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The monetary value of extra virgin olive oil has led to adulteration in the industry and has 

created demand for quick and inexpensive fraud detection testing. A method using near infrared 

spectroscopy and chemometrics was developed to detect adulteration of extra virgin olive oil with 

other edible oil types that does not require sample preparation, can be completed in less than ten 

minutes, and has low operating costs. Principal component analysis on near infrared spectral data 

with soft independent modelling of class analogy was used for adulteration detection. The 

developed method could detect as low as 2.7% w/w adulteration if an unadulterated control sample 

was provided for comparison and 20%, 20%, 15%, and 10% w/w adulteration with corn, 

sunflower, soybean, and canola oils respectively if an unadulterated control sample was not 

provided. These results demonstrate that the developed method can be used to rapidly screen for 

adulterated olive oils. 

Keywords: Olive Oil Adulteration; Spectroscopy; Chemometrics; Near Infrared; Principal 

Component Analysis  
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1. Introduction 

 

1.1 Olive Oil Background 

 

Edible plant oils are a commonly used cooking ingredient around the world. With high 

unsaturated fat content, plant oils are often considered to be an important component of a healthy 

diet. Olive oil is a plant oil extracted from the pressings of olives and is an important fat source in 

many Mediterranean countries and throughout the world (López-Miranda, et al., 2010). Extra 

Virgin Olive Oil (EVOO) is the highest quality olive oil and its health benefits have been 

extensively studied (Cicerale, Lucas, & Keast, 2012) (Schwingshackl & Hoffmann, 2014) (López-

Miranda, et al., 2010).When consumed as part of a traditional Mediterranean diet, EVOO has 

shown to be beneficial in preventing heart and obesity related health issues (López-Miranda, et al., 

2010). The health benefits of EVOO are largely attributed to the contents of the oil including high 

levels of monounsaturated fat as well as the beneficial antioxidant and anti-inflammatory 

properties of minor phenolic compounds in the oil (López-Miranda, et al., 2010). In addition to 

health benefits, olive oil is also desired for its flavour-related qualities.  

The desirable health and flavour qualities of EVOO has created demand in the global 

market for EVOO products. According to the International Olive Council (IOC), approximately 

2.9 million tonnes of olive oil was consumed globally in the 2014/2015 olive crop year (October 

1 to September 30th), with the majority being produced in Spain, Italy, Portugal, and Greece 

(International Olive Council, 2017). Though produced mainly in Europe’s Mediterranean region, 

olive oil is widely consumed in Canada and the United States. In the 2014/2015 olive crop year, 

EVOO consumption in Canada, the United States, and the European Union was 37,500, 295,000, 

and 1.6 million tons respectively (International Olive Council, 2017). Since 1990/1991, EVOO 
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consumption has more than tripled in Canada and the United States (International Olive Council, 

2017). According to the government of Canada, it imported nearly $170 million CAD worth of 

virgin olive oil in 2015 (Statistics Canada & US Census Bureau, 2016). Demand for EVOO as a 

result of health and flavour qualities has resulted in higher selling prices and an overall, lucrative 

industry. 

1.2 Quality 

 

Due to its high monetary value, assessing and ensuring the quality of EVOO has become 

an area of importance. Extra virgin is the highest quality grade of olive oil and the most prone to 

quality related issues. EVOO is extracted by mechanical means from the first pressing of the olives 

and does not undergo any further chemical treatment or heating (Yang & Irudayaraj, 2001). In 

contrast to EVOO, refined olive oils and other types of refined edible oils undergo a process that 

includes the application of chemicals and heat which typically remove the flavour, odour, colour, 

free fatty acids, and healthy phenolic compounds (Ramirez-Tortosa, et al., 1999). As a result, 

refined olive oils as well as other refined edible oils are in lower demand and are considerably less 

valuable than EVOO. Lower quality refined oils are often used for cooking applications such as 

frying, whereas EVOO is often consumed directly.  

To ensure the quality of EVOO, standard requirements regarding oil properties have been 

created and are used to assign grades to olive oils. Though individual countries have different legal 

requirements that must be met in order for an oil to be classified as extra virgin, the IOC exists as 

an international organization which has duties that include providing quality standards for different 

grades of olive oil (International Olive Council, 2017). The IOC has created requirements for 

EVOO that include but are not limited to restrictions on Free Fatty Acids, Trans Fatty Acids, 
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Peroxides, and the amount of specific esterified fatty acids present  (International Olive Council, 

2017). Specific IOC requirements include a free fatty acid content that must be less than 0.8% 

w/w, a peroxide value that does not exceed 20 MeqO2/kg, and an oleic acid content between 55% 

and 83% w/w. The Canadian Food Inspection Agency (CFIA) regulates imports of olive oils into 

Canada and uses analytical olive oil testing methods to ensure compliance with regulations, though 

it is also the responsibility of the industry to ensure that their products meet legal requirements 

(Canadian Food Inspection Agency, 2016). According to the CIFA, there are requirements for 

olive oil importers that include testing for authenticity (Canadian Food Inspection Agency, 2014). 

Canadian EVOOs must meet the standards of the IOC and must not contain any other types of 

vegetable oils or olive pomace oil (Canadian Food Inspection Agency, 2016).  In addition to legal 

requirements for EVOO, some individual producers including the Southampton Olive Oil 

Company in Ontario, Canada have attempted to market their product as superior by using 

requirements of their own that are stricter than those set by regulatory organizations (Southampton 

Olive Oil Company, 2015).  

1.3 Adulteration 

 

Though EVOO’s have a greater monetary value than refined oils, they appear to share a lot 

of similar physical characteristics. A typical consumer alone may not be able to detect whether a 

product that is labelled as extra virgin actually meets extra virgin quality standards. Mixing or 

substituting EVOO with lower quality oil could easily go undetected amongst consumers. The 

monetary value of EVOO and the potential difficulty in detecting fraud creates incentive for 

adulteration in the industry. Adulteration is defined as altering a product by substituting 

components of high monetary value with cheaper ingredients and claiming that the product is 

genuine (Merriam-Webster, 2017). With respect to EVOO, adulteration commonly consists of the 
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addition of lower quality olive oils or other types of edible oils (Frankel E. N., 2010). Most edible 

vegetable oils, including olive oil and its potential adulterants, are mainly composed of different 

proportions of the same fatty acids (Kostik, Memeti, & Bauer, 2013). When adulteration occurs, 

the resulting product is a mixture of the fatty acids from the EVOO and the adulterant(s) used 

(Yang, Ferro, Cavaco, & Liang, 2013). Since the majority of the composition of EVOO and its 

likely adulterants are similar, adulterated mixtures may be similar in appearance to EVOO. Thus, 

the addition of edible oils to an EVOO in moderate or small amounts can be difficult for the typical 

consumer or retailer to detect by examining its physical characteristics. In some cases, simply 

substituting the EVOO from a bottle with an oil of another type and possibly adding flavour or 

color could go unnoticed. An EVOO product may be significantly adulterated such that it does not 

meet extra virgin requirements but still appears to be of extra virgin quality to the retailer or 

consumer. This provides an economic benefit to the producer, where a producer may adulterate 

EVOO with refined olive oils or other refined edible oils in an attempt to sell a lower quality 

mixture or substitution for a higher, extra virgin, price. Typical adulterants include edible oils that 

are cheaper. Table 1 outlines some examples of typical adulterants in EVOO and some documented 

detection methods for each type of adulteration. 
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Table 1: EVOO adulteration detection and quantification limits for other related methods. 

Method Objective Adulterant Oils 
Lower Detection 

Limit/Error 
References 

4NIR 
Adulteration 

Quantification 
Soybean 1RMSEP: 1.76% (Mendes, et al., 2015) 

5MIR 
Adulteration 

Quantification 
Soybean 1RMSEP: 4.89% (Mendes, et al., 2015) 

Raman 
Adulteration 

Quantification 
Soybean 1RMSEP: 1.57% (Mendes, et al., 2015) 

4NIR 
Adulteration 

Quantification 
Olive Pomace 2SEP: 3.27% 

(Yang & Irudayaraj, 
2001) 

6MIR - ATR 
Adulteration 

Quantification 
Olive Pomace 2SEP: 3.28% 

(Yang & Irudayaraj, 
2001) 

Raman 
Adulteration 

Quantification 
Olive Pomace 2SEP: 1.72% 

(Yang & Irudayaraj, 
2001) 

6MIR - ATR 
Adulteration 

Detection 
Peanut 1% 

(Vasconcelos, Coelho, 
Barros, & de Almeida, 

2015) 

6MIR - ATR 
Adulteration 

Detection 
Peanut 5% 

(Li X. , Wang, Shi, & 
Shen, 2016) 

6MIR - ATR 
Adulteration 

Detection 
Hazelnut 25% (Ozen & Mauer, 2002) 

4NIR 
Adulteration 

Quantification 

Corn, sunflower, 
soya, walnut, and 

hazelnut 

±0.57%, ±1.32%, 
±0.96%, ±0.56%, 

±0.57% 

(Christy, Kasemsumran, 
Du, & Ozaki, 2004) 

4NIR 
Adulteration 

Detection 

Corn, sunflower, 
soybean, walnut, and 

hazelnut 
Approx. 2% 

(Christy, Kasemsumran, 
Du, & Ozaki, 2004) 

6MIR - ATR 
Adulteration 

Detection 

Corn-sunflower 
mixture, cottonseed, 

and rapeseed 
5% (Gurdeniz & Ozen, 2009) 

3HPLC 
Adulteration 

Detection 
Soybean, corn, and 

sunflower 

Soybean oil: 3% 
Corn oil: 2% 

Sunflower oil: 1% 
(Jabeur, et al., 2014) 

7NMR 
Spectroscopy 

Adulteration 
Detection 

Lampanate olive, 
Refined olive 

5% 
(Fragaki, Siragakia, 

Siragakis, Silivaras, & 
Dais, 2005) 

1RMSEP: Root mean square error of prediction 4NIR: Near infrared  6MIR – ATR: Mid infrared - attenuated total reflection 
2SEP: Standard error of prediction  5MIR: Mid Infrared  7NMR: Nuclear Magnetic Resonance  
3HPLC: High performance liquid chromatography   
 

 Adulteration has also become an ongoing problem in other related industries such as honey 

production, where honey may be adulterated with cheaper sugar syrups (Bázár, et al., 2016), and 

automotive fuel, where petrol can be adulterated with kerosene (Sanjay, Chaubey, Kishore, & Oak, 

2013). 
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Despite legal standards, fraudulent activity has been reported in the olive oil industry. A 

report from the UC Davis Olive Center in 2011 stated that many of the most popular olive oil 

brands in California did not meet international legal requirements to be classified as Extra Virgin 

(Frankel, et al., 2011). Additionally, the report outlined that reasons for failing to meet extra virgin 

standards include oxidation by heat or light exposure, adulteration with lower-grade refined oil, 

poor oil storage, and poor production processes (Frankel, et al., 2011). The CFIA has also 

encountered cases of olive oil adulteration in Canada. A report from 2002 summarizes the results 

of CFIA testing on suspect olive oils over the course of eight years (Canadian Food Inspection 

Agency, 2002) (Table 2). 

Table 2: Summary of adulteration in suspect olive oil samples tested by the CFIA from 
1994-2002. (Canadian Food Inspection Agency, 2002) 

Year Number of Brands 

Tested 

Number of Brands 

Adulterated 

2001-2002 44 4 
2000-2001 23 0 
1999-2000 72 4 
1998-1999 55 8 
1997-1998 66 14 
1996-1997 45 9 
1995-1996 44 7 
1994-1995 41 15 

 

1.4 Importance of Adulteration 
 

In addition to possibly preventing olive oils from meeting extra virgin requirements, 

adulteration can create undesirable flavour and health related issues. The health benefits of EVOO 

are believed to be partially a result of the oil’s monounsaturated fatty acid content (López-Miranda, 

et al., 2010). Adulteration can change the monounsaturated fatty acid composition of olive oil, 

which may have an effect on the oil’s health benefits (Yang Lv, et al., 2016). Refined oils may 
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contain fewer beneficial phenolic compounds than EVOO and adulterating an EVOO with refined 

oil may lower the proportions of phenolic compounds present, reducing the positive health effects 

resulting from the compounds (López-Miranda, et al., 2010). Additionally, adulteration with 

common allergens such as those contained in peanut oils could pose serious health risks.  There 

have been cases where the consumption of adulterated cooking oil has lead to the deaths of it’s 

consumers. An incident in India that involved the consumption of inauthentic mustard oil 

adulterated with a poisonous substance caused the deaths of over 40 people in 1998 (Lizhi, Toyoda, 

& Ihara, 2010). Adulteration may also lead to performance related issues with regards to cooking. 

Certain cooking applications may specifically require EVOO and certain adulterated products may 

not perform as desired. In addition to negating health benefits and creating cooking related 

performance issues, adulteration can alter the desirable flavour of the oil. 

Adulteration of EVOO also provides an unfair economic advantage to fraudulent producers 

in comparison to honest producers. Maintaining a standard of quality in the EVOO industry 

depends on producers of authentic oil, who in the case of adulteration, are at a competitive 

disadvantage. Fraudulent producers can lower their operating costs through adulteration and 

overtake their industry competition. This may create an industry that is mainly composed of 

fraudulent producers and lower the overall quality of products available to consumers. The 

prevalence of EVOO adulteration has increased the importance of law enforcement and regulations 

regarding olive oil quality. The effective enforcement of quality regulations depends on the ability 

to identify fraud by measuring olive oil properties and detecting low quality oils and adulteration.  
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1.5 Detecting Adulteration 

 

It has been established that the EVOO industry requires the enforcement of regulations to 

combat fraudulent activity. Effective law enforcement will require testing methods aimed at 

measuring the quality of EVOO and identifying adulteration. There are numerous EVOO 

adulteration detection methods that have been extensively studied which vary in their 

effectiveness. Methods range from structured olive oil tastings to slow and costly laboratory 

procedures. For testing options to be effective in industry applications, they must be both 

affordable and practical. The tests must be cheap enough for local producers and retailers as well 

as reliable enough for large corporations. Results must be accurate, inexpensive, and able to be 

produced within a reasonable time frame. Ultimately, there is need for fast, accurate, and 

affordable EVOO adulteration and quality testing. This section identifies and describes developed 

EVOO adulteration detection methods and outlines their advantages and disadvantages. 

1.5.1 Sensory Panels 

 

There exist more traditionally based tests for detecting impurities in EVOO, one of which 

is based on the human observation of physical characteristics of the oil such as colour, aroma, and 

taste. The average consumer may not possess the tasting skills to measure EVOO quality, but there 

are groups of olive oil experts that can gain accreditation from the IOC as sensory panels with the 

purpose of determining the authenticity of olive oils based on sensory evaluation (International 

Olive Council, 2017). Other organizations in addition to the IOC offer similar accreditation. 

 A study from UC Davis analyzed the authenticity of a group of olive oils sold in California 

by using two IOC accredited sensory panels as well as IOC accredited chemical tests (Frankel, et 

al., 2011). It was found that, based on IOC standards, many EVOO’s failed the sensory analysis 
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portion of the study but many fewer failed the chemical analysis portion (Frankel, et al., 2011). 

For example, 72 % of Bertolli Extra Virgin Olive Oil samples failed both sensory panels but only 

11% of the same samples failed to meet all of the IOC requirements in the chemical test (Frankel, 

et al., 2011). The sensory panel results did not match those of the chemical tests. These differences 

may be attributed to the limited scope of the chemical tests and not necessarily inaccurate sensory 

panels. It is important to consider that there are stricter EVOO requirements outside the IOC such 

as the German and Australian standards (Frankel, et al., 2011). These countries have standards 

similar to the IOC but require the chemical testing of two additional properties that include 

pyropheophytin (PPP) and diacylglycerols (DAG) (Frankel, et al., 2011). These stricter tests may 

provide some explanation for why so many samples failed to meet sensory requirements in the UC 

Davis study.  When considering German and Australian standards for EVOO, the study showed 

that much higher failure rates were observed for chemical tests of the two additional properties 

(Frankel, et al., 2011). For example, all eight samples of Cobram Estate Extra Virgin Olive Oil 

failed to meet the German and Australian standard for PPP but succeeded in meeting requirements 

for each of the chemical and sensory tests conducted under IOC standards (Frankel, et al., 2011). 

Testing under the Australian and German chemical standards may more closely match the sensory 

panels. In addition to differences from chemical testing results, sensory panels pose other 

problems. Sensory panels are composed of people and accreditation for sensory panels requires 

considerable training and experience. Panels are also not likely to be readily available for large 

scale, on demand, testing. Additionally, sensory panels cannot provide quantitative analysis, which 

may be important to members of industry. Sensory panels do not appear fit for large scale olive oil 

authentication testing and another solution is necessary. 
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1.5.2 Basic Testing Methods 

 

There are other traditional and simple tests that are thought to authenticate EVOO that can 

be done at the home of a consumer. One test involves placing a sample of olive oil in the 

refrigerator and observing if the liquid begins to solidify. If it does, the oil is said to be authentic 

EVOO (Li, Wang, & Flynn, 2013). The UC Davis Olive Center performed a study to test the 

validity of this method and found that the test was not reliable in predicting purity or quality (Li, 

Wang, & Flynn, 2013).  

1.5.3 Compliance with IOC Standards 

 

EVOO is typically authenticated by chemical tests that measure several parameters of the 

oil to ensure their compliance with IOC standards. Measurable parameters include, but are not 

limited to, free fatty acids (FFA), trans fatty acids, wax content, total sterol content, peroxides, 

Ultraviolet (UV) absorbance (270nm and 232nm), moisture, phenol content, and fatty acid profile 

(Myristic acid, palmitic acid, palmitoleic acid, heptadecanoic acid, heptadecenoic acid, stearic 

acid, oleic acid, linoleic acid, arachidic acid, gadoleic acid, behenic acid, and lignoceric acid) 

(International Olive Council, 2017). A variety of laboratory techniques are used to measure these 

components as described by IOC methods (International Olive Council, 2017). Since the list of 

authenticatable parameters set by the IOC is so extensive, labs do not typically test for all of them. 

Instead, labs typically test for a subset of the testable parameters that include multiple common 

indicators of adulteration. Multiple parameters must be tested for because individual parameters 

may not be affected by certain types of adulteration. For example, FFA content may be low for 

both EVOO and many types of refined edible oils. Low acidity is typically desirable in EVOO and 

FFA’s are removed during the refining process (Ramirez-Tortosa, et al., 1999). Thus, measuring 
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the FFA content of an oil sample may not provide any information about adulteration. Specific 

tests must be chosen for the successful detection of specific types of adulteration in EVOO. For 

example, when testing for adulteration with soybean oil, changes in fatty acid profile could be 

measured (Jabeur, et al., 2014). When testing for adulteration with refined olive oil, measuring the 

fatty acid profile may not indicate adulteration and the UV absorption test may yield better results 

(Aued-pimental, da Silva, Takemoto, & Cano, 2013). 

1.5.4 Gas Chromatography 

 

Gas chromatography (GC) is the official IOC technique used for the quantification of fatty 

acids in EVOOs and is often considered to be the leading method for edible oil analysis. 

(International Olive Council, 2017). Fatty acids are separated from triacylglycerols and converted 

to fatty acid methyl esters which are then quantified by capillary gas chromatography 

(International Olive Council, 2017). Conclusions about olive oil authenticity can be made from 

the fatty acid profile as there are acceptable ranges for each of the main fatty acids present 

(International Olive Council, 2017). Fatty acid quantification by GC can, in certain situations, be 

used to determine if an EVOO sample has been adulterated. If enough adulterant with a sufficiently 

different fatty acid profile is added to an EVOO, the fatty acid profile of the resulting adulterated 

EVOO will be outside the acceptable range. Research conducted by Christopoulou et al. (2004) 

demonstrated that GC can quantify the levels of individual fatty acids present in samples of EVOO 

as well as detect adulteration (Christopoulou, Lazarakia, Komaitis, & Kaselimis, 2004). It was 

determined that the lowest level of detectable adulteration by considering the fatty acids present 

in an olive oil sample was 5%. It was also noted that adulteration detection depended on the type 

of adulterant and that adulteration could not be detected at the 5% level with certain types of edible 

oils. 
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 A GC fatty acid profile analysis method is limited by the fact that it can only detect 

adulteration of EVOO with sufficiently different oils in sufficiently high amounts (Christopoulou, 

Lazarakia, Komaitis, & Kaselimis, 2004). Small amounts of adulterant may go undetected and as 

the similarities between the adulterant and EVOO increase, the amount of undetectable 

adulteration will increase (Christopoulou, Lazarakia, Komaitis, & Kaselimis, 2004). The method 

also cannot detect the presence of refined olive oil as it can have the same fatty acid profile as 

EVOO (Azizian, et al., 2015). Though generally considered to be the standard method for the 

measurement of fatty acids in EVOO, GC has additional limitations when applied to the problem 

of adulteration detection. Limitations include high costs, lengthy turnaround times and the 

destruction of samples (Baeten, Meurens, Morales, & Aparicio, 1996). Since effectively dealing 

with the problem of EVOO adulteration will require a method that is well suited to industrial 

applications, GC may be an accurate, but at times, impractical solution. The cost and turnaround 

time typically associated with GC methods may decrease their attractiveness to small and large 

retailers and producers.   

1.5.5 Liquid Chromatography 

 

A liquid chromatography method for the classification of edible oils has been proposed 

(Jiménez-Carvelo, Pérez-Castaño, González-Casado, & Cuadros-Rodríguez, 2017). In the method 

proposed by the study, chromatograms for a series of olive oils and other edible oils were produced 

and included peaks for methyl esters of fatty acids and other components of the samples. Four 

classification techniques were used to classify the oils as either olive oil or non-olive oil. The 

method used k-nearest neighbours (kNN), partial least squares-discriminant analysis (PLS-DA), 

support vector machine classification analysis (SVM-CA), and soft independent modelling of class 

analogies (SIMCA) for classification. These methods varied in effectiveness. Overall, kNN, PLS-
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DA, SVM-CA outperformed SIMCA in classification (Jiménez-Carvelo, Pérez-Castaño, 

González-Casado, & Cuadros-Rodríguez, 2017). The paper does not discuss the method’s ability 

to classify mixtures of edible oils which will be important future research in this area. Though 

effective for classifying oils, this method does not provide a complete solution for the detection of 

adulteration of EVOO. Also, the authors note that the techniques used in this method take 

considerably less time (approximately 68 minutes) than typical chromatography techniques 

(approximately 160 minutes) (Jiménez-Carvelo, Pérez-Castaño, González-Casado, & Cuadros-

Rodríguez, 2017). This is valuable in commercial edible oil testing as it will lower cost and 

turnaround time, both of which will attract customers. 

1.5.6 Ultraviolet Spectroscopy 

 

Another adulteration test involves dissolving the oil in cyclohexane or iso-octane and using 

an UV spectrometer and measuring the absorbance of the sample at 232nm and 270nm (268nm if 

prepared with iso-octane) (International Olive Council, 2017). The specific extinction values ���� 

and ���� (or ���� ) can be calculated from the absorbance and compared to IOC requirements 

(International Olive Council, 2017). Refined oils have been shown to have higher UV absorptions 

at 270 nm due to the presence of compounds with conjugated double bonds.  (Aued-pimental, da 

Silva, Takemoto, & Cano, 2013). If a sufficient amount of refined oil is added to an EVOO, the 

specific extinction values for the sample will exceed acceptable limits for extra virgin classification 

and adulteration can be identified (Aued-pimental, da Silva, Takemoto, & Cano, 2013). UV 

spectroscopy can be an effective tool in adulteration detection because many of the possible 

vegetable oil adulterants are typically refined and the UV test can detect the presence of refined 

oils in EVOO to a certain degree (Aued-pimental, da Silva, Takemoto, & Cano, 2013).  
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1.5.7 Mass Spectrometry and Electrospray Ionization 

 

A study was conducted to evaluate the effectiveness of using mass spectrometry with 

electrospray ionization and multivariate analysis to detect adulteration in EVOO (Mitsutake, et al., 

2015). In the study, mass spectra of relative abundance per mass-to-charge ratio were measured 

for authentic EVOO as well as EVOO adulterated by other edible oils in the range of 1% to 20%. 

Principal component analysis (PCA) and hierarchical cluster analysis were used to analyze the 

mass spectra. PCA was used in the study and proved to effectively identify adulteration of EVOO 

in this range as well as group adulterated oils based on their adulterant. The method was effective 

at identifying low levels of adulteration in EVOO and may prove to be an effective alternative 

method for the detection of adulteration. The method described in the study does require sample 

preparation, time, and trained personnel, which leads to increased cost and analysis time.  

1.6 Molecular Vibrational Spectroscopy 

 

There exist many studies investigating the application of vibrational spectroscopy for 

measuring quality parameters and determining the authenticity of EVOO. Spectroscopic methods 

are valuable because they are non-destructive, fast, and require little sample preparation. 

Vibrational spectroscopy relies on the Beer-Lambert law which relates the amount of light that is 

transmitted through a material to the absorbance of the material and the amount of the material 

that the light is required to pass through (Stuart, 2004). Spectrometers can direct a beam of light 

through a sample and measure the change in intensity while changing the wavelength of the 

incident light, producing spectra of the sample’s absorbance across a range of wavelengths. This 

allows measurements to be carried out very quickly and prevents samples from being destroyed in 

the process. Multiple forms of vibrational spectroscopy can be applied to the problem of detecting 
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adulteration in EVOO. Comparisons between Raman spectroscopy, mid-infrared (MIR) 

spectroscopy and near infrared spectroscopy (NIRS) are well documented. These forms of 

spectroscopy vary in effectiveness.  

1.6.1 Raman Spectroscopy 

 

A study was conducted with the purpose of examining the feasibility of using Raman 

spectroscopy to identify adulteration in EVOO (Baeten, Meurens, Morales, & Aparicio, 1996). In 

this study, two varieties of EVOO were adulterated with soybean, corn, and olive pomace oils at 

levels of 1%, 5%, and 10%. The spectra of the mixtures were analyzed with principal component 

regression (PCR), stepwise linear regression analysis, stepwise linear discriminant analysis, and 

cluster analysis (CA). Adulteration was successfully identified in each of the adulterated samples 

and PCR produced the highest R2 value (R2 = 0.964) for predicting the level of adulteration 

(Baeten, Meurens, Morales, & Aparicio, 1996). The study showed that Raman spectroscopy could 

detect adulteration in EVOO and predict the level of adulteration. The study used six total pure 

EVOO’s and those six were both of either the Hojiblanca or Picual variety. The study did not 

introduce more varieties of EVOO. Conclusions about detecting adulteration in larger sets of olive 

oils were not made.  

Another study was conducted to investigate the ability of Raman spectroscopy to quantify 

the level of soybean oil adulteration in EVOO (Mendes, et al., 2015). In the study, Raman spectra 

were gathered for adulterated EVOO samples between 0 and 100% adulteration. A partial least 

squares regression (PLS-R) model was able to quantify the level of adulteration with an �� value 

above 0.98 and a root mean square error of prediction (RMSEP) of 1.57 (Mendes, et al., 2015). 

The study also compared the same experiment for Near Infrared (NIR) and MIR spectroscopy. In 
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the comparison, Raman proved to be the most accurate quantifier of EVOO adulteration with 

soybean oil, slightly outperforming NIR.  Though each form of spectroscopy achieved �� values 

greater than 0.98, NIR and MIR achieved higher RMSEP values of 1.76 and 4.89 respectively 

(Mendes, et al., 2015). These studies show that Raman spectroscopy appears to be an effective 

alternative for both adulteration detection and quantification. 

1.6.2 Mid-IR Spectroscopy 

 

MIR spectroscopy is another EVOO adulteration detection technique that has been studied. 

One study involved using PCA, PLS-R and LDA to identify and quantify adulteration of EVOO 

with peanut oil (Vasconcelos, Coelho, Barros, & de Almeida, 2015). Peanut oil may be relatively 

difficult to detect when mixed with EVOO because similarly to EVOO, peanut oil is high in oleic 

acid (Kostik, Memeti, & Bauer, 2013). In this study, 184 adulterated EVOO samples were created 

with adulteration levels between 0.5% and 30% and were used to create a calibration model along 

with 4 pure EVOOs and 4 pure peanut oils. An additional 25 samples, containing 23 adulterated 

oils and one pure oil of each type, were created as a validation set. Models were created from the 

calibration set using PCR and PLS-R for quantification and LDA for classification. The validation 

set was used to evaluate the effectiveness of the models. Linear discriminant analysis was able to 

identify adulteration at a minimum level of 0.5% V/V peanut oil and partial least squares regression 

was able to quantify the level of adulteration with an RMSEP of approximately 1%. This method 

effectively identified and quantified peanut oil adulteration in extra virgin olive oil but did not 

attempt to detect adulteration with other oil types.  

Another study demonstrated the ability of mid infrared spectroscopy combined with PLS-

R, PCR and LDA to identify and quantify the presence of lower quality, old olive oil in EVOO 
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(Hirri, et al., 2015). Lower quality olive oil was added to extra virgin olive oil at levels between 

1% and 50% wt/wt. The PLS-R and PCR models were able to quantify the presence of lower 

quality oil in EVOO with an �� value of 0.999 and root mean squared error of cross validation 

(RMSECV) below 1%. Classification of pure and adulterated EVOO was successfully achieved 

using discriminant analysis for each sample.  

Both MIR experiments considered in this section used attenuated total reflectance (ATR) 

sampling components. ATR sampling components are expensive, non-disposable, and thus require 

cleaning between sample measurements. One of the disadvantages of using MIR with ATR for oil 

analysis is that cleaning the sampling component can be very time consuming. In a commercial oil 

testing business, analyzing a large quantity of samples with MIR and ATR could be difficult under 

time constraints.  

1.6.3 Near Infrared Spectroscopy 

 

NIRS has emerged as an alternative way to quantify the properties of edible oils. It has 

been extensively studied and companies as well as researchers have developed commercially 

available PLS-R models that can be used in combination with an NIR system to quantify specific 

properties of edible oils (Bruker Optics Inc., 2017). Calibration packages have been developed to 

quantify many of the properties of EVOO for which there are IOC requirements. In many research 

applications, NIR spectroscopy has also been used to identify and quantify adulteration in EVOO. 

Studies have shown that NIR spectroscopy with appropriate chemometric techniques is 

able to quantify adulteration in olive oil (Azizian, et al., 2015). One study uses PLS-R models 

based on a series of adulterated EVOO’s with known levels of adulterants to quantify the level of 

adulteration of EVOO with soy, sunflower, corn, canola, hazelnut, high oleic acid sunflower, 
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peanut, palm and refined olive oils (Azizian, et al., 2015). The described method requires the 

adulterant oils to be categorized into four groups that depend on the fatty acid composition of each 

adulterant. Groups were defined for oils high in linoleic acid, oleic acid, palm olein, and refined 

oils. For each group, PLS-R models were created that predicted the level of EVOO adulteration 

for each adulterant type. For adulterants containing high amounts of linoleic acid, oleic acid, and 

palm olein the �� values for the PLS-R models were above 0.99 and for adulterants containing 

high amounts of refined olive oil, the �� value for the PLS-R model was 0.976. The same study 

also begins to demonstrate a promising idea developed by the authors for authenticating EVOO by 

measuring a parameter that the authors have called FT-NIR index (Azizian, et al., 2015). The FT-

NIR index was defined as a parameter calculated by using a PLS calibration model and was mainly 

based on two absorption bands at around 5180 cm-1 and 5280 cm-1, but also included additional 

regions (Azizian, et al., 2015). The authors demonstrated that the intensity of the absorption band 

at 5280 cm-1 related to the presence of volatile compounds and changed after adding refined olive 

oil and certain other types of vegetable oils (Azizian, et al., 2015). The idea was to use the FT-NIR 

index as an indicator of adulteration, where the authenticity of EVOO could be determined by 

having a high FT-NIR index (Azizian, et al., 2015). The authors stated that they are working on an 

FT-NIR index limit for classification as EVOO (Azizian, et al., 2015). The authors also state that 

one of the disadvantages of using FT-NIR index is that it only considers the current state of the oil 

(Azizian, et al., 2015). The method may not be able to make conclusions about the authenticity of 

an EVOO sample at the time of production. 

There also exist studies that compare the effectiveness of NIR spectroscopy to Raman 

spectroscopy and MIR spectroscopy in their ability to quantify the level of adulterants present. 

One study conducted by Mendes et al. (2015), mentioned previously in Section 1.6.1, compares 
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the abilities of NIR, MIR, and Raman with accompanying PLS-R models in their ability to quantify 

the level of soybean oil adulteration in EVOO. It showed that NIR compared favourably to MIR 

in its ability to predict the level of soybean adulteration in EVOO, but did not perform as well as 

Raman (Mendes, et al., 2015). 

Another study attempts to detect the presence of an adulterant in EVOO, classify the 

adulterant type, and quantify the level of adulterant present (Christy, Kasemsumran, Du, & Ozaki, 

2004). As described in the previously mentioned article by Azizian et al. (2015), this study 

similarly created PLS-R models from NIR spectra that were able to quantify the amount of 

adulterant present in an EVOO with error limits equal to or less than 1.32%. In addition to this, 

Christy et al. (2004) were able to detect and classify adulterants of a single EVOO sample. A single 

sample of EVOO was adulterated with hazelnut, walnut, corn, soy, and sunflower oils from 0 to 

100% adulterant. Spectral processing and PCA plots were used to both identify if an adulterant 

was present and classify the adulterant type. The presence of an adulterant was correctly identified 

for all samples and the adulterant type was correctly classified for all samples except for one that 

was adulterated with walnut oil. The authors note that without further development this method 

cannot be applied for different EVOO samples and different adulterants. The procedure in this 

method was successful for detecting the adulteration of a single variety or brand of EVOO with 

known varieties of adulterant oils. Detecting the adulteration of a single sample of EVOO 

simplifies the problem of adulteration detection considerably. Using a single EVOO sample 

removes the possible variation that can exist among different varieties of olive oils in reality. In 

industry, effective testing methods will need to be able to detect adulteration in any variety of 

EVOO without knowing any information about the variety.  
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1.7 Benefits of NIR Spectroscopy for Edible Oil Analysis and Adulteration Testing 

 

A method that will be effective in industrial applications will, in addition to being accurate, 

be an inexpensive method that can quickly handle large volumes of samples. Techniques such as 

gas and liquid chromatography are very accurate for measuring the components of edible oils, but 

have lengthy turnaround times and are expensive (Christy, Kasemsumran, Du, & Ozaki, 2004). 

Sensory panels exist but are likely not readily available for large scale testing and cannot supply 

quantified results, which may not be acceptable for many applications. Vibrational spectroscopy 

provides non-destructive options that can be accurate, quick, and inexpensive. The studies 

described in this paper have shown that MIR spectroscopy can detect and quantify adulteration of 

EVOO but ease of use problems with ATR sampling components may reduce efficiency when 

used in industrial testing applications. Studies described previously have shown that Raman 

spectroscopy can accurately identify and quantify adulteration, and with additional research, may 

prove to be effective for industry testing applications. 

NIRS also appears to be a promising testing method for the detection and quantification of 

adulteration in EVOO. NIR measurements are quick and non-destructive and the studies discussed 

in this paper have shown that they can accurately quantify edible oil properties, quantify 

adulteration, and detect adulteration to a certain degree. The previously mentioned study by 

Azizian et al. (2015) indicates that other types of analytical methods may yield similar results to 

NIR, but their processes would be more difficult. In an industrial commercial testing application, 

NIR appears to be faster and cheaper than MIR, and chromatography methods. The largest 

disadvantage of NIR appears to be a lack of development in the area of adulteration detection. The 

further development of NIR methods for EVOO adulteration may allow NIRS to be ideal for large 

scale industry testing applications.  
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1.8 Current Research and Goals 

 

This study will focus on further developing NIR methods for the detection of adulteration 

in EVOO. The goal is to provide an effective and convenient method for the EVOO industry to 

combat adulteration issues. In the existing literature, NIR has been shown to be fast and cost-

effective while also being able to accurately measure many properties of edible oils. The use of 

NIRS with appropriate statistical techniques appears to be capable of providing the EVOO industry 

with the testing methods required to combat adulteration. 

A method to detect adulteration in EVOO will be developed and validated. NIRS and 

chemometrics will be used to identify adulteration in samples of EVOOs. In general, most of the 

previously existing research in this area focuses on detecting EVOO adulteration in a single sample 

of olive oil. That is, a single type or brand of olive oil with a specific composition is considered 

and the ability to detect adulteration in that type or brand is measured. The purpose of this study 

was to develop a more generally applicable method with the ability to detect adulteration in EVOO 

regardless of the type and origin of either the EVOO or the adulterant. The method should be 

applicable in a large-scale laboratory testing environment and thus will need to be practical, fast, 

robust, and inexpensive.  

Other forms of food adulteration will also be briefly considered. Similar to the EVOO 

industry, the honey industry also faces adulteration issues. The high value of honey has attracted 

fraudulent producers and has led to adulteration, typically with cheaper sugar syrups (Bázár, et al., 

2016). Some preliminary testing has been performed to asses the adaptation of the developed 

methodologies used to detect olive oil adulteration to honey adulteration and will be briefly 

discussed. 
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2. Materials and Methods  

 

2.1 NIR Theory 

 

Electromagnetic radiation includes but is not limited to radio waves, x-rays, visible light, 

and infrared light. The NIR region is a range of wavelengths in the electromagnetic spectrum 

within the infrared range nearest to visible light. Wavelengths between 750nm and 2500nm 

(13300cm-1 and 4000cm-1) are included in the NIR region (Pasquini, 2003). Figure 1 illustrates the 

NIR region and its position in the electromagnetic spectrum. NIRS is the measurement of how 

substances absorb infrared light in the NIR region and is based on the Beer-Lambert Law (Stuart, 

2004). 

 

Figure 1: Position of the NIR region in the electromagnetic spectrum. 

 

2.1.1 Beer-Lambert Law 

 

The Beer-Lambert law relates the amount of light that is transmitted through a material to 

the absorbance of the material and the amount of the material that the light is required to pass 

through (Stuart, 2004). A diagram in Figure 2 illustrates this concept.  
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Figure 2: Change in light intensity through a sample of path length (�). 

 

The Beer-Lambert law can be represented by the following equation, 

� � log��  !�
! " � #�$ 

where A is absorbance, !� is the intensity of the light entering the material, ! is the intensity of the 

light transmitted through the material, # is the molar absorbtivity of the material, � is the path 

length through the material, and $ is the concentration of the material (Stuart, 2004). Spectrometers 

can measure the change in intensity of the transmitted light while changing the wavelengths of the 

incident light, producing spectra of the sample’s absorbance across a range of wavelengths. 

2.1.2 Sample Absorption and Transmission 

 

The NIR spectra of substances can vary greatly. The spectra are a result of the level at 

which substances absorb infrared light throughout wavelengths across the NIR region. An example 

spectrum of water is shown in Figure 3. 

Incident light, intensity !�  Transmitted light, intensity ! 

Path length � 

Sample 
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Figure 3: Example of a NIR spectrum of water. 

Absorption is caused by molecular vibrations in the substance and adheres to the Beer-

Lambert Law (Stuart, 2004). When infrared light passes through a sample, the molecules begin to 

vibrate and enter excited states (Pasquini, 2003). The amount of vibration depends on the types of 

molecules present and the wavelength of light (Stuart, 2004). A molecule’s tendency to vibrate 

when exposed to a particular wavelength of light is a result of the structure of the molecule (Stuart, 

2004). Factors such as shape, bonds, and mass will determine vibrational properties (Stuart, 2004). 
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There are many ways in which a molecule can vibrate, some examples of which are shown in 

Figure 4. 

Figure 4: Examples of possible vibrational modes of a molecule (Soderberg, 2017) 
(Stuart, 2004). 

A NIR spectrum of a sample is a measurement of how much the molecules within the 

sample vibrate at each of the wavelengths in the NIR region (Stuart, 2004). Thus, by examining a 

spectrum of a substance, one can gain an idea of which molecules are present. Specific substances 

such as syrups and oils will have different spectra as a result of the differences between the sugar 

and fat molecules present in each. Edible oils contain esterified fatty acids such as oleic acid, 

shown in Figure 5 (Kostik, Memeti, & Bauer, 2013).  

 

Figure 5: Molecular structure of oleic acid (C:18:1) (Kostik, Memeti, & Bauer, 2013). 
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Oleic acid contains	% & %, % � %, %', %'�, %'�, % � (, and % & (' bonds which each 

vibrate and absorb radiation at specific wavelength(s) on the NIR spectrum (Christy, 

Kasemsumran, Du, & Ozaki, 2004). Some of the NIR absorption bands of an olive oil sample are 

shown in Figure 6. A substance’s NIR spectrum can sometimes be used to identify the substance.  

Figure 6: NIR spectrum of olive oil with the positions of some vibrational bands indicated 
(Christy, Kasemsumran, Du, & Ozaki, 2004). 
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2.1.3 Combination and Overtone Bands 

 

In the NIR region of the electromagnetic spectrum, molecular vibrations are mainly in the 

form of combination bands and overtone bands (Siesler, Ozaki, Kawata, & Heise, 2002). The 

longer wavelength region of the NIR spectrum primarily contains vibrational bands called 

combination bands (Siesler, Ozaki, Kawata, & Heise, 2002). A combination vibrational band 

occurs when multiple vibrational modes are excited at the same wavelength (Siesler, Ozaki, 

Kawata, & Heise, 2002). The remainder of the NIR spectra consists of the first, second, and third 

overtone absorption regions. Overtone absorptions occur at multiples of a fundamental absorption 

frequency (Stuart, 2004). Figure 7 displays where the combination and overtone regions are 

located on the NIR spectrum and some common molecular vibrations within the regions. In the 

case of olive oil, the overtone and combination vibrational bands are indicated on the spectrum in 

Figure 6. 

Figure 7: NIR absorption bands (IPG Photonics Corporation, 2017)  

 

Third Overtone Region 

Second Overtone Region 

First Overtone Region 

Combination Region 

H2O H2O H2O H2O 

CH3 CH3 CH3 CH3 CH3 CH3 

CH CH CH CH CH CH CHO 

CH2 CH2 CH2 CH2 CH2 CH2 CC 

2100 700 900 1100 1300 1500 1700 1900 2300 2500 

Wavelength (nm) 



 
 

28 
 

2.2 NIR Instrumentation 

 

For this experiment, a Bruker NIR MPA (Multi Purpose Analyzer) spectrometer will be 

used. The spectrometer utilizes a heated sample compartment for transmission measurements of 

edible oils as shown in Figure 8. Oil samples are placed into a cuvette made of low OH quartz with 

an 8mm inner diameter. The cuvettes are placed in the sample compartment to perform 

measurements. The temperature of the sample compartment can be controlled to ensure constant 

temperature among samples during measurements. The sample compartment can also be moved 

away from the path of the beam to allow for background measurements to be taken without any 

sample present. A background measurement must be taken before performing sample 

measurements. 

Figure 8: Bruker NIR Multi-Purpose Analyzer (Bruker Optik GmbH, 2016). 

During measurements, a beam of infrared light passes horizontally through the sample in 

the sample compartment as shown in Figure 9. The infrared light is emitted by a filament and 

detected by an InGaAs (indium gallium arsenide) detector (Bruker Corporation, Billerica, MA, 
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U.S.A, 2017). The absorption of the infrared light passing through the sample is compared to the 

absorption measured in the background spectrum, and a sample spectrum is plotted.   

 

 

 

 

 

Figure 9: NIR MPA sample compartment. 

 

 Infrared light is emitted at wavenumbers between 12000$)*� and	4000$)*� by a 

Michelson Interferometer. A Michelson Interferometer uses a series of stationary and mobile 

mirrors to change the wavelengths of infrared light emitted (Stuart, 2004). Infrared light containing 

all wavelengths enters the interferometer and is split and directed towards two mirrors by a beam 

splitter (Stuart, 2004). One mirror is stationary and reflects the light back towards the beam splitter 

and the other mirror moves while reflecting the light back towards the beam splitter (Stuart, 2004). 

The light reflected from the moving mirror can have a phase shift compared to the light from the 

stationary mirror, depending on the position of the moving mirror. This allows the two beams of 

light to recombine at the beam splitter in a constructive or deconstructive manner, which can 

prevent certain wavelengths from reaching the sample at certain mirror positions (Stuart, 2004). 

Figure 10 displays a diagram of a Michelson Interferometer. The interferometer creates a beam of 

infrared light that contains many wavelengths and as the position of the mirror changes, the 
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wavelengths of light within the beam are changed. The beam of light is sent through the sample as 

the mirrors in the interferometer are moved and the wavelengths of light in the beam are changed. 

An interferogram of the absorbance measured by the detector at each mirror position is produced 

and undergoes a Fourier Transform, transforming the interferogram from a function of mirror 

position to a function of frequency or wavelength (Stuart, 2004). As a result, an infrared spectrum 

of absorbance per wavelength (or wavenumber) is plotted.   

Figure 10: Michelson interferometer (Muelaner, 2015) (Stuart, 2004).  

 

The Bruker NIR MPA includes a type of interferometer that is designed to reduce unwanted 

inconsistencies in the infrared light produced (Bruker Optics Inc., 2017). The interferometer 

features gold coated corner-shaped mirrors as shown in Figure 11. This type of mirror design 

reduces the effects of mirror tilt and vibration in the system, allowing for better precision in the 

wavelengths of light produced by the interferometer (Bruker Optics Inc., 2017). When the system 

vibrates, the corner shaped mirrors, when compared to flat mirrors, are better able to reflect the 
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light back towards the beam splitter without changing the light’s direction (Bruker Optics Inc., 

2017). As a result, the Bruker interferometer can produce wavelengths of light more consistently. 

This advancement in interferometer technology may also prove to be useful for future applications 

such as the production of smaller, portable spectrometers. With more resistance to vibration, an 

interferometer with corner-shaped mirrors will be more suitable for portable applications in the 

field and not only laboratory applications. 

Figure 11: Interferometer included in Bruker NIR MPA (Bruker Optics Inc., 2017).  

 

The Bruker NIR MPA also features a larger rotating sample holder for the measurement of 

solid samples such as animal feed for farming applications or solid ingredients for food production 

applications (Bruker Optics Inc., 2017). Solid samples are placed in a glass-bottom cup on top of 

the infrared light source located on the top side of the NIR MPA. Infrared light is produced by the 

interferometer in the same way as for the liquid sample compartment, but instead of passing 

through the sample and being measured on the other side by a detector, the light is partially 

Beam splitter 
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absorbed by the solid sample and partially reflected downwards into the spectrometer. The 

intensity of the reflected light is then measured and a spectrum is plotted.  

During the sample measurement process, for both the liquid sample compartment and the 

rotating sample holder, the NIR MPA produces an average spectrum that results from a series of 

scans of a sample (Bruker Corporation, Billerica, MA, U.S.A, 2017). An average of multiple scans 

is used to reduce noise in the spectrum and to achieve a greater signal to noise ratio. The number 

of scans can be set by the operator and a greater number of scans will result in decreased noise and 

greater accuracy in the measurement of absorbance (Bruker Corporation, Billerica, MA, U.S.A, 

2017).  

2.3 Advantages of Using NIR Instrumentation for EVOO Analysis 

 

NIRS has many advantages over other forms of spectroscopy when working with edible 

oil samples. When quantitatively analyzing edible oil samples or detecting slight spectral changes 

caused by small amounts of adulteration, it is important to have consistent conditions for 

measurements. The goal of edible oil measurement by NIR is to detect spectral changes caused by 

differences in oil samples, not differences in other conditions. Difficulty may arise when 

differences in parameters such as temperature, and path length occur as these can causes spectral 

changes. Thus, it is important to ensure that these types of parameters are consistent across all 

measurements. The Bruker NIR MPA utilizes constant path length cuvettes in a temperature 

controlled sample compartment allowing constant temperature and path length during 

measurements. This allows spectral changes to be caused by variation in the oil samples rather 

than the environmental conditions. 
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Other advantages of using NIR spectroscopy are that it is non-destructive, inexpensive and 

fast (Garrido-Varo, Sánchez, De la Haba, Torres, & Pérez-Marín, 2017). With certain sampling 

components, edible oil samples can be measured directly from a bulk tank (Bruker Corporation, 

Billerica, MA, U.S.A, 2017). Measurements can be taken over a time of less than 20 seconds and 

do not require sample preparation (Bruker Corporation, Billerica, MA, U.S.A, 2017). This will 

allow laboratories to provide safe, easy, and inexpensive edible oil testing services with short 

turnaround times. When compared to other forms of instrumentation such as chromatography, NIR 

utilizes much simpler, cheaper, and faster procedures (Azizian, et al., 2015). Instrumentation 

advantages associated with NIRS allow for faster and cheaper analysis methods. NIR 

instrumentation appears to be ideal for industrial testing applications. 

2.4 Chemometrics 

 

Once sample measurement is complete, classification models can be created from the 

spectra using computer software. Bruker’s OPUS Spectroscopy Software (Bruker Corporation, 

Billerica, MA, U.S.A, 2017) will be used to operate the NIR spectrometer and measure NIR 

spectra. The spectra will be exported from OPUS and digitally manipulated using The 

Unscrambler X (version 10.4) (CAMO Software AS, Magnolia, TX, U.S.A, 2017) multivariate 

data analysis and design of experiments software. The Unscrambler X will be used for spectral 

processing, developing models, and performing classification.  

2.4.1 Spectral Processing  

 

After measuring the spectrum of a sample, it may be beneficial to apply processing to the 

spectrum. Typical spectral processing may include provisions to reduce the effects of light 

scattering and baseline shifts or to enhance differences between spectra (Rinnan, van den Berg, & 
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Engelsen, 2009). Spectral processing can be applied to help correct errors in data collection. The 

spectra used for the development of the EVOO adulteration detection model will undergo forms 

of baseline offset corrections, standard normal variate corrections, and derivatives.  

2.4.2 Baseline Offset Correction 

 

A baseline offset correction is a common objective of spectral processing and has the 

purpose of reducing the effects of baseline shifts among spectra (Rinnan, van den Berg, & 

Engelsen, 2009). Baseline shifts occur when a sample absorbs a greater or lesser amount of infrared 

light across all wavelengths of the spectrum and can result from undesirable factors that include 

inconsistent path lengths and light scattering effects (Rinnan, van den Berg, & Engelsen, 2009). 

The result is a spectrum that is shifted up or down along the absorption axis. Upon measuring a 

series of spectra of a single EVOO sample with the Bruker NIR MPA, a slight baseline shift can 

be noticed. An example of this is shown in Figure 12. Ten spectra from the same olive oil sample 

were measured and baseline offsets can be seen among them when their spectra should ideally be 

identical. The baseline offset correction procedure will set the point of lowest absorption of each 

spectrum to zero absorption. Parts B and D of Figure 12 display the results of a baseline offset 

correction on the spectra shown in parts A and C respectively. The baseline offset correction can 

also be applied on a smaller wavelength range of the spectra, aligning the lowest absorbing point 

in the chosen range to zero. Applying a baseline offset correction on a smaller range of 

wavelengths in a series of spectra may be advantageous when the lowest absorbing point on the 

spectra is in a wavelength range that is affected by an absorption band of the sample being 

measured.  
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Figure 12-A: NIR spectra gathered from a series of scans of a single olive oil sample with 
a baseline offset present. 

 

Figure 12-B: Resulting NIR spectra after performing a baseline offset correction on the 
olive oil spectra in Figure 12-A. 
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Figure 12-C: An enlarged view of a portion of the same NIR spectra shown in Figure 12-
A, more clearly showing the baseline offset of the spectra. 

 

Figure 12-D: Resulting NIR spectra after performing a baseline offset correction on the 
spectra in Figure 12-C. 
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A baseline correction of the spectra in the EVOO adulteration detection model will be 

performed. Baseline shifts have been noticed in spectra produced by the Bruker NIR MPA while 

using 8mm outer diameter transmission vials. According to Bruker representatives, there are slight 

imperfections in the surfaces of the glass vials that can affect the way the light passes through 

them. The company claims that these imperfections can change the baseline of the spectrum and 

can be partially corrected by a baseline offset correction and normalization techniques.   

2.4.3 Multiplicative Scatter Correction and Standard Normal Variate 

 

Multiplicative scatter correction (MSC) and standard normal variate (SNV) are forms of 

spectral processing that have the purpose of reducing unwanted scatter effects in spectra (Rinnan, 

van den Berg, & Engelsen, 2009). Multiplicative light scattering effects can create unwanted 

variation in spectra that may affect the accuracy of calibration models built on the spectra. 

MSC utilizes a reference spectrum from the set of spectra being corrected, typically but not 

necessarily the average spectrum of the set, and calculates correction parameters that are used to 

create the corrected spectra (Rinnan, van den Berg, & Engelsen, 2009). MSC uses the following 

equations 

,-./0/123 � 4� + 4� × ,.787.7197 + : 

,9-..79;7< �
,-./0/123 & 4�

4�
� ,.787.7197 +

:

4�
 

where ,-./0/123 represents the original spectrum undergoing correction, ,9-..79;7< represents the 

corrected spectrum, 4� and 4� represent scalar correction parameters, and : represents the part of 
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the original spectrum that is not modelled by the reference spectra and the scalar correction 

components in the equation (Rinnan, van den Berg, & Engelsen, 2009). 

 The SNV correction is similar to the MSC and can, in some cases, produce identical 

results (Rinnan, van den Berg, & Engelsen, 2009). They differ by the fact that SNV does not use 

a reference spectrum from the set of spectra undergoing correction and instead uses parameters 

from each individual spectrum to calculate a corrected spectrum (Rinnan, van den Berg, & 

Engelsen, 2009). SNV correction uses the following equation 

,9-..79;7< �
,-./0/123 & =�

=�
 

where =� is the average absorption of the original spectrum, =� is the standard deviation in 

absorption of the original spectrum, ,-./0/123 is the original spectrum to be corrected, and 

,9-..79;7< is the corrected spectrum (Rinnan, van den Berg, & Engelsen, 2009). 

The EVOO adulteration detection model will use a SNV instead of a MSC. This is partly 

because the SNV can be performed on an individual spectrum without considering a broader set 

of spectra. It will be important to ensure that the spectra being tested against the model undergo 

spectral processing independently from the model to prevent the processing from influencing how 

the model determines classification.  
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2.4.4 Derivatives 

 

Derivatives can be applied to a spectrum to reduce both baseline and multiplicative scatter 

effects (Rinnan, van den Berg, & Engelsen, 2009). The order of the derivative will determine 

which baseline and scatter effects are removed. First order derivatives can remove baseline effects 

and second order derivatives can remove linearly increasing trends in the spectra in addition to 

baseline effects (Rinnan, van den Berg, & Engelsen, 2009). Derivatives can also enhance small 

differences in the spectra. Small changes in slope or the positions of maxima or minima in the 

spectra will be more evident in the spectral derivative than the original spectrum.  This can be 

important in edible oil analysis because, for example, the addition of certain types of refined edible 

oils to olive oil can cause a peak at approximately 5800 $)*� to slightly shift wavelength and 

change shape as shown in Figure 13. The changing position of the peak in the spectrum causes the 

zero-crossing to change position in the derivative.  
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Figure 13: NIR spectra of olive oil adulterated from 0% to 100% with soybean oil. 

 

A Savitzky-Golay (SVG) derivative will be applied in the EVOO adulteration detection 

model. Computing an SVG derivative involves approximating the spectrum around a point with a 

polynomial and computing the derivative of the polynomial at the desired point (Rinnan, van den 

Berg, & Engelsen, 2009). This is done at every point along the spectrum in order to calculate it’s 

derivative (Rinnan, van den Berg, & Engelsen, 2009). Deriving a spectrum typically enhances 

noise, but the polynomial fitting method utilized by the SVG derivative has a smoothing effect and 

can reduce the effects of noise enhancement by the derivation process (Rinnan, van den Berg, & 

Engelsen, 2009). The derivative will be applied after the baseline offset correction and SNV and 

will serve the purpose of allowing for better observation of differences in the slope of the spectra 

that result from small amounts of adulterant added to EVOO. It was found that better classification 

results were obtained when a derivative was included in the processing of the model. 
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2.4.5 Principal Component Analysis 

 

A principal component analysis will be carried out on the spectral data and used to create 

a model that will include spectra of pure EVOOs. Classification will then be performed using this 

model. The EVOO’s included in the model will aim to represent the set of possible authentic 

EVOO’s.  

PCA involves reducing the data to a series of principal components. Principal components 

(PC’s) represent the parts of the data that have the greatest variation (CAMO Software AS, 

Magnolia, TX, U.S.A, 2017). Figure 14 shows an example of a visualization of principal 

components. The first PC will be a dimension that represents the most explained variability in the 

data and the following PC’s will be subsequent orthogonal dimensions that represent decreasing 

amounts of variability (CAMO Software AS, Magnolia, TX, U.S.A, 2017). PC’s can be plotted as 

axis on a graph.  
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Figure 14: Visual example of principal components in a two-dimensional set of data 
(CAMO Software AS, Magnolia, TX, U.S.A, 2017). 

 

Upon performing a PCA on the NIR spectra of authentic EVOO samples, the samples will 

ideally form single a group in the space created by the calculated principal components. This group 

will represent the acceptable variation for EVOO. If an EVOO is authentic, its position in the space 

created by the calculated principal components should be within the acceptable group. If the 

sample is adulterated, its position will be outside the group. Additionally, weighting can be added 

to sections of the spectra while creating the PCA. Wavelengths that represent variation that is 

related to important differences or similarities between spectra can have a higher weight applied 

to them in order for them to have more representation in the PCA. A higher weight can be applied 

to spectral bands that are related to characteristic components of EVOO such as fatty acid 
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composition or volatile compounds to allow for authentic EVOO’s to be more easily separated 

from adulterated EVOO’s. 

2.4.6 Soft Independent Modelling of Class Analogy 

 

SIMCA will be used with PCA for classification of pure and adulterated EVOO’s. SIMCA 

is used to classify if samples fit within groups created by PCA models by considering the proximity 

of the samples to groups created in PCA models (CAMO Software AS, Magnolia, TX, U.S.A, 

2017). When samples undergo SIMCA classification, their positions in the principal component 

space are compared to the previously created PCA models by projecting the unknown sample into 

the PCA model (CAMO Software AS, Magnolia, TX, U.S.A, 2017). Two factors called object-to-

model distance and leverage are used to determine classification (CAMO Software AS, Magnolia, 

TX, U.S.A, 2017). The residuals resulting from the projection are represented by object-to-model 

distance and the Leverage is the distance from the center of the PCA model to the sample (CAMO 

Software AS, Magnolia, TX, U.S.A, 2017). The unknown sample can be classified as part of the 

PCA model if the object-to-model distance and the leverage are within the allowable limit for 

classification. Limits for classification can be set depending on the application. Once a PCA model 

of authentic EVOO’s is created, SIMCA can be applied to potentially adulterated samples to 

determine if the samples can be classified as part of the authentic EVOO group created in the PCA 

model. If they can be classified as part of the group, they can be considered authentic and if they 

can not, they can be considered adulterated. For this research, a significance limit of 95% will be 

used for all SIMCA classification results. 
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2.5 Experimentation 

 

2.5.1 Calibration and Validation Samples 

 

A PCA model of authentic EVOOs will be created. EVOO samples purchased from local 

grocery stores and distributers will be tested to ensure that they meet EVOO standards after their 

collection. The model will be composed of 27 EVOO samples that vary in origin, quality, price, 

fatty acid composition and oxidation level. The goal is to create a model that represents the possible 

variation in authentic EVOO’s and the samples included in the model will be chosen with this 

purpose in mind. A list of EVOO samples chosen for the model and relevant properties are shown 

in Table 3.  

When choosing the authentic EVOO samples for this research, it was important to ensure 

that they were not adulterated with other types of edible oils. Since many of the samples were 

purchased from local retailers, there was the potential for adulteration in these samples. In order 

to ensure the authenticity of these samples, a set of EVOO samples that underwent testing for 

EVOO quality parameters were purchased from premium quality retailers and included in the 

model. These premium retailers submit their EVOO products for quality parameter testing and 

have demonstrated that their products meet IOC requirements for classification as EVOO. These 

samples were used to form the basis for the classification model and additional untested samples 

were also added. Additionally, the Bruker Edible Oils Calibration package (Bruker Corporation, 

Billerica, MA, U.S.A, 2017) was used to measure the free fatty acid composition, peroxide value, 

and fatty acid profile of each of the validation and calibration EVOO’s. If the samples did not meet 

IOC standards for the tested components, they were excluded from the calibration and validation 

sets.  
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Table 3: List detailing sample type, brand, and origin of EVOO and adulterant samples in the 
calibration and validation sets for the experiment. 

Sample 

Type 
Oil Type Sample 

Location of 

Production 

Calibration Extra Virgin Olive Allegro Tunisia 

Calibration Extra Virgin Olive Bertolli, Originale Italy 

Calibration Extra Virgin Olive Carapelli Unknown 

Calibration Extra Virgin Olive Colavita Unknown 

Calibration Extra Virgin Olive Compliments Unknown 

Calibration Extra Virgin Olive Della Terra Arbequina 2014 Spain 

Validation Extra Virgin Olive Della Terra Corbrancosa 2015 Portugal 

Calibration Extra Virgin Olive Della Terra Favolosa 2015 Italy 

Calibration Extra Virgin Olive Della Terra Galega 2015 Portugal 

Calibration Extra Virgin Olive Drop of Gods Greece 

Validation Extra Virgin Olive EMMA Unknown 

Calibration Extra Virgin Olive Ferma Portugal 

Validation Extra Virgin Olive Filippo Berio Unknown 

Calibration Extra Virgin Olive Homemade oil from Apulia, Italy Italy 

Calibration Extra Virgin Olive Great Value Unknown 

Calibration Extra Virgin Olive Irini Greece 

Calibration Extra Virgin Olive Irresistables Bio Organica Unknown 

Calibration Extra Virgin Olive Irresistables Unknown 

Validation Extra Virgin Olive Kriti Greece 

Calibration Extra Virgin Olive Mantova Unknown 

Calibration Extra Virgin Olive Martinis Greece 

Validation Extra Virgin Olive Mastro Unknown 

Validation Extra Virgin Olive Messini Kalmata Greece 

Calibration Extra Virgin Olive No Name Unknown 

Calibration Extra Virgin Olive O&V Organic Ascolano USA 

Calibration Extra Virgin Olive O&V Koroneiki Greece 

Calibration Extra Virgin Olive O&V Organic Coratina USA 

Calibration Extra Virgin Olive O-LIVE USA 

Validation Extra Virgin Olive Oleiva Tunisia 

Calibration Extra Virgin Olive Olio Gusto Unknown 
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Calibration Extra Virgin Olive PC EVOO from Tuscany Italy 

Calibration Extra Virgin Olive PC New World Unknown 

Validation Extra Virgin Olive PC Organics Unknown 

Calibration Extra Virgin Olive Saporito Unknown 

Validation Extra Virgin Olive Selection Unknown 

Calibration Extra Virgin Olive Sensations Unknown 

Validation Extra Virgin Olive Terra Delyssa Tunisia 

Validation Corn Mazola, purchased 2015 USA 

Validation Corn Mazola, purchased 2016 USA 

Validation Corn Selection USA 

Validation Corn Great Value USA 

Validation Corn PC USA 

Validation Soy Bunge Canada 

Validation Soy Selection Canada 

Validation Soy Mazola USA 

Validation Soy PC Canada 

Validation Soy Pristine Gourmet Canada 

Validation Sunflower PC USA 

Validation Sunflower Great Value Turkey 

Validation Sunflower No Name Turkey 

Validation Sunflower Selection USA 

Validation Sunflower Pristine Gourmet Canada 

Validation Canola Richardson Salad Oil Canada 

Validation Canola Great Value Canada 

Validation Canola Mazola Unknown 

Validation Canola Pure Valley Canada 

Validation Canola Selection Unknown 
  

A validation set was created by purchasing an additional 10 authentic EVOO samples and 

20 adulterant oils. Adulteration by corn oil, soybean oil, sunflower oil, and canola oil was 

considered as they were thought to be among the most common adulterants and 5 samples of each 

were purchased. These adulterants were thought to be the most common as they are inexpensive, 

readily available and likely difficult to detect in an adulterated mixture. The adulterated EVOO 
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samples were created by adulterating all of the 10 authentic EVOO’s in the validation set with one 

type of adulterant (2 EVOO’s for each of the 5 adulterants) and then repeating with each adulterant 

type at two levels of adulteration. Adulteration levels of 15% and 20% were considered and 10 

validation samples for each level of adulteration were created for each adulterant, totalling 80 

adulterated samples.  If SIMCA classified an unknown sample as part of the group of pure EVOOs 

in the PCA model, it was considered authentic and if it did not, it was considered adulterated. From 

these results, the methods ability to detect adulteration in EVOO was measured.  

All levels of adulteration discussed throughout this research will be listed as w/w 

percentages as described in the following equation. 

% �?@�A:B=ACDE � )=FF DG =?@�A:B=EA CE F=)H�:
ADA=� )=FF DG F=)H�: × 100 

 

2.5.2 Sample Preparation 

 

A point of value in the method developed by this research is that the process of gathering 

a NIR spectrum using the Bruker NIR MPA does not require sample preparation. A sample can be 

gathered by pipetting oil from a bottle into a measurement vial, placing the vial in the MPA’s 

sample compartment, and measuring a spectrum. Though sample preparation is very simple, there 

are two main concerns. The first is sample storage and handling prior to measurement. Many 

factors can affect the properties of an EVOO and thus its NIR spectrum. EVOO samples should 

be stored in a dark location at an appropriate temperature. Temperatures below 12°C can cause the 

oil to solidify and temperatures above 15°C can accelerate the degradation of the oil (Claudio, 

2014). Exposure to oxygen and light can lead to oxidation of the oil, and should ideally be avoided 

as much as possible (Claudio, 2014). Dark coloured glass bottles are typically used for storage 
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(Claudio, 2014). Poor storage of an authentic EVOO may cause the sample to deteriorate to a level 

that can no longer be considered EVOO. It will be important to follow olive oil storage guidelines 

to ensure that the storage and handling of a sample does not affect the test results.  

 The second concern is pre-heating the sample before measurement. The absorption at a 

particular wavelength of the NIR spectrum can vary as the temperature of a sample varies. Thus, 

it is important that all samples are measured at the same temperature. Due to the possibility of 

room temperature variations, the Bruker NIR MPA is equipped with a heated sample compartment 

to ensure that samples are measured at a desired temperature. A sample temperature of 50 degrees 

Celsius will be used in accordance with Bruker’s recommendations for edible oils. The technique 

for sample heating will be to place the sample in the heated sample compartment (preheated to 50 

degrees Celsius) for six minutes prior to measurement, though there are many possible methods 

that could be used for sample heating such as a heated water bath. It is important to refrain from 

heating the sample for too long as properties of the sample may change.  

Another minor concern involves testing unfiltered EVOO’s. Though the vast majority of 

EVOO products are filtered, some oils are produced that intentionally contain suspended plant 

material. Since the suspended plant material can affect the NIR absorption of the oil, the plant 

material should be filtered out of any unfiltered samples before testing. 

2.5.3 Sample Measurement 

 

Sample measurement for the adulteration detection model will be as simple as loading a 

saved profile for spectrometer settings and acquiring a spectrum. Table 4 outlines the sample 

preparation and instrument setting requirements for measuring samples. Background 

measurements should be taken at least once each hour. Once a spectrum was measured, 
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classification was performed using The Unscrambler X software (CAMO Software AS, Magnolia, 

TX, U.S.A, 2017). 

Table 4: Spectrum measurement settings for the developed method. 

Parameter Requirement 

Temperature 50℃ 

Heating Time 6 minutes 

Resolution 8$)*� 

Number of Scans 32 

Measurement Vial Model: IN430, Outer Diameter: 8mm 
 

3. Results and Discussion 

 

This research was carried out to demonstrate and explain EVOO adulteration detection by 

NIRS and chemometrics. Divided into three sections, the first two sections outline the challenges 

of EVOO adulteration detection by investigating the identification of pure oil types and the 

detection of adulteration with a provided unadulterated control sample for comparison. The results 

from these first two sections were not from the experimental design described in Section 2 of this 

paper and are simply exploratory results that help explain some of the challenges in the following 

3rd section. The third section is an investigation and assessment of the effectiveness of using NIRS 

and chemometrics to detect adulteration in EVOO without a provided unadulterated control 

sample. The third section is the most important part of this research and includes the results of the 

experimental design described in Section 2 of this paper. Detection of adulteration without a 

provided control may be of the most interest to producers, retailers, and consumers in the EVOO 

industry, as obtaining a control sample may not always be possible. 
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This study will focus on detecting EVOO adulteration with other types of edible oils and 

will not consider adulteration with lower grade olive oils. Specifically, adulteration with corn, 

canola, sunflower, and soybean oils was considered. Adulteration will likely involve using an 

adulterant that is cheaper, more readily available than EVOO, and not easily detectable by 

consumers in an adulterated mixture. Many possible adulterants are available, but corn, canola, 

sunflower, and soybean oils were considered to be the most common, economical, and practical 

adulterants for fraudulent producers. Other oils high in saturated fats such as palm oil were also 

considered as good adulterants, but were found to be easier to detect due to the great differences 

between those oils and EVOO’s. 

3.1 Differentiation of Oil Types 

 

In this section, NIRS was studied to demonstrate its effectiveness in differentiating between 

edible oil types and exemplify the relatively high amount of variation among EVOO samples when 

compared to other edible oil types. This is important because greater variation in composition 

among EVOO’s implies that adulteration will be more difficult to detect. The NIR spectra were 

acquired for samples of oils purchased from local retailers, which included forty-seven EVOO 

samples, five corn oil samples, five canola oil samples, four sunflower oil samples, and three 

soybean oil samples. The wavenumbers of the acquired spectra were reduced to the wavenumbers 

from 9130cm-1 to 4551cm-1 and digitally processed by using a baseline offset correction, a standard 

normal variate, and a 2nd order Savitzky-Golay derivative. A PCA was then carried out on the 

processed spectra to reduce the dimensionality of the data to two principal components that explain 

the majority of the data. A PCA scores plot was then used to provide visualization for how the 

spectra varied across the two principal components, allowing the differences between edible oil 

types and NIRS’s effectiveness at differentiating among oil types to be examined. The results of 
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the PCA are shown in Figure 15 where edible oil types have formed groups on the PCA scores 

plot. Figure 15 illustrates the developed method’s effectiveness at differentiating between edible 

oil types. For this study, it is important to understand two properties of this PCA scores plot. The 

first is that the group of points representing EVOO’s spans a larger area of the plot relative to other 

oil types. This illustrates the considerable variation among different types or varieties of EVOO, 

which is important when considering detection of adulteration. In this case, small levels of 

adulteration of a sample in the group will cause small changes in the composition of the sample 

which will be more difficult to detect when great variation in composition exists within the group. 

The second important property of the PCA scores plot involves the separation among the points 

that represent EVOO and the points that represent each other edible oil type. The separation among 

these groups shows that there are large differences between EVOO’s and the other edible oil types 

shown in the plot and demonstrates that NIRS can detect and measure those differences. This plot, 

and especially the relatively large size of the EVOO group, helps explain the adulteration detection 

results in the proceeding sections of this study. 



 
 

52 
 

 

Figure 15: PCA scores plot of different types of edible oils. 

 

3.2 Detection of Adulteration with a Provided Control Sample 

 

A sample of EVOO (PC Organics EVOO) was adulterated with corn oil (Mazola) at seven 

different concentrations, ranging from 2.7% to 25%. Five spectra for the EVOO control sample 

were measured while using different sample vessels to capture variation introduced by instrument 

error, differences in measurement vials used, and differing environmental conditions such as room 

temperature and humidity. The NIR spectra of the adulterated samples were also measured. The 

spectral wavenumbers were reduced to the range from 9130 cm-1 to 4551 cm-1 and processed with 

a baseline offset correction and a SNV. A portion of the resulting spectra are shown in Figure 16, 

with the corn oil (Mazola Corn Oil) used for adulteration shown in red (dotted line). The 

adulterated samples, represented by the blue spectra (dashed lines), are between the green spectra 

(solid lines) representing the pure EVOO and the red spectrum (dotted line) representing the pure 
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corn oil. With increasing levels of adulteration, the spectra are found further from the pure EVOO 

spectra and closer to the pure corn oil spectrum. When a PCA was carried out on the processed 

spectra, the scores plot in Figure 17 was generated. Figure 17 shows the points representing the 

pure EVOO in red (circles) and the points representing the adulterated mixtures in blue (squares). 

The first principal component shows a clear separation between the adulterated mixtures and the 

measurements of the pure EVOO sample, showing that detection of adulteration to as low as 2.7% 

is possible with this combination of EVOO and adulterant. This was also confirmed with SIMCA 

classification. Lower levels of adulteration were not considered. The spectral plots and the PCA 

scores plot show that adulteration is detectable at low levels when the EVOO sample being 

adulterated is known. It was also shown that the spectral differences resulting from instrument 

error, variations in apparatus, and differing environmental conditions are negligible relative to the 

spectral differences caused by adulteration. By using a pure, unadulterated control, the variation 

created by different varieties of EVOO was not introduced, causing the only variation to be a result 

of instrument error, allowing low levels of adulteration to be more easily detected. These results 

only include a single EVOO and adulterant and the scope obviously needs to be expanded for 

practical applications, as will be done in the following section. The purpose of showing this data 

is to demonstrate that NIRS and chemometrics can detect the changes in oil spectra caused by low 

levels of adulteration and that the main challenge in adulteration detection is dealing with the fact 

that unadulterated control samples cannot always be provided for reference. 
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Figure 16: Plot of spectra of pure PC Organics EVOO (green), pure Mazola Corn Oil (red), and 
PC Organics EVOO adulterated with Mazola Corn Oil (blue). 

 

Figure 17: PCA scores plot of a single sample of EVOO (red) and adulterated mixtures of that 
sample from 2.7% to 25% adulteration (blue). 
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NIRS’s effectiveness in detecting adulteration in a single EVOO sample with a provided 

pure control sample has been shown previously. A study conducted by Christy et al. (Christy, 

Kasemsumran, Du, & Ozaki, 2004) involved adulterating a single EVOO sample from 0-100% 

w/w with different adulterants including soybean, hazelnut, sunflower, corn, and walnut oils. The 

authors demonstrated the use of PCA and PLS-R to separate the adulterated samples from the pure 

EVOO and classify the type of adulterant present for nearly every adulterated sample created 

(Christy, Kasemsumran, Du, & Ozaki, 2004). Another study carried out by Mendes et al. (Mendes, 

et al., 2015) involved using NIR, MIR, and Raman spectroscopy to create PLS-R models and 

predict levels of adulteration in a sample of EVOO. Samples were adulterated between levels of 

0-100% w/w and NIRS, MIR spectroscopy, and Raman spectroscopy were able to predict the level 

of adulteration with an RMSEP of 1.76, 4.89, and 1.57 respectively (Mendes, et al., 2015). This 

again demonstrates that when an unadulterated control sample of the EVOO in question is 

provided, fairly low levels of adulteration are detectable. These studies did not consider applying 

their methodologies to situations when information about the original EVOO is not known, which 

may commonly be the case in the EVOO industry. This will be discussed next. 

3.3 Detection of Adulteration without a Provided Control Sample 

 

Adulteration detection of an EVOO with a provided, unadulterated, control sample has 

been shown to be possible for levels of adulteration as low as 2.7%. In practice, it may not be 

possible to obtain an unadulterated control sample for comparison with potentially adulterated 

EVOO’s. There is a need for a method capable of detecting EVOO adulteration without knowing 

any information about the original EVOO before adulteration occurred. 
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The NIR spectra of 37 pure EVOO samples were measured and divided into one group of 

27 calibration samples and another group of 10 validation samples. The EVOO samples varied in 

origin, quality, price, fatty acid composition and oxidation level. The objective was to develop a 

model that incorporates the variation in composition of EVOO’s and samples included in the 

model were chosen for this purpose. The NIR spectra for the calibration EVOO samples were 

measured, processed, and a PCA was carried out. Both SIMCA and PCA projections were used to 

compare both the pure and adulterated validation samples to the calibration samples. If SIMCA 

classified an unknown sample as part of the PCA model containing authentic EVOO’s, then it was 

considered authentic and if it did not classify the sample as part of the model, then it was 

considered adulterated. From these results, the method’s effectiveness in detecting adulteration of 

EVOO was assessed. The results for the validation samples for each adulterant are discussed.  

3.4 Adulteration with Corn Oil or Sunflower Oil 

 

The NIR spectra of the calibration EVOO samples, the validation EVOO samples, and the 

validation EVOO samples adulterated with 20% and 15% corn oil or sunflower oil were measured. 

The spectral wavenumbers were reduced to the range from 9130 cm-1 to 4551 cm-1 before 

undergoing spectral processing that included a baseline offset correction, a SNV, and a 1st order 

Savitzky-Golay Derivative. The portion of the spectra from 5346 cm-1 to 5087 cm-1 was removed, 

the portions from 6395 cm-1 to 6376 cm-1 and 5562 cm-1 to 5516 cm-1 were up weighted by a factor 

of 20 times, and a PCA was carried out on the unadulterated calibration EVOO samples. A model 

with two principal components was developed that explained 91% of the variation in the data. A 

PCA projection plot showing the validation EVOO’s projected onto the calibration EVOO’s with 

a 95% confidence ellipse is shown in Figure 18. The ten validation samples were plotted as green 

(triangles) within the 95% confidence ellipse. It is important to note that there is an outlier in the 
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set of calibration samples that was plotted in the lower left quadrant of the PCA plot in Figure 18 

and throughout PCA plots in Section 3. This sample fell outside the ellipse partly because there 

were more than 20 samples and the confidence limit was 95% and partly because it was a 

compositional outlier. The sample was investigated and was found to be an oil from a single variety 

of olive and not a blend of oils from several olive types, like many retail EVOO products. Though 

the oil was authentic, its fatty acid profile was unique compared to other authentic EVOO samples 

tested. Further development of this method should include an investigation into rare varieties of 

olives and how the method deals with the oils produced by those olives. Another PCA projection 

plot is shown in Figure 19 where the ten validation EVOO’s adulterated with 20% corn oil are 

projected onto the calibration EVOO’s with a 95% confidence ellipse. The ten adulterated samples 

were projected outside the 95% confidence ellipse. Figure 20 shows a PCA projection plot where 

the ten validation EVOO’s adulterated with 20% sunflower oil are projected onto the calibration 

EVOO’s with a 95% confidence ellipse. Similarly to corn oil, the ten adulterated samples were 

again projected outside the 95% confidence ellipse. SIMCA was then used to confirm the 

projection classifications of the validation EVOO’s and adulterated samples and the results are 

shown in Table 5 and Table 6 respectively. SIMCA classification and the projection methods are 

different classification techniques but in this case, achieve identical results. Each of the ten 

validation EVOO’s were correctly classified as pure and each of the 20 samples adulterated with 

either 20% corn oil or 20% sunflower oil were correctly classified as adulterated. 
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Figure 18: PCA projection plot of validation EVOO samples (green) projected on to the 
unadulterated calibration EVOO samples (blue). 

 

Figure 19: PCA projection plot of validation EVOO samples adulterated with 20% corn oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 
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Figure 20: PCA projection plot of validation EVOO samples adulterated with 20% sunflower oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 

Table 5: SIMCA classification results for unadulterated validation EVOO samples. 

Sample - Class membership 5% Classification 

Della Terra Corbrancosa 2015 Authentic 
EMMA EVOO Authentic 
Filippo Berio EVOO Authentic 
Kriti EVOO Authentic 
Mastro EVOO Authentic 
Messini Kalmata EVOO Authentic 
Oleiva EVOO Authentic 
PC Organics EVOO Authentic 
Selection EVOO Authentic 
Terra Delyssa EVOO Authentic 

 

Table 6: SIMCA classification results for validation EVOO samples adulterated with 20% corn 
oil and validation EVOO samples adulterated with 20% sunflower oil. 

Sample - Class membership 5% Classification 

EVOO and Corn, 20% Adulteration, Mix #1 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #2 Adulterated 
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EVOO and Corn, 20% Adulteration, Mix #3 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #4 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #5 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #6 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #7 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #8 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #9 Adulterated 
EVOO and Corn, 20% Adulteration, Mix #10 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #1 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #2 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #3 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #4 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #5 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #6 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #7 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #8 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #9 Adulterated 
EVOO and Sunflower, 20% Adulteration, Mix #10 Adulterated 

 

The same method was carried out for a level of adulteration of 15%. NIR spectra for the 

validation EVOO samples adulterated with 15% corn oil or sunflower oil were measured.  The 

spectra were projected onto the PCA model and the projection plots are shown in Figure 21 and 

Figure 22 respectively. SIMCA classification was also carried out and the classification results are 

shown in Table 7.  Eighteen of the twenty samples adulterated with 15% corn oil or sunflower oil 

were classified correctly by SIMCA and the projection with a 95% confidence ellipse achieved 

identical results. One sample of each of corn oil and sunflower oil were incorrectly classified as 

authentic. 
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Figure 21: PCA projection plot of validation EVOO samples adulterated with 15% corn oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 

 

Figure 22: PCA projection plot of validation EVOO samples adulterated with 15% sunflower oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 
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Table 7: SIMCA classification results for validation EVOO samples adulterated with 15% corn 
oil, and validation EVOO samples adulterated with 15% sunflower oil. 

Sample - Class membership 5% Classification 

EVOO and Corn, 15% Adulteration, Mix #1 Authentic 
EVOO and Corn, 15% Adulteration, Mix #2 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #3 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #4 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #5 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #6 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #7 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #8 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #9 Adulterated 
EVOO and Corn, 15% Adulteration, Mix #10 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #1 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #2 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #3 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #4 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #5 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #6 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #7 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #8 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #9 Adulterated 
EVOO and Sunflower, 15% Adulteration, Mix #10 Authentic 

 

 

3.5 Adulteration with Canola Oil or Soybean Oil  

 

The same approach that was used for corn and sunflower oil adulteration was also 

successful for the identification of adulteration with 20% canola or soybean oils. The same model 

with the same processing was used to detect adulteration. PCA projection plots in Figure 23 and 

Figure 24 respectively show the validation EVOO’s adulterated with 20% canola oil and 20% 

soybean oil projected onto the calibration EVOO’s with a 95% confidence ellipse. All of the 

validation samples for both adulterants were projected outside the 95% confidence ellipse. SIMCA 

was then used to confirm the classification and the results are shown in Table 8. Each of the 20 
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samples adulterated with either 20% canola oil or 20% soybean oil were correctly classified as 

adulterated by both the projection and SIMCA. 

 

Figure 23: PCA projection plot of validation EVOO samples adulterated with 20% canola oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 
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Figure 24: PCA projection plot of validation EVOO samples adulterated with 20% soybean oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 

 

Table 8: SIMCA classification results for validation EVOO samples adulterated with 20% canola 
oil, and validation EVOO samples adulterated with 20% soybean oil. 

Sample - Class membership 5% Classification 

EVOO and Canola, 20% Adulteration, Mix #1 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #2 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #3 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #4 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #5 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #6 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #7 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #8 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #9 Adulterated 
EVOO and Canola, 20% Adulteration, Mix #10 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #1 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #2 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #3 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #4 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #5 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #6 Adulterated 
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EVOO and Soybean, 20% Adulteration, Mix #7 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #8 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #9 Adulterated 
EVOO and Soybean, 20% Adulteration, Mix #10 Adulterated 

 

Adulteration levels of 15% were also considered for canola and soybean oils. NIR spectra 

for the validation EVOO samples adulterated with 15% canola oil or soybean oil were measured.  

The spectra were projected onto the PCA model and the projection plots are shown in Figure 25 

and Figure 26 respectively. SIMCA classification was also carried out and the classification results 

are shown in Table 9.  Eight of the ten samples adulterated with 15% canola oil were classified 

correctly by SIMCA and the projection with the 95% confidence ellipse achieved identical results. 

For soybean oil adulteration, both the projection and SIMCA correctly classified all of the ten 

samples.  
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Figure 25: PCA projection plot of validation EVOO samples adulterated with 15% canola oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 

 

Figure 26: PCA projection plot of validation EVOO samples adulterated with 15% soybean oil 
(green) projected on to the unadulterated calibration EVOO samples (blue). 
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Table 9: SIMCA classification results for validation EVOO samples adulterated with 15% canola 
oil, and validation EVOO samples adulterated with 15% soybean oil. 

Sample - Class membership 5% Classification 

EVOO and Canola, 15% Adulteration, Mix #1 Authentic 
EVOO and Canola, 15% Adulteration, Mix #2 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #3 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #4 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #5 Authentic 
EVOO and Canola, 15% Adulteration, Mix #6 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #7 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #8 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #9 Adulterated 
EVOO and Canola, 15% Adulteration, Mix #10 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #1 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #2 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #3 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #4 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #5 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #6 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #7 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #8 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #9 Adulterated 
EVOO and Soybean, 15% Adulteration, Mix #10 Adulterated 

 

Adulteration detection was successful for all oil types at levels of adulteration up to 20%. 

At 15% adulteration, at least one of each of the corn, sunflower, and canola oil samples were 

incorrectly classified. Specifically, for samples diluted with 15% adulterant, 90% (9/10) of the 

corn oil samples, 90% (9/10) of the sunflower oil samples, 80% (8/10) of the canola oil samples, 

and 100% (10/10) of the soybean oil samples were correctly classified. Though the majority of the 

samples were correctly classified when diluted with 15% adulterant, a higher success rate would 

be necessary if the method were to be applied in industry. Since the purpose of this research is to 

produce a method for use in the EVOO industry, 20% adulteration will be considered the lower 

detection limit of the method. 
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Another approach for adulteration with canola and soybean oils was also considered and 

was found to be more successful for detecting adulteration with canola oil. Canola oil and soybean 

oil have much higher levels of linolenic acid when compared to EVOO (Kostik, Memeti, & Bauer, 

2013). Standards set by the IOC require EVOO to have ≤ 1% linolenic acid (International Olive 

Council, 2017) and thus linolenic acid can act as an indicator for canola oil and soybean oil 

adulteration in EVOO. Multiple studies listed in Table 1 show that NIRS can be used to quantify 

the fatty acids present in EVOO. The Bruker edible oils calibration package (Bruker Corporation, 

Billerica, MA, U.S.A, 2017) is designed to quantify the fatty acids present in edible oils including 

linolenic acid. The package was used to determine the linolenic acid content of the validation 

EVOO’s and adulterated samples. Table 10 shows the linolenic acid content of the unadulterated 

validation EVOO samples and Table 11 shows the linolenic acid content of the validation EVOO 

samples following adulteration. An additional set of validation EVOO’s adulterated with canola 

oil at a level of 10% adulteration was created and included in these results. The unadulterated 

samples each had acceptable levels of linolenic acid, by IOC standards, of less than 1% w/w. All 

of the adulterated validation EVOO’s for 10% canola oil adulteration and 15% soybean oil 

adulteration contained linolenic acid at levels greater than the IOC allowable maximum of 1% w/w 

for EVOO. None of the adulterated samples met EVOO qualifications and they could all be 

correctly classified as adulterated. This is a method that could be employed to detect EVOO 

adulteration with canola or soybean oils. This method is equivalent to the PCA and SIMCA method 

developed in this research for soybean oil adulteration and outperforms the PCA and SIMCA 

method for canola oil adulteration. Linolenic acid content is likely a better indicator for canola oil 

adulteration than the method developed in this research because canola oil has a fatty acid 

composition that is relatively similar to EVOO compared to other edible oils excluding the fact 
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that canola oil has a much higher linolenic acid content. The PCA model incorporates all of the 

fatty acids and other compounds in the oil and since the linolenic acid content is a small portion 

of the total composition, changes in linolenic acid content have a smaller affect on the classification 

result. When using the Edible Oils Calibration Package from Bruker, small changes in linolenic 

acid content can be measured directly. Since the IOC sets a strict upper limit of 1% on the linolenic 

acid content of EVOO, it is easy to identify when a sample exceeds the limit and is adulterated. 

The development of a PCA model designed specifically for detecting adulteration with canola oil 

could possibly better take advantage of the differences in linolenic acid content by truncating 

spectra and adding weight to spectral bands that relate to linolenic acid content. This could allow 

the PCA model to be more sensitive to changes in linolenic acid content and better identify 

adulteration with canola oil. Perhaps this is an area for future research, but its usefulness may be 

limited because directly measuring linolenic acid has been shown to be effective. It is important 

to note that governing bodies such as the United States Department of Agriculture (United States 

Department of Agriculture, 2017) and the CFIA (Department of Justice, Canada, 2018) have an 

upper limit of 1.5% w/w for linolenic acid which may raise the minimum level of adulteration 

required for detection by this method with canola and soybean oils.  
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Table 10: Linolenic acid content of unadulterated validation EVOO samples. 

Sample name Component Prediction 

Della Terra Corbrancosa 2015 C18:3 0.4 
EMMA EVOO C18:3 0.5 
Filippo Berio EVOO C18:3 0.5 
Kriti EVOO C18:3 0.7 
Mastro EVOO C18:3 0.6 
Messini Kalmata EVOO C18:3 0.7 
Oleiva EVOO C18:3 0.6 
PC Organics EVOO C18:3 0.5 
Selection EVOO C18:3 0.5 
Terra Delyssa EVOO C18:3 0.6 

 

Table 11: Linolenic acid content of validation EVOO samples adulterated with 10% canola oil 
and 15% soybean oil. 

Sample name Component Prediction 

EVOO and Canola, 10% Adulteration, Mix #1 C18:3 1.3 
EVOO and Canola, 10% Adulteration, Mix #2 C18:3 1.5 
EVOO and Canola, 10% Adulteration, Mix #3 C18:3 1.5 
EVOO and Canola, 10% Adulteration, Mix #4 C18:3 1.5 
EVOO and Canola, 10% Adulteration, Mix #5 C18:3 1.4 
EVOO and Canola, 10% Adulteration, Mix #6 C18:3 1.4 
EVOO and Canola, 10% Adulteration, Mix #7 C18:3 1.7 
EVOO and Canola, 10% Adulteration, Mix #8 C18:3 1.5 
EVOO and Canola, 10% Adulteration, Mix #9 C18:3 1.6 
EVOO and Canola, 10% Adulteration, Mix #10 C18:3 1.6 
EVOO and Soy, 15% Adulteration, Mix #1 C18:3 1.3 
EVOO and Soy, 15% Adulteration, Mix #2 C18:3 1.5 
EVOO and Soy, 15% Adulteration, Mix #3 C18:3 1.8 
EVOO and Soy, 15% Adulteration, Mix #4 C18:3 1.8 
EVOO and Soy, 15% Adulteration, Mix #5 C18:3 1.3 
EVOO and Soy, 15% Adulteration, Mix #6 C18:3 1.3 
EVOO and Soy, 15% Adulteration, Mix #7 C18:3 1.7 
EVOO and Soy, 15% Adulteration, Mix #8 C18:3 1.5 
EVOO and Soy, 15% Adulteration, Mix #9 C18:3 1.7 
EVOO and Soy, 15% Adulteration, Mix #10 C18:3 1.7 
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3.6 Adulteration Detection Challenges and Interesting Notes 

 

The detection of EVOO adulteration without any information about the original, 

unadulterated EVOO has been shown to be considerably more difficult than if an unadulterated 

control sample was provided for comparison. The approximate detection limits for adulteration 

were around 20% for sunflower and corn oils, 15% for soybean oil, and 10% for canola oil. These 

detection limits are much greater than if an unadulterated sample of the EVOO in question was 

provided for comparison. This was exemplified in the Section 3.2 where 2.7% corn oil adulteration 

was detected. This is a result of variation among different olive oil brands, origins, varieties, and 

ages. Variation in factors that include differences in fatty acids present in the oil, oxidation levels, 

and the presence of volatile compounds make it difficult to determine if a sample is adulterated, 

or simply another variety of EVOO. When an unadulterated sample of the EVOO in question is 

analyzed, this variation is removed because the brand, origin, variety, and ultimately the NIR 

spectrum for the oil are known specifically. Then, if the NIR spectrum of the sample in question 

differs from the specific NIR spectrum of the unadulterated version of the sample, adulteration can 

be identified. To help explain this, the acceptable levels for five of the fatty acids in authentic 

EVOO are shown in Table 12. For adulteration to be identified with certainty while considering 

fatty acids alone, the adulteration must be great enough such that the amount of at least one fatty 

acid in the oil exceeds acceptable limits. When adding small amounts of adulterant to a sample of 

EVOO, the fatty acid profile of the EVOO may only slightly change and still represent that of an 

authentic EVOO, perhaps of a different variety. Thus, if an unadulterated control sample of the 

EVOO in question is provided, its fatty acid profile will be known specifically, allowing for the 

detection of adulteration even if the adulterated sample satisfies EVOO requirements. This is 
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exemplified in Section 3.2 which was titled “Detection of Adulteration with a Provided Control 

Sample” as well as in other publications described in Table 1. 

Table 12: Acceptable ranges for the main 5 fatty acids present in EVOO regulated by the IOC 
(International Olive Council, 2017). 

Fatty Acid Minimum (%) Maximum (%) 

Palmitic Acid – C:16:0 7.50 20.00 

Stearic Acid – C:18:0 0.50 5.00 

Oleic Acid – C:18:1 55.00 83.00 

Linoleic Acid – C:18:2 2.50 21.00 

Linolenic Acid – C:18:3 0.00 1.00 
 

To better illustrate the challenge of adulteration detection without a control, consider 

Figure 15. The EVOO group shown in Figure 15 demonstrates the differences among different 

brands and varieties of EVOO using a PCA scores plot. The first principal component in Figure 

15 is related to the level of unsaturation of the fatty acids present in the oil with higher scores in 

PC-1 correlating with higher levels of unsaturation. Relative to the other oils on the plot, EVOO 

contains lower levels of polyunsaturated fats, canola oil contains moderate levels of 

polyunsaturated fats, and soybean oil contains high levels of polyunsaturated fats (Kostik, Memeti, 

& Bauer, 2013). The group of points that represent EVOO spans a range on the PCA scores plot. 

Detection of EVOO adulteration with this method requires that the sample be adulterated 

sufficiently such that it no longer fits within the group of EVOO’s. Smaller amounts of adulteration 

will not be detectable by this method for all varieties of EVOO because the resulting adulterated 

oil may remain within the group of authentic EVOO samples on the PCA scores plot. Adulteration 

is detectable when the resulting adulterated oil is changed sufficiently such that it is no longer 

within the group of authentic EVOO’s on the PCA scores plot. In some situations, low levels of 

adulteration may be detectable, depending on the variety of EVOO and the adulterant used. For 
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example, adulteration of an EVOO relatively high in polyunsaturated fats (near 21% w/w) with an 

oil high in polyunsaturated fats will be detectable at lower levels of adulteration, because the 

polyunsaturated fat content of the resulting oil will be too high. Conversely, an EVOO with low 

levels of polyunsaturated fats adulterated with the same oil high in polyunsaturated fats will require 

higher levels of adulteration before it is detectable, as the addition of more adulterant is necessary 

to raise the polyunsaturated fat content such that the sample no longer belongs to the EVOO group.  

Adulteration detection without knowing information about the EVOO in question depends on the 

levels of fatty acids present in the EVOO and the adulterant used. This research determined levels 

of adulteration that are detectable by this method with sufficiently high likelihood for any unknown 

variety of EVOO adulterated with corn, soy, sunflower, or canola oils. Any EVOO, regardless of 

composition, adulterated to levels of at least 20% corn or sunflower oil, 15% soybean oil, or 10% 

canola oil will be detectable by this method.  

It is important to understand that in situations where an adulterated EVOO is not 

adulterated sufficiently such that it still belongs to the EVOO group in the PCA, the sample in 

question must be similar to authentic EVOOs. In order for the sample to be classified as part of 

the EVOO group, it must have a spectrum that is fairly similar to that of an authentic EVOO, 

perhaps of a different variety. For example, when a Greek EVOO that is high in oleic acid is 

adulterated with corn oil, the oleic acid content of the sample will decrease and the linoleic acid 

content will increase. If the level of adulteration is sufficiently small, the levels of oleic and linoleic 

acids in the sample may more closely match that of a Tunisian EVOO, which typically contain 

lower levels of oleic acid and higher levels of linoleic acid. Though the sample is adulterated, its 

spectrum is similar to an authentic Tunisian EVOO that is considered to be of high, extra virgin, 

quality. From this reasoning, it can be speculated that adulterated samples that are classified as 
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authentic by the model are still similar to high quality olive oils, resembling those in the model. 

Of course, this can only be used in a limited capacity because the model only considers the 

spectrum of a sample and olive oil quality determinations can not be made from the spectrum 

alone. A more accurate statement would then be the following: if the model classifies a sample as 

EVOO, the sample must contain levels of compounds that contribute to absorption in the NIR 

region similarly to the compounds in authentic EVOOs. Still, this may be of some value. Perhaps 

the method could be used as a screen to ensure that certain components of an olive oil sample are 

of a high, extra virgin, grade whether they are adulterated or not. Since NIRS measures fatty acids, 

the model could effectively determine that all samples that pass the adulteration test posses a fatty 

acid profile of an authentic EVOO, even if they are adulterated. Thus, samples that classify as 

authentic, whether adulterated or not, likely meet some minimum quality standard similar to what 

is required for EVOO. Though detection of adulteration at very low levels may be difficult or even 

impossible, a method that can ensure that samples are of a high, extra virgin, level of quality will 

be useful. 

3.7 Benefits of Using NIRS and Chemometrics 

 

The benefits of using the developed NIRS method for the detection of olive oil adulteration 

are that it is accurate and sample preparation is minimal, allowing results to be generated within 

minutes of receiving a sample. The method involves transferring the oil sample into a glass vial, 

heating for 6 minutes, taking a measurement for approximately 20 seconds, and carrying out a pre-

programmed statistical analysis. The method does not require any additional sample preparation 

and can be screened for adulterants at concentrations of 20% or above in less than 10 minutes. Per 

sample operating costs can be as low as only a few dollars, as analysis can be carried out with the 

use of one glass pipette and one disposable measurement vial. The developed method is also non-
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destructive and has the potential to be field deployable, allowing on-site testing and monitoring. 

The method could potentially allow testing laboratories to meet consumer demand for inexpensive, 

rapid, and accurate EVOO adulteration detection testing. 

Table 1 provides a series of other methods aimed at detecting or quantifying the 

adulteration of EVOO and includes detection limits, error of quantification, and adulterant types 

studied. The table shows that NIRS achieves comparable results to FTIR-ATR and Raman when 

considering adulteration quantification. Other methods utilizing chromatography or FTIR-ATR 

can, in some cases, detect adulteration at lower levels than NIRS for certain adulterant types but 

typically require more sample preparation or are less convenient. For example, the sample 

perpetration in the method recommended by the IOC for determination of fatty acid composition 

(International Olive Council, 2017) involves carefully weighing masses of the sample, the addition 

of solvents, and timed shaking procedures. Compared to this IOC procedure, the sample 

preparation for the developed NIRS method is much easier as the sample can be placed directly in 

a measurement vial and analyzed. FTIR-ATR can utilize short measurement times with little 

sample preparation, but ATR sampling devices are non-disposable and require thorough cleaning 

between measurements. The vials used in the developed method are inexpensive and disposable, 

reducing the time required between measurements and allowing for measurements to be conducted 

quickly in sequence. When compared to other methods listed in the table, the method developed 

in this study has the potential to be a fast, inexpensive, and convenient alternative for EVOO 

adulteration testing. 
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3.8 Future Work 

 

3.8.1 Adapting Methodologies to Honey Adulteration 

 

The methodologies developed throughout this research were also applied in a reduced 

manner to the problem of detecting honey adulteration with sugar syrups. Similar techniques were 

used, but a method was not fully developed or validated and only exploratory results were 

produced.  Spectra for several liquid honey samples were measured and spectral processing that 

included truncating the spectra and a 2nd order Savitzky-Golay derivative were used. Spectra for 

samples of other types of pure sugar syrups including corn syrup, high fructose corn syrup, agave 

syrup, and sucrose syrup were also measured. In addition to pure syrups, spectra for a honey 

sample adulterated with corn syrup in 10% increments from 0% to 100% were measured. Figure 

27 illustrates a PCA plot that includes the syrups measured. Sugar syrups are separated by type on 

the plot in a manner that appears to relate to the sugar composition of the syrups, with syrups 

higher in glucose content achieving higher scores in PC1. The group for authentic honey samples 

is relatively small, compared to the edible oils example shown in Figure 15, and appears to exclude 

the sample adulterated with 10% corn syrup. These exploratory results appear to suggest that honey 

adulteration may be detectable at lower levels than EVOO adulteration. Perhaps this is a result of 

lower levels of acceptable variation among honey samples when compared to EVOOs. If the 

acceptable ranges for sugar and water content in honey samples are small, adulteration will be 

more easily detectable. It is very important to note that these results are preliminary and that the 

further development of a model may drastically change these results. The model includes only a 

small number of pure honey samples and the variation existing among those samples was not 

carefully considered. Adding more honey samples of different varieties will likely increase the 
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size of the group of points representing honey in Figure 27 and decrease the model’s ability to 

detect adulteration. A model for the detection of sugar syrup adulteration in honey by using NIRS 

and chemometrics is currently under development and appears to be a promising solution to 

ongoing honey adulteration issues.  

Figure 27: PCA plot of processed spectra from honey and other sugar syrups. 

3.8.2 Adulteration with Additional Types of Edible Oils and Lowering Detection Limits 

 

The methods developed in this research were validated for the detection of EVOO 

adulteration with corn, soybean, canola, and sunflower oils. These oils were thought to be common 

adulterants because they are inexpensive and readily available. Ideally, an adulteration detection 

model will be able to detect adulteration regardless of the adulterant. In order for models based on 

this research to be ideal for industry use, additional forms of adulteration must be tested. The 

models developed in this research will likely be able to detect adulteration with other adulterants, 

but the degree of adulteration detectable must be measured. Perhaps adulteration with other oil 

types will require the consideration of different NIR spectral regions related to the composition of 
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the adulterants. In order to accommodate the potential for adulteration with any edible oil type, 

several models may need to be made. Individual, separate models could be specifically designed 

to target adulteration with specific oil types to lower detection limits. Additional research is needed 

in order to adapt the methodologies developed in this research to the detection of adulteration with 

any edible oil type and to be ideal for industrial use. 

3.8.3 Adaptation of Methodologies to Other Forms of Adulteration 

 

A promising area for future work includes adapting the developed methodologies to other 

forms of adulteration. In addition to olive oil and honey, many food products including maple 

syrup, balsamic vinegars, grains, and spices are subject to possible adulteration. Non-food related 

high-value products such as oils for industrial or cosmetic applications could also be adulterated 

by fraudulent producers. The adaptation of the methods developed for olive oil adulteration 

detection may prove to be promising solutions to adulteration in other industries. 

3.8.4 Portable NIR Spectrometry 

 

Another area for future work includes developing portable spectrometer systems for on-

site applications. The currently developed methods must be carried out at a laboratory and thus 

samples must undergo packaging and shipping. In addition to the time required for this process, 

olive oil samples can be damaged as a result of improper packaging and shipping techniques. The 

adaptation of the developed methodologies to a portable NIR spectrometer would allow EVOO 

samples to be tested on-site, negating the risk for damage to samples as a result of shipping and 

also allowing for instantaneous results. Quality control could be conducted in a quick and 

inexpensive manner at production and importing facilities, grocery stores, and the consumers 
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home. On-site quality control could play a large role in reducing food adulteration and increasing 

overall food quality. 

4. Conclusion 

 

Detection of EVOO adulteration using NIRS and chemometric techniques has been 

studied. The goal was to develop a method to serve the commercial EVOO industry by being 

accurate, fast, and inexpensive. A method was developed that does not require sample preparation, 

can be completed in under ten minutes, and involves less than a few dollars in operating costs per 

sample. We have shown that NIRS can differentiate among edible oil types, detect EVOO 

adulteration at low levels given that an unadulterated control sample is provided, and detect the 

adulteration of any unknown EVOO sample to reasonably low detection limits that depend on the 

variety of EVOO and the adulterant used. Corn oil, sunflower oil, soybean oil, and canola oil were 

considered in this study and adulteration with those oil types was detectable at lower limits of 20%, 

20%, 15%, and 10% respectively. EVOO adulteration was demonstrated to be detectable at 

concentrations as low as 2.7% when an unadulterated control sample was provided for comparison 

but the detection limit increased when an unadulterated control EVOO could not be provided. The 

speed, cost, and accuracy involved with the application of NIRS to EVOO adulteration detection 

has been demonstrated and the developed methods appear to be promising alternatives to 

traditional methods for combating adulteration issues in the EVOO industry. 

Areas of future research include the development of more specific olive oil adulteration 

detection models, the application of similar models to adulteration issues in other industries, and 

the development of the ability to use these methods with portable spectrometers. Adulteration 

detection models that are designed to detect adulteration in specific types of EVOO could lower 
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levels of detectable adulteration given that some information about the EVOO is known prior to 

testing. The development of portable spectrometers and the adaptation of these methods would be 

beneficial for field deployable applications. EVOO brands could be tested and monitored at 

production facilities and grocery stores.  
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