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Abstract: Due to the significant price difference, expensive oils like olive oil are often blended with 
cheaper edible oils. This practice of adulteration in edible oils, aimed at increasing profits for 
producers, poses a major concern for consumers. Furthermore, adulteration in edible oils can lead 
to various health issues impacting consumer well-being. In order to meet the requirements of fast, 
non-destructive, universal, accurate and reliable quality testing for edible oil, the oblique-incidence 
reflectivity difference (OIRD) method combined with machine learning algorithms was introduced 
to detect a variety of edible oils. The prediction accuracy of Gradient Boosting, K-Nearest Neighbor, 
and Random Forest models exceeded 95%. Experimental results indicate that the OIRD method can 
serve as a powerful tool for detecting edible oils.  

Keywords: oblique-incidence reflectivity difference; edible oils; machine learning; feature 
importance scores 

 

1. Introduction 

The edible oil plays an important role in our daily life, such as providing essential fatty acids, 
vitamins, and health promoting ingredients. The annual consumption of edible oil is huge, which 
reflected the importance of edible oil safety. Due to the influence of raw materials, there is a 
significant price difference among different types of edible oils. Besides, differences in brand, source 
of raw materials, and processing techniques resulted in the variations of ingredients and prices. 
Unscrupulous profit motives have led some businesses to deceive consumers by selling substandard 
products. Therefore, the safety testing of edible oil is of great importance in food safety assessment. 

There are several procedures to research the edible oil in food safety field, such as flash gas 
chromatography[1–3], TaqMan real-time quantitative polymerase chain reaction[4], gas 
chromatography ion mobility spectrometry[5,6] and electrochemical impedance spectroscopy[7]. 
Combined with chemometrics, flash gas chromatography had been used to assess volatile profiles of 
berry seed oils in terms of the authenticity and the deterioration assessment. The partial least squares 
model was used to predict storage time, and the results demonstrated that the coefficient of 
determination (R2) was between 0.842 and 0.969.1 .Moreover, gas chromatography ion mobility 
spectrometry was employed to analyze the secondary oxidative, in order to monitor edible oil 
rancidity and oxidative stability. The predictive model for the peroxide value of rapeseed oil was 
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established to research the relationships between peroxide values and the contents of secondary 
oxidative products. Besides, non-destructive ultrasonic method was used to investigate the 
temperature-dependent of acoustic parameters of edible oils. As oil temperature ranged from 24 ℃ 
to 34 ℃ , acoustic parameters were closely related to the velocity, attenuation, and frequency 
components present in 2.25 MHz ultrasonic waves.[8] 

Recently, with advantages of rapid, collimated and non-contact, optic methods have been widely 
used in edible oil detection. Fourier Transform Infrared spectroscopy was used to monitor the 
thermal stability of pure sesame oil and a linear correlation was obtained between the FTIR signals 
at different conditions and the proportion of pure sesame oil with the root mean square of prediction 
(RMSEP) between 0.8802 and 2.3827 and R2 between 0.9841 and 0.8834, respectively.[9] Besides, 
surface-enhanced Raman spectroscopy, combined with Artificial Neural Network, was used for 
determination of peroxide value and fatty acid composition with a accuracy of 99%.[10] In addition, 
fluorescence spectroscopy[11–14], reflectance spectroscopy[15–17] and terahertz spectroscopy[18–21] 
have been also used in edible oil measurement.  

In this work, the oblique-incidence reflectivity difference (OIRD) method was proposed for 
edible oil detection. The prediction model was performed based on four different algorithms, which 
included Extreme Gradient Boosting, Logistic Regression, K-Nearest Neighbor and Random Forest. 
The predicted results showed a clear correspondence with the content of monounsaturated fatty 
acids. Moreover, the contribution of OIRD signals was significantly higher than that of direct current 
signals and fundamental frequency signals. Experimental results suggested that OIRD offers a useful 
tool to detect edible oil.  

2. Materials and Methods 

In this work five types of edible oils, with six brands for each type, were used for testing. The 
information of edible oil samples was shown in Table 1. 

Table 1. Edible Oil Sample Information. 

Types of Edible Oils Oil 1 Oil 2 Oil 3 Oil 4 Oil 5 
corn oil corn oil 1 corn oil 2 corn oil 3 corn oil 4 corn oil 5 
olive oil olive oil 1 olive oil 2 olive oil 3 olive oil 4 olive oil 5 

peanut oil peanut oil 1 peanut oil 2 peanut oil 3 peanut oil 4 peanut oil 5 
rapeseed oil rapeseed oil 1 rapeseed oil 2 rapeseed oil 3 rapeseed oil 4 rapeseed oil 5 
Soybean oil Soybean oil 1 soybean oil 2 soybean oil 3 soybean oil 4 soybean oil 5 

The schematic diagram of the experimental setup for the OIRD was shown in Figure 1. The He-
Ne laser was adopted with a power of 3.8 mW and polarization ratio of 500:1. The laser operated at 
an incident angle corresponded to the Brewster angle (58°) with a 632.8 nm beam. Moreover, the 
incident light intensity was adjusted using an attenuator. The polarization degree was enhanced 
using a polarizer to modulate the laser into p-polarized light. The polarization state of the laser was 
further adjusted by a photo-clastic modulator to introduce s-polarized light at a frequency of 50 kHz. 
Thus, the s-polarized light and p-polarized light alternately exited the system. Quarter-wavelength 
Phase shifter introduced a fixed phase difference between the two polarized components of the 
incident light. The reflected light was focused on the sample using a plano-convex lens. The reflected 
beam passed through an optical beam splitter, transformed into parallel light by another plano-
convex lens, and then reached a silicon photodetector through a polarizer to suppress unwanted 
polarization. The signal was transmitted via a BNC cable to a lock-in amplifier for further processing. 
According to the Fresnel principle, when laser light is incident on the sample surface at a fixed angle 
(Brewster angle), the composition, structure, and density of the sample surface will affect the interface 
dielectric constant, thereby influencing the laser reflectance.  
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Figure 1. Schematic Diagram of OIRD. 

According to the Fresnel principle, when laser light is incident on the sample surface at a fixed 
angle (Brewster angle), the composition, structure, and density of the sample surface will affect the 
interface dielectric constant, thereby influencing the laser reflectance. The OIRD technique introduces 
two alternately emitted, mutually perpendicular linearly polarized lights (p and s) to the sample 
surface. It detects changes in the properties of the sample interface layer, such as thickness and 
dielectric constant. The Oblique-incidence reflectivity difference is defined as: 

0 0

0 0 0 0

p p p ps s s

p s p s

r r rr r rs
r r r r

δ δ− −Δ − Δ = − = −
 

(1)

Using the transfer matrix method allows for a quantitative analysis of the interaction process 
between light and matter, subsequently enabling the calculation of the reflection coefficients rp and 
rs for p-polarized and s-polarized light on the sample. By incorporating equation (1), a quantitative 
expression for the Optical Interference Reflectance Difference (OIRD) signal in relation to the physical 
properties of the sample can be derived. 
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In this context, where λ  represents the wavelength of the incident laser, incϕ  denotes the 

incidence angle of the probing laser, and d  signifies the thickness of the interface layer, while 0ε
、

dε  and sε  respectively represent the dielectric constants of the overlying layer, interface layer, and 
substrate. According to the Optical Interference Reflectance Difference (OIRD) monitoring 
mechanism, based on the direct current signal and the fundamental frequency signal (modulation 
frequency at 50 kHz) output by the lock-in amplifier, the difference in relative changes in laser 
reflectance can be obtained: 

1

1 ( )Im( )
2 ( ) DC

Ip s
J Iπ

 ΩΔ − Δ ≈  
   

(3)

When the modulation frequency is fixed, the x-th order Bessel function ( )xJ A  becomes a constant. 

Combined with equation (3), when the incident light wavelength λ  and the incidence angle incϕ  
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are constant, and the dielectric properties of the overlying layer and substrate are known, the Optical 
Interference Reflectance Difference (OIRD) technique can quantitatively detect the interface thickness 
and dielectric properties. 

To ensure the edible oil samples remained relatively stable over time, the single-point dynamic 
monitoring mode of the OIRD testing system was employed, and the estimated duration of each 
experimental test was set between 120 and 150 seconds. The output data was formatted as a 2n×2 text 
document. The direct current signal IDC and the fundamental frequency signal I(Ω=50 kHz) were 
acquired through the lock-in amplifier. Subsequently, the OIRD signal was derived, and these three 
signals were employed as features for modeling analysis.  

The physical properties were investigated by introducing laser into liquid samples and 
exploring the differences in reflectance values at the interface. However, scattering inevitably 
occurred in this process. Multi-scattering correction (MSC), as a data processing method, was 
designed to eliminate the influence of different scattering levels in the sample, which effectively 
enhanced data correlation and corrected the baseline shift and offset phenomena in the data by using 
ideal OIRD data. In this experiment, it was assumed that the average value of the OIRD data serves 
as the ideal OIRD data. 

The resistance of multiple scattering correction to signal noise was limited. Thus, it cannot 
completely eliminate the scattering noise in the data. Moreover, OIRD signal was susceptible to 
external noise signals. Savitzky-Golay (S-G) smoothing algorithm was suitable for data 
preprocessing. S-G smoothing algorithm performed low-pass filtering on information to remove 
high-frequency components, which can effectively retain low-frequency information.[22] Therefore, 
the noise was significantly suppressed.  

In this work, four machine learning algorithms, including eXtreme Gradient Boosting (XGBoost), 
Random Forest (RF), Logistic regression (LR) and K-Nearest Neighbors (KNN), were employed in 
the data processing section to assist us in classification and feature importance scoring.XGBoost was 
an algorithm based on the Gradient Boosting Decision Tree (GBDT). In each iteration, GBDT learned 
a CART tree, fitting the difference between the predicted values of the preceding (t-1) trees and the 
true values of the training set.[23–25] The Random Forest algorithm combines Breiman's "Boot-strap 
aggregating" idea with Ho's "random subspace" method. RF was a classifier composed of multiple 
decision trees, and its output category was determined by the majority class among the individual 
tree outputs.[26,27] Logistic regression was a linear model derived from the exponential distribution 
family. It assumes that given the input X, the output Y follows a Bernoulli distribution. By introducing 
the Sigmoid function as a non-linear factor, logistic Regression was widely used in classification 
problems.[28,29] The K-Nearest Neighbors classifier was an online classifier that, during 
classification, identifies the K samples in the training set that are closest to the test sample and 
determines the class of the test sample based on these neighbors.[30] 

3. Results and Discussions 

The OIRD time-domain signal was described in Figure 2. The signal of single sample exhibited 
stability, while there were significant differences in OIRD signals among different edible oil samples. 
For corn oil 1, the OIRD signal Im(Δp-Δs) ranged from 0.2878 to 0.288. The Im(Δp-Δs) of corn oil 2 
changed from 0.2851 to 0.2853. Moreover, the Im(Δp-Δs) of oilve oil 1, peanut oil 1, rapeseed oil 1, 
soybean oil 1 fluctuated around 0.2882, 0.2869, 0.2843 and 0.2864, respectively.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 April 2024                   doi:10.20944/preprints202404.0285.v1



 5 

 

 
Figure 2. The temporal signals of OIRD for 30 edible oil samples. 

The average imaginary signals Im(Δp−Δs) were described in Figure 3. Except for the significantly 
lower OIRD signals of olive oil samples, it was hardly to distinguish different edible oil samples. This 
may be attributed to the considerably higher content of monounsaturated fatty acids in olive oil 
compared to others, leading to a lower dielectric constant in the interface layer of olive oil[31], 
consequently exhibiting a lower OIRD response. The fatty acid contents of different edible oils were 
shown in Table 2. 

Table 2. the fatty acid content in edible oils. 

Reference table for the fatty acid content in edible oils (%) 

edible oils Saturated fatty 
acids 

Monounsaturated fatty acids Polyunsaturated fatty acids 

Oleic acid (Ω-9) Linoleic acid (Ω-
6) 

Alpha-linolenic acid 
(Ω-3) 

corn oil 10-13 20-25 50-60 4-6 
olive oil 9-11 67-75 10-15 0-3 

peanut oil 17-18 30-40 30-40 0-3 
rapseed oil 5-10 40-60 10-20 5-8 
Soybean oil 10-13 20-25 55-60 4-6 
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Figure 3. The average OIRD signal of edible oil samples. 

The average OIRD signal was taken as the ideal OIRD signal, and a multivariate scatter 
correction was applied to all OIRD data. This correction involved baseline shift and offset correction 
of the data based on the ideal OIRD data. Subsequently, the data after multivariate scatter correction 
were subjected to the S-G smoothing process. After iteratively comparing different parameter 
combinations for the smoothing model, the polynomial order and the number of smoothing points 
were set as 7 and 299 in order to achieve the best smoothing effect. The preprocessing effectively 
eliminated the influence of different scattering levels in the samples and removed external high-
frequency noise. Figure 4a–e displayed the OIRD signals of corn oil, olive oil, peanut oil, rapeseed oil 
and soybean oil after preprocessing, respectively. 

 

Figure 4. The OIRD temporal signals of five edible oils after preprocessing with S-G+MSC. 

DC signal, fundamental frequency signal, and OIRD signal were selected as features in the 
experiment. The experiment adopted single-point dynamic scanning, and the continuous signal 
collection for each sample lasted for 120-150 seconds. To ensure the reliability of the results, six oil 
samples from different origins and brands were collected for each type of edible oil. Finally, 
approximately 50,000 stable sample points were selected for each type of edible oil as the dataset, in 
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which 35,000 sample points was used for training and the others for prediction. Confusion matrices 
and prediction results were described in the Figures 5 and 6. It can be observed that except for LR, 
the accuracy of the other models in predicting the types of edible oils exceeds 95%. The lower 
accuracy of the LR model may be attributed to the complex relationships and interactions present in 
the interface layer dielectric constant and interface layer thickness, which are not simply linear. 
Additionally, the LR model exhibited limitations in handling continuous and discrete features, which 
resulted in suboptimal classification performance. 

 
Figure 5. Confusion matrices for predicting the types of edible oils using four models. 
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Figure 6. Accuracy of edible oil type prediction. 

The predictive performance of XGBoost among the four models is exceptionally good, with an 
accuracy exceeding 97% for all types of edible oils. As a gradient boosting algorithm, XGBoost 
improved model performance by ensemble learning from multiple decision trees. And then, non-
linear relationships can be analyzed by XGBoost algorithm in order to achieve excellent predictive 
results. Due to external noise and potential data loss in the test, XGBoost algorithm was used to 
handle missing values, which can enhance the reliability of prediction outcomes. Feature importance 
analysis had been conducted using XGBoost algorithm and the feature importance scores for the three 
signals were shown in the Figure 7. The contribution rates of OIRD signal, DC signal, and 
fundamental frequency signal to the classification results were 45.7%, 34.1%, and 20.2%, respectively. 
Both DC signal and fundamental frequency signal were optical intensity signals received by the 
photodetector and amplified by the lock-in amplifier, which contributed less to the model's predictive 
accuracy. In contrast, the OIRD signal was calculated from the DC and fundamental frequency 
signals according to the principles of OIRD technology, which can be expressed by the following 
relationship equation: 

( )
2

0 0
2 2

1 0 0

( )4 cos sin ( )( )1 ( )
2 ( ) ( ) cos sin

s inc inc d d s

DC ds s inc inc

i dI
J I

π ε ε ϕ ϕ ε ε ε ε
π ελ ε ε ε ϕ ε ϕ

−  − −Ω =  − − 
 (4)

The results indicated that the alone use of either DC or fundamental frequency signals did not 
effectively characterize the samples. However, the OIRD signal can be derived from the ratio of the 
two signals. Under the conditions of a fixed incident angle and modulation frequency of the 
photoelastic modulator, the OIRD signal can reflect both the thickness and dielectric properties of the 
interface layer. Moreover, it can characterize the complex interplay between these two aspects. 
Applying the interface properties to differentiate types of edible oils exhibited high accuracy, which 
can provide a novel method for addressing this issue. 
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Figure 7. XGBoost feature importance scores for predicting the types of edible oils. 

Using single-point dynamic scanning, DC, fundamental frequency and OIRD signals were 
collected from six olive oil samples, which originated from different brands and regions. XGBoost, 
LR, RF and KNN models were employed for quality analysis of the six olive oil samples. Each sample 
underwent continuous signal acquisition for 120–150 seconds. For each type of olive oil, 
approximately 10,000 stable sample points were selected as the dataset, while 7,000 sample points 
were used for training and the others were used for prediction. Confusion matrices and prediction 
results were shown in the Figures 8 and 9. The best-predicted result was for Olive oil2, where all 
models achieved an accuracy exceeding 98%. In contrast, the lowest accuracy was observed for Olive 
oil3, which responded to all three models achieving less than 75% accuracy. Olive oil3 achieved the 
highest monounsaturated fatty acid content among the six brands of olive oil, which responded to 
79%. However, the lowest monounsaturated fatty acid content was 70% referred to Olive oil4. The 
monounsaturated fatty acid content was a crucial indicator for evaluating the quality of olive oil. 
Meanwhile, it was also one of the primary components to distinguish olive oil from other edible oils, 
such as corn oil 28% and sunflower seed oil 23%. Therefore, it is suggested that OIRD method, 
combined with machine learning algorithms, can characterize the quality of olive oil. 
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Figure 8. The confusion matrices for predicting the quality of olive oil using four models. 

 
Figure 9. Accuracy of olive oil quality prediction. 
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Except for Olive oil3, the prediction accuracy for olive oils exceeded 97%. The feature importance 
scores for the three signals were shown in the Figure 10. The contribution rates of OIRD, DC, and 
fundamental frequency signals to the classification results were 63.4%, 18.9%, and 17.6%, 
respectively. The feature importance score of the OIRD signal was significantly higher than that of 
the DC and fundamental frequency signals, indicating the feasibility of evaluating olive oil quality 
based on interface properties. 

 
Figure 10. The feature importance scores for predicting the quality of olive oil using XGBoost. 

Recently, the OIRD technique has been widely used in in monitoring in situ growth of oxide 
films[32–38], preparation of biochips[39–49], exploration of oil and gas resources[50–55]. 
Experimental results suggested that OIRD method can characterize the spatially resolved 
electrochemical reversibility of a polyaniline thin film. The OIRD signal would rise as the 
electrochemical conversion from completely reduced state to partially oxidized state[33]. Moreover, 
the deterioration of the electrochemical reversibility led to the decrease of OIRD signal. OIRD method 
was also been used in scanning of biomolecules, which can realize label-free detection of biological 
molecular interaction. Besides, based on the characterization of wax precipitation, the detection curve 
of OIRD can reveal the wax formation process.[50] In this paper, OIRD signals were used to guide 
models for the identification of edible oils. XGBoost, LR, RF and KNN algorithms were employed for 
quality analysis of the six olive oil samples. The Olive oil2 got the best-predicted result while the 
lowest accuracy was observed for Olive oil3. Besides, OIRD, DC and fundamental frequency signals 
exhibited different contribution rates to the classification results. Going forward, our work lays the 
groundwork for future efforts by researchers to use this work as the starting point for the application 
of OIRD in the characterization of edible oils. 

4. Conclusions 

In this work, OIRD method was used to characterize edible oils. DC signal, fundamental 
frequency signal, and OIRD signal were selected as features to establish prediction models, which 
based on XGBoost, LR, RF and KNN algorithms. The prediction accuracies of XGBoost, RF and KNN 
models all exceeded 95%. Moreover, compared to the fundamental frequency signal and DC signal, 
the contribution rate of the OIRD signal was significantly higher. Experimental results suggested that 
OIRD method can be a useful tool for the measurement of edible oils. 
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