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Abstract

:

The success of the olive oil industry depends on provenance and quality-trait consistency affecting the consumers' acceptability/preference and purchase intention. Companies rely on laboratories to analyze samples to assess consistency within the production chain, which may be time-consuming, cost-restrictive, and untimely obtaining results, making the process more reactive than predictive. This study proposed implementing digital technologies using near-infrared spectroscopy (NIR) and a novel low-cost e-nose to assess the level of rancidity and aromas in commercial extra-virgin olive oil. Four different olive oils were spiked with three rancidity levels (N = 17). These samples were evaluated using gas-chromatography-mass-spectroscopy, NIR, and an e-nose. Four machine learning models were developed to classify olive oil types and rancidity (Model 1: NIR inputs; Model 2: e-nose inputs) and predict the peak area of 16 aromas (Model 3: NIR; Model 4: e-nose inputs). The results showed high accuracies (Models 1–2: 97% and 87%; Models 3–4: R = 0.96 and 0.93). These digital technologies may change companies from a reactive to a more predictive production of food/beverages to secure product quality and acceptability.
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1. Introduction


Olive oil is highly consumed globally, with 3.1 million metric tons in 2020–2021 [1]. Its popularity is mainly due to its characteristic flavor, aroma, and health benefits. It mainly contains oleic acid, a monounsaturated fatty acid responsible for decreasing cardiovascular diseases, strokes, and mortality rates [2,3]. However, it may have shelf-life issues due to inadequate packaging, transportation, and storage, which may produce the formation of hydroperoxides due to oxidation of fatty acids when in contact with light, high temperatures, and oxygen [4]. These hydroperoxides cause the formation of different volatile compounds, which are responsible for off-aromas and off-flavors due to rancidity in olive oil, which negatively alters its sensory descriptors and, therefore, affects the product's quality and consumer acceptability [5,6,7].



The traditional and most common methods to analyze aromas and rancidity in olive oil consist of the use of (i) gas chromatography-mass spectroscopy (GC-MS) with headspace solid-phase microextraction (SPME) to assess the different volatile aromatic compounds [5,8,9]; (ii) evaluation of peroxide value through infrared or mass spectrometry [10], or (iii) combined techniques of GC, and descriptive sensory analysis with trained panelists to assess sensory descriptors related to aromas and flavors including rancidity and their intensity [5,8,11]. However, the first two methods require a specialized laboratory with enough space to place the equipment, which is costly. All three methods are time-consuming and require very well-trained personnel to operate the equipment, conduct the sensory sessions, and perform and interpret the statistical analyses. Olive oil companies, especially small to medium-sized, can only resort to sending samples to these laboratories in order to obtain very detailed reports from those samples. However, they are costly, and reports may take several days or weeks to arrive, considering the workload from those laboratories, making these procedures impractical.



To overcome these issues, other methods have been developed to assess the chemical fingerprint and identify the presence of compounds, such as aromas and fatty acids with near-infrared (NIR) spectroscopy, and to assess aromas and rancidity in olive oils that consist of using electronic noses (e-noses), which are constructed using an integration of different digital gas sensors. Christy et al. [12] used NIR within the 833–2500 nm range to measure transmittance and analyzed with partial least squares (PLS) models to assess olive oil samples and identify adulteration with a very high correlation coefficient (R = 0.99). Milinovic et al. [13] assessed olive oil samples using Fourier transform NIR (800–2220 nm) and developed several PLS models obtaining high accuracy to predict different fatty acids R > 0.85. Savarese et al. [5] used a commercial e-nose to monitor the development of rancidity of virgin olive oils during storage using statistical analyses, the principal components analysis that was able to visibly separate samples according to rancidity level, and correlation analysis against sensory rancidity rating obtaining a low-moderate determination coefficient R2 = 0.64. Aparicio et al. [8] also used a commercial e-nose to assess rancidity in virgin olive oils; the authors applied a non-linear regression equation obtained from a regression on principal components; however, this study did not report any statistical values to assess the accuracy of predictions or separation of samples. Lerma-Garcia et al. [14] used a commercial e-nose to predict defects in sunflower oils using artificial neural networks, obtaining accuracies within 75–85% for the testing stage. Furthermore, Cano Marchal et al. [15] used a commercial e-nose coupled with logistic regression to predict the intensity of fruity aroma in virgin olive oil with 88% accuracy. However, these studies have been conducted using commercial e-noses, which are expensive and not portable; therefore, in these studies remain the issues regarding the need for laboratory space and specialized personnel.



This study aimed to develop a novel method to assess the type of olive oil and level of rancidity as well as the peak area of volatile aromatic compounds (targets) using near-infrared spectroscopy (NIR) and a low-cost and portable e-nose as inputs with machine learning modeling that the olive oil industry can apply to obtain results in real-time about levels of rancidity and aroma profiles.




2. Materials and Methods


2.1. Samples Description


Four different Australian commercial extra virgin olive oil samples labeled as (i) light flavor, (ii) medium strength or classic flavor, (iii) strong or robust flavor, and (iv) first cold press were spiked with rancid oil provided by the same commercial company at three different levels (15%, 25%, and 50% of rancid oil). Additionally, a control sample of each olive oil plus one for rancid oil were used. All samples were measured in triplicates.




2.2. Gas Chromatography/Mass Spectroscopy


Samples were analyzed using a gas chromatograph with the 5977B mass selective detector (Agilent Technologies, Inc., Santa Clara, CA, USA) (detection limit: 1.5 fg). This equipment was integrated with a PAL3 autosampler system (CTC Analytics AG, Zwingen, Switzerland). An HP-5MS column (Agilent Technologies, Inc., Santa Clara, CA, USA; length: 30 m, inner diameter: 0.25 mm, and film: 0.25 μ) was used, and the carrier gas was helium at 1 mL min−1 flow rate. As described by Gonzalez Viejo et al. (2019), this method used headspace SPME. A blank sample was used at the start to confirm no carryover from prior measurements. Compounds were identified using the National Institute of Standards and Technology (NIST; National Institute of Standards and Technology, Gaithersburg, MD, USA) library.




2.3. Near-Infrared Spectroscopy


Three measurements were taken for each replicate of each sample using a handheld NIR spectroscopy device (MicroPHAZIR RX Analyzer; Thermo Fisher, Waltham, MA, USA) within the 1596–2396 nm range. The analysis was performed as described by Gonzalez Viejo et al. [16]. For this, a filter paper Whatman® qualitative filter paper, Grade 1 (diameter 55 mm; Whatman, plc., Maidstone, UK), was used to absorb the olive oil sample and measure the chemical fingerprint by further subtracting the absorbance values of the dry filter paper. The first derivative of the absorbance values was obtained using Savitzky–Golay polynomial order two with Unscrambler® X ver. 10.3 (CAMO Software, Oslo, Norway). Both the raw signal and first derivative were plotted to enhance the overtones.




2.4. Electronic Nose


A low-cost e-nose consisting of an array of nine different gas sensors was used to measure the voltage values [17] of all samples and treatments in triplicates. These sensors are sensitive to different gases such as (i) alcohol (MQ3), (ii) methane (MQ4), (iii) carbon monoxide (MQ7), (iv) hydrogen (MQ8), (v) ammonia, alcohol, and benzene (MQ135), (vi) hydrogen sulfide (MQ136), (vii) ammonia (MQ137), (viii) benzene, alcohol, and ammonia (MQ138), and (ix) carbon dioxide (MG811). The raw signal was analyzed using a Matlab® R2021a (Mathworks, Inc., Natick, MA, USA) code developed by the Digital Agriculture, Food and Wine group from The University of Melbourne (DAFW-UoM) to divide the peak area of the curve into 10 subsections and calculate 10 mean values [18]. The MQ136 sensor was removed for all analysis as hydrogen sulfide was not detected in any sample. Data analysis was conducted using the raw signal of the e-nose rather than the values of the specific gases since some sensors are also sensitive to other gases.




2.5. Statistical Analysis and Machine Learning Modeling


The e-nose data were analyzed using ANOVA to assess significant differences between samples with Tukey's honest significant difference (HSD) as a post hoc test (α = 0.05) with XLSTAT ver. 2020.3.1 (Addinsoft, New York, NY, USA). Furthermore, a correlation matrix was constructed using Matlab® 2021a to assess significant correlations (p < 0.05) between the volatile aromatic compounds measured with GC-MS and the e-nose.



Two artificial neural network (ANN) classification models were developed using a code written in Matlab® R2021a by the DAFW-UoM group. The absorbance values measured with NIR (Model 1) and the e-nose outputs (Model 2) were used as inputs to classify samples into the type of olive oil and level of rancidity, including a rancid control with a total of 17 categories (Figure 1A). From 17 different ANN training algorithms tested [19], Bayesian Regularization provided the best Model 1 and Scaled Conjugate Gradient Model 2 with high accuracy and good performance with no under- or overfitting assessed by comparing the mean squared error (MSE; Model 1) or cross-entropy (Model 2) values of each stage. Lower training MSE or cross-entropy than testing and similar validation and testing values indicate no under- or overfitting. Samples were divided randomly as 70% training and 30% testing for Model 1, and 70% training, 15% validation, and 15% testing for Model 2 (Figure 1A).



Two ANN regression models were developed using another code written in Matlab® R2021a by the DAFW-UoM group. The NIR absorbance values (Model 3) and the e-nose outputs (Model 4) were used as inputs to predict the peak area of 16 different volatile aromatic compounds measured with GC-MS (Figure 1B). A total of 17 different ANN training algorithms were tested automatically, with Levenberg-Marquardt resulting in the best algorithm for Model 3 and Bayesian Regularization for Model 4, both using MSE to assess performance. Samples were divided randomly as 70% training, 15% validation, and 15% testing for Model 3, and 70% training and 30% testing for Model 4 (Figure 1B). After testing different numbers of neurons or neuron trimming (3, 5, 7, and 10), 10 resulted in the best and most efficient number for the four models.





3. Results and Discussion


3.1. Volatile Aromatic Compounds from GC-MS


Table 1 shows that 16 volatile aromatic compounds that belong to nine main functional groups were found in the olive oil samples. Table S1 in Supplementary Material shows the peak area of the compounds for each sample and treatment. It can be observed that in the rancid oil control, only 2-(4-methylphenyl)-Indolizine was detected. D-limonene was only detected in the cold press olive oil, while heptane, 4-methylene- and at least one isomer of 3-Ethyl-1,5-octadiene were found in all olive oil samples and treatments. It was also found that all treatments had different compounds and/or peak areas compared to the controls, showing that the rancidity has altered the aroma of the sampled olive oils. Compounds such as 3-hexenal, 2-hexenal, different isomers of 3-Ethyl-1,5-octadiene, and D-limonene were also found in Portuguese [20] and Turkish olive oils [21]. Trans-3-hexenol has also been detected in olive oil by other authors [22,23]. It can be observed that the associated aromas are mainly related to green, floral, fruity, and musty, which are expected in commercial olive oils.




3.2. Near-Infrared Spectroscopy


Figure 2 shows that most overtones were found within the 1600–1800 nm and 2100–2396 nm ranges; these can be found within both the raw signal (Figure 2A) and the enhanced peaks using the first derivative (Figure 2B). For the main overtones, compounds such as aliphatic hydrocarbons (1699–1700, 1732, 1767, and 2323 nm), ketones, and compounds with a methyl group (1700 nm), alcohols (1737 nm), aromatic hydrocarbons (1749 nm) were found [26]. As shown in Table 1, aromas with functional groups such as ketones, hydrocarbons, and alcohols were detected with GC-MS, which shows that NIR could also detect their presence. Milinovic et al. [13] also found overtones within the 1727–1761 nm range; other authors [27] reported the presence of oleic acid at 1725 nm, which was also detected in the samples used in the present study. Furthermore, other overtones can be observed for polysaccharides (2278, 2285, 2340, and 2357 nm), aryl (2299 and 2392 nm), and, as expected, lipids and oils (2140–2145, 2310–2315, and 2380–2385 nm) [26,28]. Other studies have also reported overtones around 2300 nm in olive oil samples [29]. These results evidence the broad presence of aliphatic hydrocarbons as several overtones that correspond to these compounds were found; these are naturally present in olive oil but may also be due to contamination with mineral oils [30,31,32]. In Figure 2B, it can be observed that for most of the overtones from these compounds, the high rancidity olive oil cold press (HOOCP) sample had the highest absorbance.




3.3. Electronic Nose


Figure 3 shows significant differences (p < 0.05) between samples for all e-nose sensors used in this study. Considering that the MG811 sensor signal is inverse (higher voltage, lower concentration), carbon dioxide presented the lowest concentration. Therefore, the MQ4 sensor, which is sensitive to methane and to a lower extent to alcohol, and smoke, was the highest in voltage, with the rancid oil control significantly higher than the other samples and treatments. The presence of methane in oil may be explained since this is a by-product of oil production [33], while the alcohols, as shown in the GC-MS and NIR results and as reported in other studies [34], are commonly present in commercial olive oil, including the samples analyzed in the present study. It can also be observed that the medium and high rancidity cold press olive oil samples (MOOCP and HOOCP) showed the highest raw signals related to alcohol concentration (MQ3).




3.4. Correlations between Volatile Aromatic Compounds (GC-MS) and E-Nose Gas Sensors


Figure 4 shows that MQ3 sensor (alcohol) has a significant (p < 0.05) and positive correlation with 2-hexenal (r = 0.58), bicyclobutane (r = 0.42), heptane, 4-methylene- (r = 0.49), 3-ethyl-1,5-octadiene Isomers I, II and III (r = 0.32, 0.28 and 0.51, respectively), and negative correlation with trans-3-hexenol (r = -0.58), and ethyl (E)-hex-3-enyl carbonate (r = −0.40). On the other hand, MQ137 (ammonia) and MQ138 (benzene, alcohol and ammonia) were positively correlated with 2-hexenal (r = 0.70 and 0.41, respectively), bicyclobutane (r = 0.59 and 0.35, respectively), heptane, 4-methylene- (r = 0.71 and 0.42, respectively), 3-Ethyl-1,5-octadiene Isomer III (r = 0.50, and 0.29, respectively), and negatively correlated with trans-3-hexenol (r = −0.58, and −0.51, respectively) and ethyl (E)-hex-3-enyl carbonate (r = −0.56, and −0.46, respectively). The correlations found between the e-nose and aromatic volatile compounds analyzed with GC-MS showed that e-nose responses would be good predictors of the aromatic compounds from GC-MS, which was demonstrated in the following subsection for machine learning modelling. Hence, from a parametric engineering point of view, all sensors integrated in the e-nose were considered for machine-learning modeling.




3.5. Machine Learning Modelling


Table 2 shows that Model 1 had very high accuracy (97%) in classifying samples into the different olive oils and rancidity treatments using the NIR absorbance values as inputs, while Model 2 used e-nose raw voltage values as inputs and had an accuracy of 87%. Even though Model 2 had lower accuracy than Model 1, it is a great option to use as a low-cost, portable, reliable, non-destructive, and rapid method to assess the type of olive oil and presence/level of rancidity.



Figure 5 shows the receiver operating characteristics curves of Models 1 (Figure 5A) and 2 (Figure 5B). It can be observed that in Model 1, developed using NIR absorbance values as inputs, most of the samples were close to the true-positive rate (sensitivity), with the MOOCP class being the highest misclassified category (sensitivity: 0.67; precision: 1.00) followed by MOOL (sensitivity: 0.89; precision: 0.69) and all other categories with both sensitivity and precision of 1.00. On the other hand, Model 2, developed using the e-nose outputs as inputs, also had results rates close to the true-positive rate, with MOOCP as the highest in misclassification (sensitivity: 0.57; precision: 0.71) followed by LOOM (sensitivity: 0.67; precision: 0.74) and COOS (sensitivity: 0.73; precision: 0.88). This may be further improved by feeding the models with more samples.



Table 3 shows that Models 3 and 4 had very high accuracies based on correlation coefficient (R = 0.96 and 0.93, respectively) and slope (b = 0.92 and 0.90, respectively) to predict the peak area of different volatile aromatic compounds. Considering the performance values as stated in materials and methods Section 2.5, none of the four models shown in Table 2 and Table 3 presented any signs of under- or overfitting, making the models presented in this study robust and realistic.



Figure 6 shows the overall regression models; according to the 95% confidence bounds, it can be observed that Model 3 (Figure 6A) had 4.98% of outliers (122 out of 2448 data points), while Model 4 (Figure 6B) had 5% of outliers (408 out of 8160 data points).



As mentioned in the introduction, other authors have published studies using NIR or e-nose coupled with different machine learning methods to assess fatty acids, rancidity, or defects in olive and sunflower oils; however, those studies presented models with accuracies within 64–88% [5,8,13,14,15]. Furthermore, the e-noses used in those studies were commercial, non-portable, and less affordable than the proposed e-nose in the present study.



All four models were highly accurate and could be used as rapid, non-destructive methods to assess the aromas and rancidity of olive oil. The NIR Models 1 and 3 had higher accuracy than the e-nose Models 2 and 4; this is because the NIR measures the chemical fingerprint of the samples, including lipids, aromas, carbohydrates, among others, while the e-nose measures only volatile compounds and despite being able to detect other gases, is has higher sensitivity to specific gases as described in Section 2.4. These two methods (NIR and e-nose) were compared as different approaches that can be used to detect rancidity levels and aromas. This is to provide different options, one based on a chemical fingerprint and the other on volatile gases, to the tools and resources that the olive oil industry has based on digital technologies and machine learning. The NIR device is more expensive than the e-nose; therefore, small companies may not afford the NIR; however, the e-nose is an affordable, reliable, portable, and convenient option, making it an adequate option for manufacturers to monitor quality. Further research may be conducted to develop similar models to assess samples at different production stages from the field to the final product. This would allow early detection of any faults or defects that may be corrected on time to avoid economic losses.





4. Conclusions


Artificial intelligence (AI), consisting of the integration of low-cost digital sensor technologies, offer highly accurate tools to be applied in the food and beverage industries to assess in real-time different manufacturing processes and the detection/prediction of faults due to unforeseen factors by the industry. This study has shown that by using NIR and low-cost e-noses, AI may contribute significantly to the olive oil industry by predicting and avoiding off-flavors and aromas related to rancidity, which is one of the major problems for this industry within olive oil production, packaging, transport, and storage. Due to the low cost of the digital tools developed, food industries may be able to do management strategies to modify manufacturing processes that may result in taint and spoilage of products before making them available in the market. These predictions are extremely important for product positioning and maintaining quality and preference among consumers. Finally, these digital technologies can be coupled with AI to develop digital twin processes to detect procedures that may produce off-flavors and aromas before packaging.
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Figure 1. Artificial neural network models for (A) classification (Models 1 and 2), and (B) regression (Models 3 and 4), showing the inputs, targets/outputs, and number of neurons used for each. 
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Figure 2. Chemical fingerprinting from near-infrared spectroscopy (1596–2396 nm) using (A) the raw signal and (B) the Savitzky–Golay first derivative. 
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Figure 3. Stacked bars graph with mean values of the electronic nose outputs. Error bars depict the standard error. Different letters (a–i) represent significant differences between samples based on the least significant difference (LSD) post hoc test (p < 0.05). Abbreviations: R: Rancid; C: Control; OO: Olive oil; L at the start: Low; L at the end: Light; M at the start: Medium; M at the end: medium strength or classic flavor; H: High; S: strong or robust flavor; CP: cold press. 
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Figure 4. Matrix showing significant correlations (p < 0.05) between the volatile aromatic compounds and e-nose gas sensors. Abbreviations: MQ3: alcohol; MQ4: methane; MQ7: carbon monoxide; MQ8: hydrogen; MQ135: ammonia, alcohol, and benzene; MQ137: ammonia; MQ138: benzene, alcohol, and ammonia; MG811: carbon dioxide. 
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Figure 5. Receiver operating characteristics curves for (A) Model 1 developed using near-infrared spectroscopy absorbance values, and (B) Model 2 developed using electronic nose outputs as inputs. Abbreviations: R: Rancid; C: Control; OO: Olive oil; L at the start: Low; L at the end: Light; M at the start: Medium; M at the end: medium strength or classic flavor; H: High; S: strong or robust flavor; CP: cold press. 
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[image: Chemosensors 10 00159 g005]







[image: Chemosensors 10 00159 g006 550] 





Figure 6. Overall artificial neural network regression models developed with (A) the near-infrared absorbance values (Model 3) and (B) the electronic nose voltage values (Model 4) as inputs to predict the peak area of volatile aromatic compounds. 
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Table 1. Volatile aromatic compounds in olive oils detected using gas-chromatography-mas-spectroscopy and the associated aromas.
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	Volatile Aromatic Compound
	Functional Group
	Aroma *





	Propionic anhydride
	Anhydride
	Pungent



	Diethyl ketone
	Ketone
	Ethereal/Acetone



	3-Hexenal
	Aldehyde
	Green/Leafy/Apple/Melon



	2-Hexenal
	Aldehyde
	Green/Almond/Leafy/Apple/Plum



	2-(1,1-dimethylethyl)-Cyclobutanone
	Cyclic Ketone
	NR



	Trans-3-hexenol
	Alcohol
	Green/Leafy/Floral/Oily/Earthy



	Bicyclobutane
	Cycloalkane
	NR



	Heptane, 4-methylene-
	Hydrocarbon/Alkene
	NR



	3-Ethyl-1,5-octadiene Isomer I
	Hydrocarbons/Alkadiene
	Musty



	3-Ethyl-1,5-octadiene Isomer II
	Hydrocarbons/Alkadiene
	Musty



	3-Ethyl-1,5-octadiene Isomer III
	Hydrocarbons/Alkadiene
	Musty



	Ethyl (E)-hex-3-enyl carbonate
	Carbonate ester
	NR



	D-Limonene
	Monoterpene
	Citrus/Orange/Fresh/Sweet



	1,2,3-Trimethylcyclohexane
	Cycloalkane
	NR



	1-Undecanol
	Alcohol
	Waxy/Fresh/Rose/Soapy/Citrus



	2-(4-methylphenyl)-Indolizine
	Heterocyclic aromatic
	NR







* Associated aromas were obtained from The Good Scents Company [24] and da Costa et al. [25]. Abbreviations: NR: not reported.
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Table 2. Accuracies and performance for Models 1 and 2 using artificial neural network pattern recognition.
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Stage

	
Samples

	
Accuracy

	
Error

	
Performance

(Model 1: MSE;

Model 2: Cross-Entropy)






	
Model 1 Inputs: Near-infrared absorbance values (Classification)




	
Training

	
107

	
100%

	
0.0%

	
<0.01




	
Testing

	
46

	
91.3%

	
8.7%

	
0.01




	
Overall

	
153

	
97.4%

	
2.6%

	
-




	
Model 2 Inputs: electronic nose voltage values (Classification)




	
Training

	
356

	
89.0%

	
11.0%

	
0.02




	
Validation

	
77

	
79.2%

	
20.8%

	
0.04




	
Testing

	
77

	
81.8%

	
18.2%

	
0.04




	
Overall

	
510

	
86.5%

	
13.5%

	
-








Abbreviations: MSE: means squared error.
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Table 3. Correlation coefficients and performance for Models 3 and 4 using artificial neural network regression algorithms.
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Stage

	
Samples

	
Observations

	
Correlation Coefficient

(R)

	
Slope

	
Performance

(MSE)






	
Model 3 Inputs: Near-infrared absorbance values (Regression)




	
Training

	
107

	
1712

	
0.98

	
0.96

	
2.29 × 1010




	
Validation

	
23

	
368

	
0.91

	
0.89

	
13.83 × 1010




	
Testing

	
23

	
368

	
0.94

	
0.84

	
12.69 × 1010




	
Overall

	
153

	
2448

	
0.96

	
0.92

	
-




	
Model 4 Inputs: electronic nose voltage values (Regression)




	
Training

	
357

	
5712

	
0.95

	
0.90

	
7.45 × 1010




	
Testing

	
153

	
2448

	
0.90

	
0.88

	
16.98 × 1010




	
Overall

	
510

	
8160

	
0.93

	
0.90

	
-








Abbreviations: MSE: means squared error.
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