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Abstract: A fast and cost-effective method, based on Fourier Transformed mid-Infrared Spectroscopy 

measurement coupled with chemometric method was developed for determination of ethanol in aqueous solutions at 

room temperature and presence of methanol. In order to facilitate the calibration process, and to minimaze the effects 

of peaks’ overlapping, an appropriate preprocessing of the IR signals was performed. The calibration was performed 

using 43 samples, with accuracy enough high, so that this method can be used in routine determinations of ethanol. 

The model was also tested on a separate set of other 9 validation samples, where it showed great performance with 

R2 of prediction >0.99. Consequently, the procedure can be used as a fast and reliable determination of ethanol in 

aqueous solutions containing methanol as a second alchohol. The method can therefore find application in different 

areas of the chemical and food industry, avoiding use of chemicals, consumatives or expensive equipment as HPLC. 

In fact, this approcach could be used in other applications where distinguishable signals in FTIR exist, as for example 

quality control in production of fuels, essential oils, biodiesel, drugs etc.  
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INTRODUCTION 

Liquid aqueous mixtures of ethanol and methanol are frequently met in the industrial 

practicies: distillation processes, production of fuel ethanol from bioethanol and its dilution with 

the cheaper methanol, fermentation processes in food and beverage industries, production of 

technical and household cleaners, automotive liquids. The determination of the ethanol in such 

liquids is important from the quality control point of view. The ethanol quantification in such 

mixtures is traditionally performed by gas chromatography, near infrared spectroscopy coupled 

with partial least squares (PLS) regression (Meng, Q.F., 2005), electrochemical methods with 

enzyme electrodes (Belghith H., 1987).  

Today’s laboratory instruments produce a huge amount of data. It is not uncommon for 

processes to have hundreds or thousands of measured variables. Some analytical instruments 

measure thousands of variables. For instance, in a typical FTIR spectrometer, the absorbance is 

measured at over 2000 - 3000 frequencies. Chemical processes are becoming more heavily 

instrumented and the data are recorded more frequently. Furthermore, in the presence of noise 

signals, it would be desirable to take advantage of some sort of signal averaging or preprocessing 

(Wise B, 2006). Not surprisingly, in the last two decades the chemometric methods continued to 

spread rapidly, providing efficient tools for analyzing large amounts of data, produced by different 

chemical analytical methods. In addition, the computers became very fast and inexpensive, giving 

us the possibility to process the experimental data quickly and accurately. Nowadays the use of 

Fourier transformed (FT) near infra red (NIR) or mid infra red (IR) spectroscopy coupled with 

some regression model, as for example Artificial Neural Networks (Agatonovic-Kustrin, 2013), 

single or multiple linear regression, partial least squares regression (Sim S.F., 2018) becomes more 

and more accepted and applied for online and fast analysis in chemical and food industry. Based 

on previous experience, and having in mind the possibilities and limitations of the PLS method - 

described later, ths work deals with application of mid-IR FT spectroscopy combined with PLS 

regression. In contrast with the most used analytical methods for determination of ethanol, this 

approach eliminates the use of solvents or pretreatment of the sample, and is fast, relatively 

inexpensive and simple analysis.  
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Nowadays, the pre-processing methods of experimental data, as well the theorie of PLS 

regression, are well developed and tested in many different areas as FTIR, NIR, NMR, UV-VIS, 

and even non-chemical systems (Faber N.M., 2003; Wold S., 2001; Rinnan A.,2009). This fact, as 

well the general trend to implement more IT based knowledge is the reason to focus on this 

technique in this work. In general, PLS regression is recommended and used in various disciplines 

where predictive linear modeling, especially with a large number of predictors, is necessary. There 

are some examples in the literature regarding use of FTIR or NIR and chemometrical methods for: 

determination of ethanol in water, mainly in alcohol beverages (Debebe A., 2017; Anjos O., 2016; 

Ramasami P., 2005); ethanol and methanol in fuels (Fernandes H. L.,2008); ethanol in gel hand 

sanitizers (Fonseca F. S. Jr., 2020); ethanol in presence of methanol in aqeous solutions (Meng 

Q.F., 2005; Coldea T. E., 2013). In this article we aim to develop an efficient and cost-effective 

method for fast determination of ethanol in presence of methanol based on a simple FTIR spectrum 

measurement. This could find application in routine laboratory analysis of ethanol containing 

products such as gel sanitizers, antifreezes, cleaners, alcochol beverages, fermentation processes. 

The approach could be used in other fields of laboratory practise where fast determination of the 

target substance is needed, with the prerequrement that it has enough strong and clearly 

distinguishable signal in FTIR or NIR spectra.  

 

EXPOSITION 

Reagents, apparatus and raw FTIR spectra  

All IR spectra of the ethanol samples were recorded with FTIR-ATR PerkinElmer FT-IR 

Spectrometer Frontier. The use of attenuated total reflectance (ATR) technique has some 

advantages – small sample volume, speed of the analysis of no more than one minute, data 

reproducibility and very simple instrument operation. With this technique, the IR beam first passes 

through a internal reflection element (crystal) and after this goes into the sample, with a penetration 

depths of several micrometers. This gives more reproducibility in comparison to the transmission 

case, and minimazes effects related to air bubles and other non homogenities. The spectra were 

taken in the region 3900 – 580 cm-1, with resolution of 4cm-1, and accumulation of 4 scans, 

although for the data regression analysis only a part of it was selected. The crystal of the ATR unit 

is diamond/ZnSe, and all spectra were with suppressed CO2 / H2O absorption. Using a small 

vertical plastic tube mounted above the ATR diamond it was ensured that all its surface is covered 

with liquid sample. The background spectra were collected automatically each time the device 

asked, normally after 6-8 measurements. The collection of the spectral data was performing using 

the PerkinElmer Spectrum software, version 10.03, and exported in appropriate format for further 

analysis. The chemicals used were methanol and ethanol Sigma Aldrich, assay 99.8%; and water 

purified by reverse osmosis. The solutions for calibration and validation of the model were 

prepared on a scale with 0.0001g resolution, adding all three components in a small glass vessel. 

We prepared 43 solutions for calibration of the model, with concentrations of methanol from 2 to 

53 weight % and ethanol from 5 to 81w.%, which corresponds to a typical composition of liquids 

targeted in this study. The validation was done using 9 separate samples, within same 

concentration range. The both calibration and validation sets are shown with different colors on 

Fig.1, where the rest of the mixture to 100w.% is water. 
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Fig.1 Concentrations of ethanol and methanol solutions used for calibration 

and validation of the model. 

 

The raw FTIR spectra were exported from the spectromoeter’s software in appropriate form, 

so they can be utilized further with pre-processing algorithms and PLS regression model. When 

looking on the raw spectra (Fig.2) we observe the typical bands of the alcohols and water: an 

extensive band at 3100 – 3500 cm-1 belonging to the OH group, but we focus mainly on the region 

1136 – 852 where the more characteristic vibrations of methanol and ethanol are observed (Coldea 

T. E., 2013; Debebe A.,2017). The more sensitive bands are 1044 and 1087 cm-1 for ethanol, 

1015 – 1022 and 1114 cm-1 for the methanol.  

 

 
Fig.2 FTIR Spectra of ethanol / methanol / water solutions at 20deg C. 

 

Pre-processing, calibration and validation of the regressin model 

The chemometric analysis was done using the stand-alone version of software Solo, 

Eigenvector Research, Inc., v. 8.7, which allows direct import of the spectra data files produced 

by the PerkinElmer Spectrum software. After the loading of the experimental data, they were 

preprocessed and submitted to the model builder with a various of options. The raw spectral data 

of 43 mixtures, consisting of the X block (43 x 285, raw spectra) and the Y block (43 x 1, ethanol 

concentrations) were preprocessed in order to reduce the baseline variation, systematic noise, and 

to enhance the contribution of the desired spectral peaks. It is not purpose of this study to go deeper 

in the theory and application of pre-processing methods, as they are tested in many applications 

and well documented elsewhere (Rinnan Å.,2009). In this study we found that best results for the 
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calibration model, in term of prediction error, are obtained using 2-nd derivative of the spectra 

followed by mean centering which removes the mean offset of each variable. The concentrations 

block Y were mean centered and each variable was scaled to unit standard deviation, so that for 

both methanol and ethanol concentrations we have values within the range of appr. -1.5 to 2.5. In 

order to perform the internal validation of the calibration model, we performed a cross validation 

type “venetian blinds” with 10 data splits, which results in average 10% of the data left out, namely 

4 or 5 samples. The root-mean-square error of calibration (RMSEC) tells us about the fit of the 

model to the calibration data, and together with the root-mean-square-error of cross validation 

(RMSECV), is used as criterion to select the number of the latent variables in PLS regression 

model. RMSEC, a measure of how well the model fits the data is defined as: 

 

𝑅𝑀𝑆𝐸𝐶 =  √∑ (𝑦𝑖
∗−𝑦𝑖)

2𝑛
𝑖=1

𝑛
.      (1) 

 

Later we present the RMSEP, the prediction error, defined in the same way as in (1), which 

is based on the application of the model on new samples, not used in the calibration process.  

In fact, PLS regression constructs set of latent variables – vectors, that performs 

simultaneous decomposition of the both X (spectra) and Y (ethanol concentration) matrices, with 

the additional requirement that these variables explain as much as possible the covariance between 

the spectra and the ethanol’s concentrations. Although the liquid phase FTIR spectra of methanol 

and ethanol in water are very similar, and the presence of water and its broad peaks in the range 

2000 – 800 cm-1 makes the ethanol’s quantitative determination very difficult, we succeeded to 

find a PLS regression model which gives accurate prediction within broad concentration range.  

First, we present the RMSEC and RMSECV as a function of the latent variables used to 

calibrate the model (Fig.3), and following the rule to have both minimal number of latent variables 

and smallest error, we concluded that 6 latent variables are enough to describe the data.  

 

 

Fig. 3 Root mean square error of calibration and cross validation for ethanol concentration  

in absolute units – weight parts against number of latent variables. 

 

For this model we have statistical data as follows: R2 (cal.) = 0.998; RMSEC = 0.0067, 

average relative error for calibration calculated as 𝑅𝑀𝑆𝐸𝐶 ∗ 100 ∑(𝑦𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑛⁄ )⁄  = 1.87%. In 

order to check it on a separate set of 9 validation FTIR spectra, taken withn the same concentration 

range of ethanol in presence of methanol. The performce is exelent, as we have R2 (val.) = 0.999, 

RMSEP = 0.006 and average error of prediction, calculated as above for the calibration, and giving 

us the realistic estimate of the performance 1.86%. Fig.4 shows the plot calculated through 

calibration and validation ethanol concentrations (weight parts) against the experimental values. 

Obviously, they are very close to the 45deg line, meaning no significant deviations exist.  
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Fig. 4 Comparison of calculated and experimental values of ethanol concentration for both 

calibration procedure and validation of the model 

 

CONCLUSION 

The FTIR spectroscopy in ATR execution combined with partial least squares regression is 

demonstrated to predict with acceptable accurace ethanol concentrations in aqueous mixtures 

containg methanol. The problem arising from the similar and partially overlapped alcohols’ 

spectra, as well the water influence, is easily resolved performing appropriate preprocessing, 

namely second derivative per Savitzky-Golay algorithm, followed by mean centering of the 

spectra. The training data – X matrix consists of 43 samples. After applying the PLS regression 

algorithm with internal cross validation, we built a regression model with 6 latent variables for 

prediction of ethanol content based on FTIR spectra with values of R2 > 0.99. The model was 

checked on a separate data set of 9 spectra of samples with different compositions, not used during 

calibration, and again showed R2 >0.99 and relative average error of only 1.86%. Consequently, 

this approach could find broad application in the practice, as fast and enough precise to determine 

ethanol content in different liquids and sanitazier gels.  
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