
  
 

Published/ publié in Res Militaris (resmilitaris.net), vol.12, n°4, December Issue 2022 

Detection of adulteration of alcoholic beverages using near 

infrared hyper spectral imaging 

By 

Achiraya Tantinantrakun 

Department of Food Science, Faculty of Food-Industry, King Mongkut’s Institute of 

Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Email: 63608025@kmitl.ac.th  

Kittithanon Suwapanichkittikorn 

Department of Food Science, Faculty of Food-Industry, King Mongkut’s Institute of 

Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Keivalin Jindaruang 

Department of Food Process Engineering, Faculty of Food-Industry,King Mongkut’s Institute 

of Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Chantharalak roekkathok 

Department of Food Process Engineering, Faculty of Food-Industry,King Mongkut’s Institute 

of Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Pradit Kiawphan 

Department of Food Process Engineering, Faculty of Food-Industry,King Mongkut’s Institute 

of Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Rachit Suwapanich 

Department of Food Science, Faculty of Food-Industry, King Mongkut’s Institute of 

Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Anthony Keith Thompson 

Cranfield University, College Road, Cranfield, Bedford, MK43 0AL, United Kingdom 

Email: keiththompson28@yahoo.com  

Sontisuk Teerachaichayut 

Department of Food Process Engineering, Faculty of Food-Industry,King Mongkut’s Institute 

of Technology Ladkrabang, Chalongkrung Road, Ladkrabang, Bangkok 10520, Thailand 

Email: sontisuk.te@kmitl.ac.th  

Abstract 

Adulteration of alcoholic beverages creates problems to both commerce and 

consumers. A rapid, accurate and reliable technique for detecting the adulterated of alcoholic 

beverages would be highly beneficial. Near infrared hyperspectral imaging (NIR-HSI) in the 

wavelength range of 935-1720 nm was tested in order to predict the adulteration in alcoholic 

beverages by quantitative and qualitative analysis. Denaturalization of an alcoholic beverage, 

using a blend of ethanol with isopropyl alcohol (EI), was tested as an adulterant in this study. 

It was added into an alcoholic beverage at various percentages. For quantitative analysis, partial 

least squares regression (PLSR) was used to develop the calibration model for predicting the 

percentage EI in the adulterated beverages. Smoothing spectral pretreatments were tested for 

establishing the calibration model. Accuracy for EI prediction gave a correlation coefficient 
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(Rp) of 0.852 and root mean square error of calibration (RMSEP) of 18.25%. For qualitative 

analysis, partial least squares-discriminant analysis (PLS-DA) was used to develop the 

classification model for discriminating the pure alcoholic beverages from the adulterated 

alcoholic beverages. The smoothing and standard normal variate transformation (SNV) 

spectral pretreatment was used for establishing the classification calibration model. Accuracy 

of classification using leave-one- out cross-validation (LOOCV) was 90.71%. Therefore, it was 

concluded that NIR-HSI has potential to be used for both the prediction of EI in adulterated 

alcoholic beverages as well as the level of contamination. 

Index Terms— calibration, prediction, model, quantitative, qualitative, isopropyl alcohol 

Introduction 

Many types of alcohol have been used by mankind from time immemorial for medical, 

industrial and leisure purposes. All alcohols are toxic to some degree, depending on the type 

and amount consumed, also tolerance to toxicity varies between people. Ethanol is the alcohol 

used in drinks, which is produced from fermentation of sugars, followed by distillation for 

spirits. Other alcohols are used for other purposes, for example isopropanol and methanol are 

applied externally to people to control ailments and ethylene glycol is used in cars as an 

antifreeze. Adulteration of alcoholic beverages is a centuries old problem [1], [2]. [3] reported 

that in Mexico authorities were searching for the source of adulterated alcohol that had recently 

killed 46 people, who had bought and drunk the spirit to celebrate Mother's Day and to attend 

a funeral. [4] reported that spirits, which had been adulterated with methanol, resulted in the 

deaths of many people in India, China and Malaysia. In 1985, several Austrian companies 

illegally adulterated their wines with diethylene glycol to make them appear sweeter and more 

full-bodied. In Thailand alcoholic beverages have been contaminated with isopropyl alcohol, 

which is commonly used, often combined with ethanol, as an anti-bacterial agent for 

sterilization surfaces such as instruments, tools and human [5]. Mass spectrometry was reported 

to be a method of detecting congeners in whiskey, but its use is destructive, expensive and time 

consuming [6]. Therefore, a non-destructive fast accurate and reliable technique for detecting 

the adulteration in alcoholic beverages would be a great asset to the industry as well as ensuring 

safety for the consumer. 

There are research reports that studied non-destructive techniques to detect the 

adulteration in liquid foods, such as olive oil by using  mid-infrared, UV–visible and 

fluorescence spectroscopy [7], sesame oil by using fluorescence spectroscopy [8], flaxseed oil 

by using near-infrared spectroscopy [9], mustard oil by using Fourier transform infrared 

spectroscopy [10], coconut oil by using Fourier transform infrared spectroscopy [11], [12] 

honey by using nuclear magnetic resonance [13] and grape syrup by using dielectric 

spectroscopy [14]. 

NIR-HSI, a non-destructive technique combines spectral spectroscopy and image 

processing. NIR-HSI has been successfully used for detecting the quality of various foods non-

destructively including: hens’ eggs [15], cakes [16], limes [17], kiwifruit [18], [19], tomatoes 

[20], mulberry [21], grapes [22], loquat fruit [23], strawberries [24],  oranges [25], peanuts 

[26], wheat kernels [27], maize [28], okra [29] and  cheese [30]. NIR-HSI can also be used to 

analyze the distribution of chemical within samples and was used for detecting the adulteration 

in tapioca starch [31]. Therefore NIR-HSI was tested for use in detecting adulteration in 

alcoholic beverages in this study. 
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Materials and Methods 

Samples preparation 

A good brand name vodka (containing 40% ethanol) were purchased from a reliable 

liquor stores that were used as the alcoholic beverages in this study. The contaminant, ethanol 

with isopropyl alcohol (EI) was prepared by mixing 99.9% ethyl alcohol and 99.9% isopropyl 

alcohol in the ratio of 99 to 1 (v/v). For quantitative analysis, EI was adjusted to the same 

concentration as the vodka and the EI was added to the vodka in different concentrations from 

0 to 100% (v/v). 120 samples were used for quantitative analysis. Samples of vodka (n=20) 

were prepared from different bottles, giving the total number of samples of 140 for qualitative 

analysis. Each sample was placed in a glass bottle, which was closed with a cap and rubber 

seal and stored in an air-conditioned room at 25°C about 24 hours, then 3 mL of each sample 

was poured into a transflectance cup for measurement. 

Spectral Data Acquisition 

Each sample was scanned using a push-broom-laboratory-based sisu CHEMA system 

with a hyperspectral camera (Specim Fx17, Spectral Imaging Ltd, Oulu, Finland) in the 

wavelength range of 935–1720 nm at the scanning speed of 15 mm/s. A dark reference was 

measured while the shutter was closed and the black lid was covered on the camera. A white 

reference was measured before every scanning using a Spectralon bar. 

Data analysis 

For quantitative analysis, the total number of samples (n=120) were divided into 2 sets: 

a calibration set (n=80) and a prediction set (n=40). The calibration set was used for 

establishing the calibration model using partial least squares regression (PLSR). The dependent 

variables were the percentage of EI that was added to the vodka and the independent variables 

were the spectra of the samples. Spectral pretreatment methods (smoothing, 1st derivative, 2nd 

derivative, standard normal variate (SNV), multiplicative scatter correction (MSC) and combined 

methods) were used in order to obtain the optimal conditions, by testing the correlation 

coefficient of cross validation (Rcv), the root mean square error of cross validation (RMSECV) 

and latent variables (LV). The performance of the calibration model was determined from the 

correlation coefficient of calibration (Rc), the root mean square error of calibration (RMSEC) 

and the LV. The accuracy of the calibration model was determined from the correlation 

coefficient of prediction (Rp), the root mean square error of prediction (RMSEP) and the LV.  

For qualitative analysis, the total number of samples (n=140) were divided into 2 

groups. The first group was the pure samples (n=20), which were assigned as ‘‘pure’’ with the 

number of 0. The second group was the adulterated samples (n=120) were assigned as 

“adulterated” with the number of 1. The dependent variable was then either 0 or 1 (‘‘pure’’ or 

“adulterated”) while independent variables were the spectra of each sample The spectral 

pretreatment methods (smoothing, 1st derivative, 2nd derivative, SNV, MSC and combined 

methods) were determined in order to obtain the best classification model. 

Partial least squares discriminant analysis (PLS-DA) was carried out in order to establish 

a classification model. The cut off value was 0.5. The samples that had the predicted value of 

less than 0.5 were classified as ‘‘pure’’ and the samples that had a predicted value of 0.5 or more 

were classified as “adulterated”. The accuracy of the classification model was determined by the 

percentage of correct predictions in both groups using LOOCV. Data were analyzed using the 

Unscrambler X Version 10.5.1 (CAMO, Osla, Norway). 
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Result and Discussion 

Spectra of samples 

Spectra of the sample images acquired in the area of 100 x 100 pixels was allocated as 

the region of interest (ROI), which were selected for each sample. The ROI were then averaged 

and used as a representative of each sample. The acquired absorbance spectrum of each sample 

from ROI was ploted (Fig. 1) and its average absorbance spectrum in the wavelength range 

between 935-1720 nm was used as the independent variable of each sample for analysis. 

The absorbance spectra of EI samples, adulterated vodka and pure vodka were averaged 

and the spectral feature of the average absorbance spectra of three groups was compared (Fig. 

2). The average absorbance spectra of three groups showed similar peaks but their absorbance 

at around 1690 nm were different. Normally, the original absorbance spectra contained spectra 

of components would overlap, but there were clear peaks of the original spectra clearly showing 

the peaks of the main components of the samples. The main peak of the original spectra showed 

in the range of 1460-1600 nm, which had previously been shown to be associated with the 

hydrogen bands of alcohols (Workman, & Weyer, 2012). The peak at around 1454 nm has also 

previously been shown to be associated with the first overtones of O-H stretching of water and 

ethanol [32] with a peak at around 1685 nm indicating the second overtones of C-H stretching 

and was shown to be associated with aromatic groups [33]. 

  
Fig.1. The average absorbance spectra of samples 

 
Fig.2. The average absorbance spectra of groups: EI samples, adulterated vodka and pure 

vodka 
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Quantitative analysis 

For quantitative analysis, the samples were separated into the calibration and the 

prediction sets. The details of samples in each set, added to various ratio of EI are shown in 

Table 1. The values of the dependent variable (percentage of EI of samples) in the prediction 

set were in the range of the calibration set and the standard deviation of EI percentage of 

samples in the calibration set and the prediction set was similar. 

Table 1 Details of added- EI samples in the calibration set and prediction set 

Item Calibration Prediction 

Number of samples 80 40 

Range (%) 100-0 100-0 

Mean (%) 42.53 42.2 

Standard deviation (%) 34.45 34.77 

Table 2 PLSR models using various spectral pretreatment methods for predicting percentage 

of EI in the wavelength range of 935-1720 nm. 

No. 
Spectral 

pretreatments 
LV R RMSECV (%) 

1 original 11 0.792 21.82 

2 smoothing 9 0.848 18.17 

3 1st Derivative 2 0.420 31.36 

4 2nd Derivative 3 0.518 29.93 

5 MSC 9 0.631 29.14 

6 SNV 11 0.671 27.60 

7 smoothing + SNV 7 0.791 21.02 

LV = latent variables, Smoothing =Savitzky-Golay smoothing, 1st derivative = 

Savitzky-Golay first derivative differentiation, 2nd derivative = Savitzky-Golay second 

derivative differentiation, MSC = multiplicative scatter correction, SNV = standard normal 

variate transformation, R = correlation coefficient, RMSECV = root mean square error of cross 

validation. 

The smoothing pretreatment method gave the best results for establishing the 

calibration model for predicting EI percentage in the region of 935-1720 nm (Rcv= 0.848, 

RMSECV= 18.17%) (Table 2). Therefore, the spectral pretreatment using smoothing was used 

to establish the calibration model for predicting EI percentage in this study.  

Table 3 PLSR model for predicting the percentage of EI in the calibration set and the 

prediction set by spectra in the region of 935-1720 nm.  

Pre 

treatment 
LV 

Calibration Prediction 

n Rc RMSEC (%) n Rp RMSEP  (%) 

Smoothing 9 80 0.921 13.31 40 0.852 18.25 

n = the number of samples, LV = latent variables, Rc =the correlation coefficient of 

calibration, Rp =the correlation coefficient of prediction RMSEC represent root mean square 

error of calibration, RMSEP represent root mean square error of prediction. 

The calibration model for predicting EI percentage gave good correlation (Table 3) with 

the PLSR model in the calibration set having Rc= 0.924 and RMSEC= 13.31% and in the 

prediction set having Rp= 0.852 and RMSEP= 18.25%. 
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Fig. 3. The scatter plot of actual and predicted values of EI percentage using the PLSR 

model.  

The predicted values of percentage of EI from the PLSR model by spectra in the region 

of 935–1720 nm were compared with the actual values of the percentage of EI in the calibration 

set (Fig. 3a) and in the prediction set (Fig. 3b). The results showed that the PLSR model had 

good performance and accuracy for predicting percentage of EI. Therefore. It was clear that 

using NIR-HSI showed a potential for use in detecting percentage of EI that had been added to 

vodka. 

Qualitative analysis 

Absorbance spectra of samples of both adulterated and non-adulterated vodka were 

used for qualitative analysis. The scores for the plots of the PC1 and PC2 using spectral 

information of adulterated and non-adulterated vodka showed that the two clusters were 

completely separated, with the variation for PC1 and PC2 at 96% and 4%, respectively (Fig. 

4).  

 
Fig. 4. Principle component analysis of adulterated vodka and non-adulterated vodka 

(a) (b) 
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Table 4 Leave-one-out cross-validation of classification models by various spectral 

pretreatment methods in the wavelength range of 935-1720 nm. 

Spectral 

pretreatments 
n 

 Pure Adulterated 
Overall 

Accuracy (%) LV correct Incorrect correct Incorrect 

Original 140 3 8/20 12/20 115/120 5/120 87.86 

Smoothing 140 11 10/20 10/20 114/120 6/120 88.57 

1st Derivative 140 3 9/20 11/20 116/120 4/120 89.29 

2nd Derivative 140 3 8/20 12/20 115/120 5/120 87.86 

MSC 140 3 8/20 12/20 117/120 3/120 89.29 

SNV 140 3 8/20 12/20 117/120 3/120 89.29 

Smoothing + 1st 

Derivative 
140 3 9/20 11/20 117/120 3/120 90.0 

Smoothing + 

MSC 
140 8 10/20 10/20 116/120 4/120 90.0 

Smoothing + 

SNV 
140 7 10/20 10/20 117/120 3/120 90.71 

n = the number of samples, LV = latent variables, Smoothing =Savitzky-Golay 

smoothing, 1st derivative = Savitzky-Golay first derivative differentiation, 2nd derivative = 

Savitzky-Golay second derivative differentiation, MSC = multiplicative scatter correction, 

SNV = standard normal variate transformation. 

The combined methods of spectral pretreatment including smoothing and SNV gave 

the best results (90.71%) (Table 4). The results of PLS-DA using the classification model had 

an accuracy of 93.57% by calibration and 90.71% by LOOCV (Table 5). 

Table 5 Classification model by PLS-DA in the calibration set and the prediction set  

Item The calibration set LOOCV 

N 140 140 

Wavelength (nm) 935-1720 935-1720 

Spectral pretreatment Smoothing + SNV Smoothing + SNV 

LV 7 7 

Pure group 
Correct 12/20 10/20 

Incorrect 8/20 10/20 

Adulterated group 
Correct 119/120 117/120 

Incorrect 1/120 3/120 

% Overall accuracy 93.57 90.71 

n = the number of samples, LV = latent variables, LOOCV= Leave-one-out cross-

validation, Smoothing =Savitzky-Golay smoothing, SNV = standard normal variate 

transformation. 
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Fig. 5. The scatter plot of actual and predicted values for classification of pure vodka (0) and 

adulterated vodka (1): (a) calibration and (b) LOOCV 

The predicted and actual values for classification of non-adulterated vodka (0) and 

adulterated vodka (1) from the classification model, using PLS-DA by spectra in the region of 

935-1720 nm were compared with the cut off value of 0.5, which showed that the classification 

model had good accuracy for classification (Fig. 5). The performance classification model by 

calibration was 93.57% (Fig. 5a) and the accuracy of prediction was 90.71% (Fig. 5b) by testing 

with the model using LOOCV. This showed that NIR-HSI had potential for use in the 

identification of adulteration in vodka. 

Conclusion 

It is concluded that near infrared hyperspectral imaging could be successfully used to 

quantitatively predict the percentage of EI in adulterated vodka. The method used was to 

establish the calibration model using partial least squares regression. Smoothing spectral 

pretreatment gave the best results for establishing the calibration model (with transformation 

spectral pretreatment being the optimum) for establishing the classification model with 

accuracy of 90.71%. Using partial least squares-discriminant analysis, gave an accuracy 

(Rp=0.852 and RMSEP =18.25%). Therefore, it is concluded that near infrared hyperspectral 

imaging could be used for detecting ethyl alcohol with isopropyl alcohol in adulterated vodka. 
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