Puglia, and Calabria exhib-
ited strong reproducibility with respect to geo-traceability, 
unlike Sicily and Umbria.

The use of FTIR spectroscopy for predicting the geo-
graphical origin of Moroccan virgin olive oils was investi-
gated using samples collected from six regions across two 
consecutive harvest seasons (Laouni et al. 2023b). The PCA-
LDA and PLS-DA methods successfully classified olive oils 
according to geographic provenance, achieving classification 
rates above 84.0%. The study highlighted the importance 
of pre-processing techniques in enhancing the accuracy of 
classification models.

The reviewed studies demonstrate the potential of FTIR 
spectroscopy combined with chemometric methods for the 
authentication of olive oils according to their geographical 
and botanical origins. Supervised methods such as PLS-
DA, LDA, and QDA have frequently achieved classification 
accuracies exceeding 90%, and in several cases, near-perfect 
discrimination. However, a more critical evaluation indicates 
that these performance metrics are strongly influenced by 
sample design and experimental conditions. Studies report-
ing near-perfect classification accuracy frequently rely on 
relatively small sample sets (n < 100) or on oils originating 
from geographically distinct regions, where compositional 
differences are more pronounced, and discrimination is 
inherently less challenging. Most studies focus on simpli-
fied experimental settings involving single-factor authentica-
tion, such as geographical, varietal, or quality classification. 
These experimental designs typically involve regional clas-
sifications with well-defined geographic boundaries or vari-
etal classifications based on clearly distinguishable botani-
cal characteristics. However, the chemical similarity of 
olive oils produced in neighbouring regions or from closely 
related cultivars represents a substantial analytical challenge. 
In such cases, overlapping spectral features may reduce the 
discriminatory capability of MIR-based models, leading to 
decreased classification performance under more realistic 
authentication conditions. The variability observed among 
Italian regional studies and the moderate accuracies reported 
in certain multi-regional Moroccan investigations illustrate 
the increasing complexity of real-world traceability scenar-
ios. In addition, many studies rely on single or two-harvest 
datasets, which do not fully capture the effects of seasonal 
variability, climatic conditions, and agricultural practices 
on olive oil composition. As a result, the generalizability 

of these models across different production years remains 
uncertain. Although reporting of pre-processing procedures 
is often limited, several studies demonstrate that spectral 
pre-processing substantially influences classification perfor-
mance and model robustness. The available evidence sug-
gests that optimal pre-processing strategies depend on the 
chemometric method employed. Accordingly, the absence of 
standardised pre-processing workflows remains an important 
limitation affecting method transferability and inter-study 
reproducibility. Another important consideration is the 
validation strategy. While high classification accuracy is 
frequently reported, a substantial proportion of studies rely 
primarily on internal validation approaches, which may lead 
to optimistic estimates of model performance. Consequently, 
external validation is critical for developing reliable models 
applicable to real-world traceability.

Although FTIR-based chemometric models show capabil-
ity for the geographical and botanical authentication of olive 
oil, ensuring reproducibility and enabling their implementa-
tion in official traceability systems require greater emphasis 
on large-scale, multi-harvest datasets and standardised vali-
dation protocols.

NIR Spectroscopy Applications in Detection 
of Olive Oil Adulteration

The use of NIR spectroscopy combined with chemometrics 
has been investigated for detecting adulteration in EVOO 
(Table 2).

A rapid methodology was developed using FT-NIR 
spectroscopy and PLS calibration models to authenticate 
EVOO and detect adulterants (Azizian et al. 2015). A PLS1 
calibration model was constructed to predict the FT-NIR 
index based on the relative intensities of selected carbonyl 
overtone absorption bands. Furthermore, four PLS1 cali-
bration models were developed using FT-NIR spectral data 
to discriminate among four distinct adulterant groups, each 
characterised by a specific fatty acid profile. The first group 
of adulterants comprised oils high in linoleic acid, namely 
soybean, sunflower, corn, and canola oils. The second group 
comprised oils high in oleic acid, including hazelnut, high-
oleic acid sunflower, and peanut oils. The third and fourth 
groups of adulterants were palm olein and refined olive oil, 
respectively.

Karunathilaka et al. (2016) developed a rapid tool to eval-
uate the authenticity of EVOO retail products using NIR 
spectroscopy. The study validated these analytical methods 
using reference samples, spiked samples, and commercial 
products to assess their capability in identifying authentic 
EVOO. Visual examination of FT-NIR spectra revealed 
distinct spectral features that differentiated EVOO from 
adulterant oils. These differences were observed in bands 
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near 5280 and 5180 cm−1, which are attributed to the sec-
ond overtone of the C = O stretching vibration. The SIMCA 
analysis indicated potential quality issues or adulteration in 
approximately 61% of the commercial EVOO products.

A NIR spectroscopy-based method was developed to 
detect the adulteration of EVOO with various edible oils, 
with PCA and SIMCA employed for data analysis and clas-
sification (Vanstone et al. 2018). PCA plot demonstrated 
that adulteration was detectable at a low level (2.7%) if an 
authentic sample was included as a control. However, in the 
absence of unadulterated control samples, the detection lim-
its were found to depend on the types of EVOO and adulter-
ant. PCA with SIMCA was used to detect adulteration, with 
established detection limits of 20% for corn and sunflower 
oils, 15% for soybean oil, and 10% for canola oil.

Jiang and Chen (2019) employed the FT-NIR spectros-
copy to determine adulteration content in EVOO. The boot-
strapping soft shrinkage (BOSS) algorithm was utilised 
for the variable selection during PLS modelling to select 
informative spectral wavenumbers. The BOSS-PLS model 
demonstrated superior predictive performance relative to 
other models, including competitive adaptive reweighted 
sampling PLS (CARS-PLS), Monte Carlo uninformative 
variable elimination PLS (MCUVE-PLS), and iteratively 
retaining informative variables PLS (IRIV-PLS). Using the 
BOSS-PLS model yielded both a high R2 value (0.9922) and 
a low RMSEP (1.4889% v/v).

The use of handheld NIR spectroscopy was investigated 
to differentiate EVOO from other olive oil grades, including 
refined olive oil (ROO) and pomace olive oil (POO) (Yan 
et al. 2019). The study involved one-class classification mod-
els with three different classifiers: OCkNN, OCSVM, and 
SIMCA. SIMCA classification models accurately differenti-
ated EVOO from ROO (94%) and POO (100%), indicating 
the method’s effectiveness.

Borghi et al. (2020) developed a method using a portable 
near-infrared spectrometer to identify and quantify adultera-
tions in EVOO with vegetable oils. Two distinct spectral 
acquisition modes, namely reflectance and transmittance, 
were rigorously evaluated. Quantification of adulterants in 
EVOO was performed using PLS models, which demon-
strated superior performance for the transmittance mode 
compared with the reflectance mode. Using the SIMCA 
model, EVOO samples and their mixtures were assigned 
correctly to the target EVOO class.

Folli et  al. (2022) investigated the classification and 
identification of adulterants in EVOO using a portable NIR 
spectrometer. The study involved cottonseed, canola, corn, 
soybean, and sunflower oils as adulterants. They compared 
the performance of SVM and PLS-DA models for classifica-
tion, with SVM showing better accuracy. The PLS models 
achieved good performance in quantifying adulterants in 
EVOO (RMSEP: 2.06–4.36%).

The application of PCA and redundancy analysis (RDA) 
for reducing high-dimensional near-infrared spectral data to 
enhance olive oil authentication was examined using various 
machine learning algorithms, including LDA, CART, kNN, 
SVM, and RF (Sánchez-Rodríguez et al. 2022). PCA and 
RDA factors were incorporated as explanatory variables in 
the developed models to evaluate oil authenticity using qual-
itative or quantitative approaches. RDA factors improved the 
results in both regression and classification tasks compared 
to PCA factors. RDA showed accuracy approaching 100% 
for certain algorithms and types of vegetable oils.

Nanou et al. (2025) examined the use of UV–Vis NIR 
spectroscopy to detect adulteration of EVOO with cheaper 
vegetable oils, including pomace, soybean, corn, and sun-
flower oils. The study analysed EVOO samples collected 
from four Greek regions recognised for producing premium 
olive oils: Achaia, Kalamata, Crete, and Lesvos. LDA, SVM, 
and LR were employed. The prediction accuracy of the three 
models ranged from 97.5 to 99.8%.

The reviewed studies demonstrate that NIR, coupled 
with chemometric methods, presents a rapid and practical 
approach for detecting adulteration in EVOO. Laboratory-
grade FT-NIR systems and portable/handheld devices have 
shown accurate classification and quantitative prediction 
capabilities, frequently yielding high R2 values and low 
prediction errors. However, a more critical assessment 
reveals that these performance metrics are highly sensitive 
to the sample design, experimental conditions, and valida-
tion strategies. Most studies rely on simplified experimental 
settings involving laboratory-prepared binary mixtures with 
controlled adulterant concentrations. While such models are 
useful for proof-of-concept investigations, they may simplify 
the discrimination task and lead to overestimation of predic-
tive performance compared with real commercial samples. 
In contrast, authentication of commercial EVOO presents 
substantially greater analytical complexity due to natural 
compositional variability, multi-adulterant interference, and 
the chemical similarity between EVOO and lower-quality 
olive oils. Accordingly, studies evaluating commercial sam-
ples report generally lower performance under these more 
realistic conditions. Reported detection limits vary consid-
erably depending on the type of adulterant, the concentra-
tion range, and the availability of authentic control sam-
ples. Studies incorporating authentic control samples tend 
to achieve lower detection limits. Furthermore, classifica-
tion performance is affected by chemical similarity between 
EVOO and adulterants, especially in cases involving oils 
with comparable fatty acid profiles. Another important 
consideration is the spectral acquisition mode (i.e. reflec-
tance vs. transmittance) and pre-processing strategies. The 
existing literature suggests that transmittance measurements 
and optimized pre-processing approaches may improve pre-
dictive capability and reduce irrelevant spectral variation. 
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However, these conditions are not consistently standardised 
across studies, complicating direct comparison. Although 
appropriate pre-processing frequently improves model 
robustness, systematic evaluation of pre-processing effects 
on model performance and transferability remains limited. 
Furthermore, validation strategies exhibit considerable 
heterogeneity. Several studies rely exclusively on internal 
validation approaches, which may lead to optimistic perfor-
mance estimates. Some studies employ more robust external 
validation frameworks, which provide stronger evidence of 
model transferability. Notably, the highest reported per-
formance metrics are frequently associated with internal 
or hybrid validation strategies. These findings highlight 
the importance of validation design in interpreting model 
performance.

Although NIR spectroscopy demonstrates considerable 
potential as a rapid screening tool for olive oil authentica-
tion, its routine implementation in official quality control 
frameworks requires broader validation across multi-source 
datasets, real-market samples, and standardised performance 
metrics.

NIR Spectroscopy Applications 
in Geographical and Botanical Origin 
Authentication of Olive Oil

Some studies have investigated the use of NIR spectroscopy 
in conjunction with chemometrics for the varietal and geo-
graphical authentication of EVOO (Table 2).

Laroussi-Mezghani et al. (2015) used chemometric meth-
ods to classify the varietal origins of Tunisian VOOs based 
on NIR spectra. The study encompassed six Tunisian varie-
ties (Chemlali Sfax, Chetoui, Chemchali, Oueslati, Zarrazi, 
and Zalmati), Algeria, Morocco, and French VOOs. The 
varietal origin of olive oils was predicted using the SIMCA 
model as a supervised classification method, with Chem-
lali Sfax, Chetoui, and Oueslati varieties correctly classi-
fied at rates of 89.55%, 92.53%, and 98.50%, respectively. 
The study revealed that Tunisian VOOs can be distinguished 
from those of other origins, such as Algerian and Moroccan, 
using this method.

The determination of the geographical origin of Croatian 
EVOO using NIR spectra and employing PCA and PLS-DA 
was investigated (Peršurić et al. 2018). NIR spectra between 
1000 and 2222 nm were found to be indicative of chemo-
metric analysis. In the prediction set, the PLS-DA model 
constructed from NIR significant variables correctly classi-
fied all samples, except one.

Jiménez-Carvelo et al. (2019) investigated the use of 
NIR spectroscopy to authenticate the geographical origin 
of Argentinean EVOOs. The study encompassed EVOO 
samples from six Argentinean RDOs and unknown RDOs. 

The PLS-DA model demonstrated excellent performance in 
determining the RDO of EVOO samples, achieving 100% 
classification accuracy.

The reviewed studies suggest that combining NIR spec-
troscopy with chemometric methods has considerable poten-
tial for distinguishing EVOO according to varietal and geo-
graphical origins. The reported classification rates exceed 
90%. However, a critical evaluation indicates that reported 
performance is often closely linked to experimental design. 
Studies often rely on well-defined, geographically distinct, 
or well-characterised sample sets, which may simplify clas-
sification tasks relative to real-world conditions. Binary 
geographical classification generally represents a relatively 
simplified authentication scenario, whereas multi-varietal 
and multi-regional authentication involve substantially 
greater analytical complexity. These challenges increase in 
cases involving overlapping geographic origins or sample 
groups that exhibit similar chemical signatures. The chemi-
cal similarity between oils from neighbouring regions or 
closely related cultivars represents a significant challenge, 
as overlapping chemical characteristics may reduce discrimi-
natory capability, potentially limiting model generalisability. 
Moreover, olive oil composition is strongly influenced by 
environmental factors and seasonal variability; reliance on 
single-harvest datasets may restrict model generalisability. 
Additionally, studies based on internal validation may yield 
overly optimistic performance estimates.

Consequently, NIR spectroscopy shows considerable 
promise for olive oil authentication; however, greater 
emphasis on multi-season datasets, chemically similar sam-
ple groups, and standardised performance metrics is required 
to ensure reproducibility and enable adoption within official 
traceability systems.

Raman Spectroscopy Applications 
in Detection of Olive Oil Adulteration

Several studies have evaluated the use of Raman spectros-
copy in conjunction with chemometrics for detecting adul-
teration in EVOO (Table 3).

Yildiz Tiryaki and Ayvaz (2017) investigated the use 
of portable Raman spectroscopy to quantify soybean oil 
adulteration in EVOO, with PLS-R applied to predict the 
adulteration levels. The PLS-R showed good performance 
in predicting the level of adulteration, as evidenced by a 
low standard error of prediction (SEP) of 1.34% and a high 
correlation coefficient of 0.99.

The application of Raman spectroscopy for detecting 
adulteration of Cretan EVOO with sunflower oil was inves-
tigated (Philippidis et al. 2017). Higher intensities were 
observed in the Raman bands at 1265 cm⁻1 and 1657 cm⁻1 
for sunf lower oil, corresponding to the stretching 
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vibrations of unsaturated fatty acids. The Raman region 
from 1000 to 1800 cm−1 was used for building the PLS 
model. The PLS model exhibited R2 (0.985) and RMSECV 
(3.5%) values.

Li et al. (2018) investigated the detection and quanti-
fication of olive oil adulteration with waste cooking oil, 
collecting spectra of the samples using a portable Raman 
spectroscopy system. The quantitative analysis was con-
ducted using the interval partial least squares (iPLS) and 
synergy interval partial least squares (SiPLS) methodolo-
gies. The spectral data processed with SNV proved to be 
optimal for SiPLS, thereby improving the model’s accu-
racy. The wavelength ranges identified as optimal for the 
were 1159  cm−1–1190  cm−1, 1264  cm−1–1295  cm−1, 
1433 cm−1–1464 cm−1, and 1627 cm−1–658 cm−1, respec-
tively. The RMSEC and RMSEV values demonstrated good 
performance of calibration and validation models.

The application of portable Raman spectroscopy, employ-
ing PCA, PLS, and iPLS, was investigated for the identi-
fication and quantification of soybean oil adulteration in 
EVOO (Barros et al. 2021). The PLS model was built using 
the spectral region from 1165 to 1732 cm⁻1, while the iPLS 
model was developed based on selected variables within the 
1163–1732 cm⁻1 range. The iPLS method achieved the best 
analytical results.

Varnasseri et al. (2021) examined the detection of adul-
teration in EVOO with sunflower oil, pomace olive oil, and 
refined olive oil using portable conventional Raman and 
spatially offset Raman spectroscopy (SORS). The experi-
mental setup employed two handheld conventional Raman 
spectrometers and a portable SORS instrument, with Raman 
spectroscopy performed in vial mode. Bootstrapping was 
used to validate the PLS-R models. The PCA plots dem-
onstrated discernible trends associated with the level of 
adulteration across all three mixtures. The capability of 
Raman spectroscopy and SORS in detecting adulteration in 
EVOO was demonstrated, with low prediction errors and 
limits of detection. SORS could analyse samples through 
their original container with similar accuracy, making it a 
non-destructive method.

Vegetable oils are blended with β-carotene to imitate 
EVOO. Fang et al. (2022) developed a methodology using 
a laser confocal Raman technique to analyse and compare 
molecular differences between EVOO and sunflower seed 
oil. The methodology relied on theoretical Raman spectra 
of β-carotene, oleic acid, and linoleic acid, computed using 
density functional theory (DFT). The SVR was employed 
for quantitative analysis of β-carotene in synthetic olive oils. 
The identification of specific Raman bands (1161, 1265, 
1526, and 1658 cm−1) has been shown to serve as key mark-
ers for distinguishing between oleic acids, linoleic acids, 
and β-carotene ratios. A combination of the laser confocal 
Raman technique and theoretical Raman spectra based on Ta
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DFT proved to be an appropriate methodology for identify-
ing low-cost imitation of olive oil.

A model was developed using Raman spectroscopy 
combined with regression techniques to quantify olive oil 
content in binary blends with sunflower oil (Chen et al. 
2025). CARS was used for the purpose of selecting feature 
bands associated with β-carotene and unsaturated fatty acids. 
The Raman peaks at approximately 1265 and 1658 cm⁻1 were 
attributed to unsaturated fatty acids, while those at around 
1156 and 1526 cm⁻1 corresponded to key feature bands of 
β-carotene. The performance of four regression models, 
namely SVM, PLS-R, RFR, and ANN, was evaluated. The 
RFR model demonstrated the best performance in predicting 
olive oil content, with RMSE of 0.0447 and R2 of 0.9799. 
The study emphasised the importance of Raman feature 
peaks associated with β-carotene and unsaturated fatty acids 
in the prediction model.

The reviewed studies demonstrate that Raman spectros-
copy, in conjunction with chemometric methods, shows con-
siderable potential for detecting and quantifying adulteration 
in EVOO. The high coefficients of determination and low 
prediction errors indicate that Raman spectra can capture 
meaningful compositional differences, particularly those 
associated with unsaturated fatty acid content and β-carotene 
content. Nevertheless, a more critical analysis reveals that 
these performance metrics are dependent on sample design, 
experimental conditions, pre-processing techniques, and val-
idation strategies. Many studies rely on laboratory-prepared 
binary mixtures with controlled adulterant concentrations, 
which may not adequately reflect the compositional com-
plexity and variability of commercial olive oils. Most inves-
tigations represent simplified experimental settings under 
idealized analytical conditions that differ substantially from 
real-world commercial fraud scenarios. The limited number 
of studies evaluating more realistic authentication conditions 
suggests that multi-adulterant systems increase analytical 
complexity and reduce predictive robustness. The capability 
of Raman-based models is strongly influenced by the type 
of adulterant and its compositional similarity to EVOO. The 
available evidence indicates that detection limits depend on 
chemical similarity, with olive oil derivatives being the most 
difficult to detect. Furthermore, a notable trend in recent 
studies is the shift toward advanced variable selection meth-
ods (e.g. iPLS, SiPLS) and machine learning algorithms 
(SVM, RFR, ANN), which frequently outperform traditional 
PLS regression. However, direct comparisons among algo-
rithms are not consistently conducted under standardised 
conditions, making it difficult to determine whether perfor-
mance gains reflect genuine methodological improvement 
or dataset-specific optimisation. Several studies demonstrate 
that spectral pre-processing substantially influences model 
robustness and predictive capability. The available evidence 
suggests that optimal pre-processing strategies are highly 

dependent on the chemometric method employed, whereas 
suboptimal pre-processing may reduce classification stabil-
ity and transferability. Although individual studies report 
substantial improvements when appropriate pre-processing 
is applied, the absence of standardised pre-processing work-
flows remains a major limitation for inter-study reproducibil-
ity and method transferability. Another critical factor is the 
validation approach. The validation strategies are primarily 
based on internal validation methods. While these meth-
ods are valuable for assessing model robustness, they may 
lead to optimistic performance estimates, particularly when 
applied to small or homogeneous datasets. Notably, the con-
sistently high predictive accuracies reported across many 
internally validated studies suggest potential optimism bias. 
These findings emphasise that reported performance metrics 
should be interpreted with caution. Additionally, the effects 
of fluorescence interference and instrumental variability, 
recognised challenges in Raman spectroscopy, may limit 
the transferability of models across laboratories or devices.

Consequently, Raman spectroscopy exhibits potential for 
a rapid screening tool for olive oil adulteration. However, 
broader validation with diverse samples, standardised 
pre-processing, and standardised performance metrics are 
required before routine implementation in official quality 
control systems.

Raman Spectroscopy Applications 
in Geographical and Botanical Origin 
Authentication of Olive Oil

Some studies have evaluated the use of Raman spectroscopy 
in conjunction with chemometrics for the varietal and 
geographical authentication of EVOO (Table 3).

Sánchez-López et al. (2016) investigated the authentica-
tion of Andalusian EVOOs using Raman spectroscopy. The 
study involved monovarietal EVOO from Frantoio, Hoji-
blanca, Picual, and Gordal cultivars, and mixtures of differ-
ent varieties. LDA was used for the classification of samples 
based on harvest year, olive variety, geographical origin, and 
PDO. The LDA achieved good classification performance 
for qualitative variables: 94.3% for harvest year, 84.0% for 
olive variety, 89.0% for geographical origin, and 86.6% for 
PDO.

Drakopoulou et  al. (2022) conducted a study for the 
authentication of Greek EVOOs. The study used SVM and 
RF to analyse data for variety authentication. The model-
based feature selection process, which employed an RF 
algorithm in conjunction with an SVM for classification, 
achieved good classification performance. The selected 
features were primarily linked to the spectral regions 
at 1040–1087  cm⁻1, 1122–1275  cm⁻1, and the band at 
1655 cm⁻1. A total of 49 out of the 52 test samples were 
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accurately classified, thereby attaining an accuracy rate of 
94%.

The reviewed studies suggest that Raman spectroscopy, 
combined with chemometric methods, has substantial poten-
tial for discriminating EVOOs according to varietal and geo-
graphical origins. Reported classification accuracy (> 85%) 
indicates that Raman spectral fingerprints capture compo-
sitional differences related primarily to fatty acid profiles 
and minor constituents. However, a critical evaluation high-
lights that model performance is strongly influenced by the 
sample design and experimental conditions. Studies based 
on monovarietal oils, well-defined geographical regions, 
or regulated designations (e.g. PDO) may facilitate classi-
fication by reducing intra-class variability and increasing 
inter-class compositional differences. In contrast, real-world 
authentication scenarios involving overlapping geographi-
cal regions or closely related cultivars present substantially 
greater analytical challenges due to increased compositional 
overlap. The available evidence suggests that compositional 
similarity is a major determinant of classification complex-
ity, as geographically proximate regions and genetically 
related cultivars often exhibit highly similar chemical pro-
files, thereby reducing discriminatory capability.

Consequently, Raman spectroscopy shows considerable 
promise for the varietal and geographical authentication of 
EVOO. Nevertheless, larger and more diverse datasets with 
standardised performance metrics are required to establish 
its reliable application for routine traceability and regulatory 
contexts.

Applications of Multiple Vibrational 
Spectroscopic Techniques for Olive Oil 
Adulteration Detection and Geographical 
and Botanical Authentication

In some studies, two or three vibrational spectroscopy 
techniques have been employed to evaluate EVOO 
authenticity (Table 4).

Wójcicki et al. (2015) developed chemometric models 
using NIR and MIR spectroscopy to identify adulterants, 
including refined and mildly deodorised olive oils. The PLS 
and PCR algorithms were employed. The optimal model was 
achieved using both MSC and first-derivative pre-process-
ing techniques in the region of 1500–900 cm−1 for the PLS 
and PCR models, based on the MIR data. The PLS model 
developed from the NIR data yielded the best results when 
employing MSC pre-processing of spectra in the region of 
6150–4500 cm−1. The optimal PCR model was obtained in 
the same region using both MSC and first-derivative pre-
processing techniques. The study revealed that four models 
provided R2 values above 0.96 and RMSEP values below 
4.0.

The detection of soybean adulteration in EVOO was 
examined using FTIR and NIR spectroscopy (Meng et al. 
2023). FTIR and Vis–NIR spectroscopy combined with 
PLS-DA demonstrated superior performance, achieving 
100% classification accuracy. This finding indicated the 
capability of these spectroscopic techniques for identify-
ing adulterated olive oils. Furthermore, the performance of 
excitation-emission matrix fluorescence spectroscopy was 
evaluated, revealing that FTIR and vis–NIR spectroscopy 
were more suitable for the rapid identification of adulter-
ated olive oils. This finding was associated with the fact 
that these methods could provide a more extensive array of 
information and were comparatively uncomplicated to oper-
ate and construct models.

Adulteration of EVOO with edible oils was evaluated 
using FTIR and Raman spectroscopic techniques (Jiménez-
Carvelo et al. 2017). Different classification algorithms 
(kNN, PLS-DA, OCPLS, SIMCA, and SVM-C) and a quan-
tification algorithm (PLS-R) were applied using the pre-
processed data. According to the PCA, the FTIR regions, 
3100–2700 cm−1, 1800–1600 cm−1, and 1205–1080 cm−1, 
were selected, and the Raman region, 950–650 cm−1, was 
selected. For classification, the best results were achieved 
from PLS-DA models. The PLS-based Raman model 
yielded higher R2 (0.93) and RMSEV (34.2) values than the 
FTIR-based model (0.86 and 17.6, respectively). Normally, 
the findings indicated that FTIR fingerprints provided more 
discriminative power than Raman fingerprints in both clas-
sification and regression tasks.

Malavi et al. (2023) evaluated the capability of FTIR and 
Raman spectroscopy for the detection of adulteration with 
cheaper edible oils. To classify and quantify olive oil adul-
teration, PLS-DA and PLS regression models were estab-
lished. The FTIR-based PLS-DA model achieved a better 
correct classification rate (99.8%) than the Raman-based 
model (96.6%). The FTIR model demonstrated proficiency 
for the discrimination of EVOO adulterated with safflower, 
soybean, canola, and sesame oils, achieving a correct 
classification rate (CCR) exceeding 90%. In contrast, the 
Raman model exhibited accuracy for the discrimination of 
canola, sunflower, and sesame oils, with a CCR exceeding 
90%. The overall PLS regression model based on Raman 
spectra yielded a higher prediction R2 (0.92) and a lower 
RMSEP (1.96%) than the FTIR-based model (R2 = 0.77; 
RMSEP = 3.26%), demonstrating its superior performance.

Mendes et al. (2015) examined the adulteration of EVOO 
with soybean oil using three vibrational spectroscopy meth-
ods. PLS regression was applied to the full raw spectra. The 
PLS models of three spectroscopic methods achieved high 
R2 values (≥ 0.98) for both calibration and validation sets. 
The RMSECV and RMSEP of the PLS model based on MIR 
data (4.89 and 14.71) were higher than those obtained from 
the NIR model (1.76 and 1.71) and the Raman model (1.57 
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and 1.61). The MIR technique showed a greater dispersion. 
This finding can be associated with two situations. Firstly, 
the skeletal vibration bands of lipid structures are mostly 
located in the 800–1300 cm−1 region. This is a relatively 
minor segment of the entire MIR spectrum, which extends 
from 400 to 4000 cm−1. Secondly, the heterogeneity of the 
oil drop distribution on the KBr window surface can also 
have an influence on the observed results.

Maléchaux et al. (2020) examined the varietal discrimi-
nation of French EVOOs, employing NIR and MIR spec-
troscopy combined with the PLS-DA algorithm. The study 
encompassed EVOO samples from the Aglandau, Cailletier, 
Olivière, Picholine, Salonenque, and Tanche cultivars, col-
lected over three harvest seasons. The NIR spectra between 
6100 and 4500 cm−1 and the FTIR spectra between 1800 and 
700 cm−1 were selected for data analysis. The study revealed 
that the PLS-DA models, whether based on individual MIR 
or NIR datasets, exhibited similar performance for most 
cultivars. Aglandau was better predicted using NIR data, 
while MIR data yielded better predictions for Olivière. PLS-
DA models were developed using three fusion strategies: 
low-level, mid-level, and high-level. The high-level models 
provided the best overall results among fusion strategies. 
The low- and mid-level fusion approaches typically did not 
yield better results than individual models, suggesting that 
integrating NIR and MIR data does not always improve the 
performance of models.

De Angelis et  al. (2025) used the NIR and IR spec-
troscopy to classify VOO samples according to their geo-
graphical origins. They collected authentic samples from 
Italy (Apulia and Tuscany) and foreign countries (Morocco, 
Jordan, Greece, Tunisia, and Spain). The PLS-DA yielded 
high sensitivity and specificity values, thereby indicating the 
method’s reliability in differentiating geographical origins. 
The values of specificity and non-error rate confirmed the 
adequate performance of the models. In the context of NIR 
spectra, the combination of SNV, 1D, and GLSW provided 
the highest predictive performance with respect to sensitiv-
ity, specificity, and classification error. Conversely, in IR 
spectra, the most favourable results were achieved through 
using SNV + GLSW.

The reviewed studies demonstrate the analytical poten-
tial of vibrational spectroscopy techniques, whether applied 
individually or comparatively, in detecting olive oil adul-
teration and origin discrimination. The high R2 values, 
low prediction errors, and near-perfect classification accu-
racies observed in the studies highlight the sensitivity of 
these approaches under controlled experimental conditions. 
However, a critical assessment reveals that these results are 
frequently influenced by differences in experimental design, 
pre-processing strategies, and validation protocols, compli-
cating direct comparison between techniques. Many studies 
rely on relatively small sample sets and laboratory-prepared 

mixtures or otherwise well-defined sample groups, which 
may simplify analytical tasks and lead to overestimation of 
model robustness. Most investigations focus on simplified 
binary adulteration systems, whereas only a limited number 
address realistic authentication challenges involving com-
plex commercial fraud scenarios. This discrepancy repre-
sents a major limitation in translating laboratory-based find-
ings into practical, real-world authentication applications. 
The available evidence also indicates that spectral pre-pro-
cessing strongly influences authentication model perfor-
mance. Although an optimal pre-processing strategy appears 
to be technique-specific, the literature lacks comprehensive 
guidelines for ensuring analytical robustness and transfer-
ability across different datasets and instrumental platforms. 
Furthermore, objective assessment of methodological supe-
riority is often complicated by differences in pre-processing 
strategies, selected spectral regions, and validation protocols 
when making direct comparisons among spectroscopic tech-
niques. Comparative studies do not always employ standard-
ized validation frameworks, making it difficult to determine 
whether observed differences in performance reflect true 
methodological advantages or dataset-specific effects. In 
addition, most reviewed studies rely primarily on internal 
validation approaches, while externally validated models 
remain comparatively limited. Notably, the highest reported 
classification performances are frequently observed in inter-
nally validated models, highlighting the importance of rig-
orous external validation for establishing reliable model 
generalisability. Additionally, variability in instrumental 
configuration and spectral acquisition modes presents a fur-
ther challenge for model transferability and inter-laboratory 
reproducibility. Consequently, harmonised validation proto-
cols, multi-season and multi-source datasets, and standard-
ised performance metrics are essential for developing robust, 
generalisable, and practically implementable spectroscopic 
authentication models.

A comparative evaluation of MIR, NIR, and Raman spec-
troscopy reveals that, although all three techniques dem-
onstrate strong potential for olive oil authentication, their 
analytical performance and practical applicability differ 
substantially depending on the context of use.

MIR spectroscopy is widely reported to provide the 
highest classification accuracy and strongest predictive 
performance, primarily due to the presence of well-defined 
fundamental vibrational bands that are directly related to key 
chemical functional groups. However, MIR measurements 
are generally more sensitive to sample preparation, and 
laboratory-based FTIR systems may limit portability for 
in-field applications.

NIR spectroscopy offers significant advantages in terms 
of minimal sample preparation and portability, particularly 
with the increasing availability of handheld devices. These 
characteristics make NIR highly suitable for rapid screening 
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and on-site quality control. Nevertheless, NIR spectra con-
sist mainly of broad overtone and combination bands, which 
are less chemically specific and can reduce interpretability. 
As a result, NIR-based models are often more dependent on 
advanced chemometric techniques and may exhibit reduced 
robustness when applied to chemically similar samples or 
complex matrices.

Raman spectroscopy provides complementary infor-
mation to both MIR and NIR, with particular sensitivity 
to unsaturated fatty acids and minor constituents such as 
carotenoids. Its ability to analyse samples through transpar-
ent containers makes it advantageous for non-destructive 
and in situ analysis. However, practical limitations such as 
fluorescence interference and instrumental variability can 
affect spectral quality and model transferability.

Based on the reviewed evidence, technique selection 
should depend on both the authentication task and applica-
tion context. MIR spectroscopy is most suitable for labora-
tory-based adulteration detection due to its high chemical 
specificity, whereas NIR is better suited for rapid, on-site 
screening because of its portability. Raman spectroscopy 
provides complementary information and is advantageous 
for non-destructive analysis and detecting subtle composi-
tional differences. For more complex tasks, such as geo-
graphical or varietal authentication, combining techniques 
through data fusion may improve robustness and discrimina-
tive performance.

Authentication Tasks

The reviewed literature encompasses several distinct 
analytical objectives, including adulteration detection, 
geographical origin and cultivar discrimination, grade 
classification, and identification of blends with lower-quality 
oils. These tasks differ fundamentally in terms of chemical 
similarity, class overlap, and application context and should 
therefore not be treated as analytically equivalent.

Adulteration detection involving chemically distinct 
vegetable oils typically represents a lower-complexity clas-
sification problem due to pronounced differences in fatty 
acid composition and spectral profiles. As a result, this task 
generally entails lower classification complexity and may 
yield higher reported accuracy, particularly under controlled 
experimental conditions.

Geographical and botanical origin authentication involves 
oils with high chemical similarity influenced by shared cul-
tivars, environmental conditions, and processing practices, 
resulting in greater class overlap and reduced spectral separa-
bility. Therefore, these tasks are inherently more challenging 
and sensitive to subtle compositional variations.

Grade classification and discrimination of lower-qual-
ity blends introduce intermediate levels of complexity, 

depending on the extent of processing differences and com-
positional overlap between oil categories. In such cases, 
spectral differences may be more subtle and require more 
sophisticated chemometric modelling to achieve reliable 
discrimination.

Consequently, a structured framework that accounts for 
chemical similarity, class overlap, and practical complexity 
is essential for a meaningful interpretation of spectroscopic 
authentication studies in olive oil analysis.

Limitation of Study

Although this review provides a comprehensive overview of 
MIR, NIR, and Raman spectroscopy combined with chemo-
metric techniques for olive oil authentication, several limita-
tions should be acknowledged.

Firstly, the review is inherently dependent on the meth-
odological quality and reporting standards of the included 
studies. A significant proportion of the reviewed studies 
report high classification accuracies; however, variations in 
sample size, experimental design, pre-processing strategies, 
and validation protocols limit direct comparability across 
studies. The absence of standardised reporting criteria for 
spectroscopic authentication studies complicates objective 
performance assessment across techniques.

Secondly, a significant proportion of the available lit-
erature relies on laboratory-prepared binary mixtures and 
relatively controlled datasets. Whilst these experimental 
designs are appropriate for proof-of-concept demonstrations, 
they may not fully represent the compositional variability 
encountered in commercial markets.

Finally, due to the heterogeneity of datasets across stud-
ies, including differences in harvest year, cultivar diversity, 
geographical coverage, and adulterant types, it remains dif-
ficult to draw definitive conclusions regarding the universal 
superiority of one technique over another. Performance dif-
ferences may reflect dataset structure rather than intrinsic 
analytical capability.

Future Perspectives

The future research directions proposed in this section, 
derived from the methodological limitations identified 
in the reviewed literature, highlight key pathways for the 
development of olive oil authentication using vibrational 
spectroscopy.

The reviewed studies rely on laboratory-prepared binary 
mixtures, which cannot adequately represent the composi-
tional complexity and variability of real-market samples. 
Future research should therefore prioritise the use of com-
mercial oils and multi-adulterant systems, enabling the 
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development of models that better reflect real-world con-
ditions and reduce the risk of overestimating analytical 
performance.

The heterogeneity of validation strategies across studies 
further limits the comparability and reliability of reported 
performances. Therefore, there is a clear need for harmo-
nised validation protocols. Particular emphasis should be 
placed on external validation using samples collected from 
different batches, origins, or harvest seasons to enhance the 
robustness and comparability of reported results.

The development of large-scale datasets remains essen-
tial, particularly for geographical and origin authentica-
tion. Future research should prioritise large-scale datasets 
covering multiple harvest years and geographical regions, 
capturing natural variability associated with climatic condi-
tions, agricultural practices, and processing techniques. Such 
datasets are essential for developing robust and transferable 
chemometric models.

While the application of machine learning algorithms is 
increasing, greater emphasis should be placed on interpret-
ability, allowing clearer chemical insight into the spectral 
features leading to discrimination rather than focusing solely 
on predictive accuracy.

Data fusion strategies combining FTIR, NIR, and Raman 
spectroscopy offer a promising approach to addressing limi-
tations arising from chemical similarity among samples. By 
integrating complementary spectral information, multimodal 
approaches may improve classification robustness, especially 
in complex authentication tasks.

The expansion of portable NIR and Raman devices 
facilitates real-time field authentication. However, models 
developed under controlled laboratory conditions may not 
be directly transferable to field applications. Future research 
should focus on instrument standardisation, effective calibra-
tion transfer strategies, and inter-device reproducibility to 
support regulatory implementation.

For spectroscopic techniques to be adopted in official 
control systems, validation in accordance with international 
standards and collaborative inter-laboratory trials will be 
essential. Accordingly, future research should progress 
beyond laboratory-scale feasibility assessments toward 
comprehensive regulatory validation and official acceptance.

Conclusion

The authentication of olive oil remains a critical challenge 
due to the increasing prevalence of adulteration and the 
complexity of its chemical matrix. Vibrational spectros-
copy, encompassing MIR, NIR, and Raman spectroscopy 
techniques, in combination with chemometrics methods, 
has emerged as a powerful untargeted approach, offer-
ing a molecular fingerprint of the entire food matrix. This 

combination facilitates rapid, non-destructive analysis with 
minimal sample preparation.

Current evidence suggests that these methodologies 
are not only effective for detecting adulteration but also 
show potential for discriminating olive oils by varietal 
and geographical origins. The integration of chemometric 
and machine learning algorithms has been demonstrated 
to enhance predictive accuracy and robustness; however, 
challenges remain regarding standardisation and inter-
laboratory reproducibility.

In the future, the continued development of portable 
instrumentation, multimodal data fusion strategies, and 
machine learning algorithms may facilitate the extensive 
integration of vibrational spectroscopy into routine qual-
ity control practices. Nevertheless, the implementation 
of regulatory frameworks necessitates the harmonisation 
of validation protocols, the demonstration of inter-lab-
oratory reproducibility, and the alignment with interna-
tional standards. In such circumstances, vibrational spec-
troscopic methods may serve as valuable supplementary 
tools for olive oil authentication, thereby contributing to 
consumer protection, product integrity, and the enhance-
ment of traceability systems.
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