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Abstract: Spatially offset Raman spectroscopy (SORS) is a non-invasive analytical technique that 

allows the analysis of samples through a container. This makes it an effective tool for studying food 

and beverage products, as it can measure the sample without being affected by the packaging or the 

container. In this study, a portable SORS equipment was used for the first time to analyse the alco-

holic fermentation process of white wine. Different sample measurement arrangements were tested 

in order to determine the most effective method for monitoring the fermentation process and pre-

dicting key oenological parameters. The best results were obtained when the sample was directly 

measured through the glass container in which the fermentation was occurring. This allowed for 

the accurate monitoring of the process and the prediction of density and pH with a root mean square 

error of cross-validation (RMSECV) of 0.0029 g·L−1 and 0.04, respectively, and R2 values of 0.993 and 

0.961 for density and pH, respectively. Additionally, the sources of variability depending on the 

measurement arrangements were studied using ANOVA-Simultaneous Component Analysis 

(ASCA). 

Keywords: Process Analytical Technologies (PAT); multivariate analysis; infrared spectroscopy; 

analysis through packaging 

 

1. Introduction 

Winemaking is a dynamic biochemical process in which microorganisms and chem-

ical compounds affect the course of the process and the properties and quality of the final 

product. The main reaction of the winemaking process is the transformation of sugars, 

basically glucose and fructose, into ethanol and carbon dioxide. This reaction is the basis 

of the alcoholic fermentation and occurs as part of yeast metabolism [1]. Moreover, due 

to secondary metabolism pathways other yeast metabolites are released at different con-

centrations, which are related to the organoleptic and physicochemical properties of the 

final product [1]. This process is highly sensitive to variations in chemical composition 

and external conditions (e.g., pH, sugar concentration or temperature), which could even 

lead to stuck or sluggish fermentations [2]. For this reason, close monitoring of the process 

is necessary to obtain real-time information that allows the necessary corrective measures 

to be taken in time to avoid a quality loss of the final product [3]. 

Currently, most wineries do not carry out exhaustive fermentation controls, but only 

rely on daily measurements of density and pH, as well as an organoleptic assessment by 

the oenologist [4]. However, the information provided by these parameters is not suffi-
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cient when abnormal fermentation behaviour appears and the decisions to be made de-

pend on the results of more complex analyses, usually performed at-line or in external 

laboratories. This implies a delay in obtaining information and, therefore, in the applica-

tion of corrective measures [5]. This delay can be a big problem if these actions are applied 

once the unwanted chemical substances have already impacted the organoleptic proper-

ties of the final product [6]. In this context, Process Analytical Technologies (PAT) are 

increasingly used, as they allow product quality to be assured through real-time measure-

ments throughout the process [7]. Among the technologies, vibrational spectroscopy is 

frequently used in the food and beverage industries as it brings together several positive 

aspects: it allows obtaining information of each molecule in the matrix; it is sustainable, 

eco-friendly and requires minimal or no sample processing [5]. 

Near-infrared (NIR) and Mid-infrared (MIR) spectroscopies have already been used 

to monitor fermentation [8,9] and even to successfully detect deviations of the process 

[10,11]. However, these technologies have drawbacks in their application, such as the 

complexity of the signal in the case of NIR, as a consequence of weak overtones and com-

bination bands; and the high MIR absorption of water bonds that make the use of special 

sampling devices mandatory to overcome signal saturation [12]. Raman spectroscopy 

could overcome these drawbacks as water bonds do not produce signal saturation and 

this spectroscopy produces sharp peaks that can be associated to specific bonds [12,13]. 

Even with these advantages it has rarely been used in on-line wine monitoring [14], 

mainly due to the fact that Raman spectroscopy is reliant on transparency of containers 

for the analysis of the sample contained within. 

Nowadays, with Spatially Offset Raman Spectroscopy (SORS) it is possible to acquire 

Raman signals through many millimeters of different materials, allowing the analysis of 

the sample through barriers such as plastic, glass, paper, etc. The main characteristic of 

this type of measurement is that, unlike conventional Raman, the irradiation of the laser 

(excitation) and the collection of light do not coincide geometrically, but rather a spatially 

displaced measurement is performed. Therefore, since excitation and detection are spa-

tially separate, a balanced subtraction of the two measurements creates a clean spectrum 

of the material contained [15,16]. This makes SORS a non-invasive, non-destructive tech-

nique that does not require sample preparation [17] and, thanks to the availability of com-

mercial portable equipment, it has become of great interest as a tool for process quality 

control. 

The aim of this research is to evaluate the use of a portable spatially offset Raman 

spectrophotometer (SORS) as a monitoring tool for wine alcoholic fermentation. Different 

sample measurement configurations were tested to assess the performance of the Raman 

spectrophotometer. Principal Component Analysis (PCA), Partial Least Squares Regres-

sion (PLSR) and ANOVA-Simultaneous Component Analysis (ASCA) were used to mon-

itor the process, predict the main oenological parameters and study the sources of varia-

bility in Raman spectra. 

2. Material and Methods 

2.1. Fermentation Samples 

Four alcoholic fermentations were carried out at small-scale (microfermentations) 

into 2.0 L glass cylindrical containers. White must from the dilution of a commercial con-

centrated must was used. The concentrated white must (Julián Soler S.A., Cuenca, Spain) 

was stored at −20 °C to avoid any biochemical or chemical evolution. 24 h before its use it 

was kept at 4 °C to defrost it. Then it was diluted with MilliQ water to adjust the sugar 

concentration to 200 g·L−1. To ensure a sufficient yeast assimilable nitrogen, the diluted 

must was supplemented with 0.30 g·L−1 of Actimabio* (Agrovin S.A., Ciudad Real, Spain) 

and ENOVIT® (Spindall S.A.R.L., Gretz Armainvilliers, France), respectively. 
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For each one of the four microvinifications (or biological replicates) 1,5 mL of diluted 

must was inoculated with commercial Saccharomyces cerevisiae yeast (Viniferm Revela-

ción, Agrovin S.A.) ensuring an initial yeast population of 3·106 CFU·mL−1. Before inocu-

lation, rehydration of the yeast was carried out following the suppliers’ instructions. All 

microvinifications were kept at a constant temperature of 20 °C until the end of alcoholic 

fermentation (that is, until the density was lower than 0.995 g·L−1, which is equivalent to 

a final sugar content under 1 g·L−1). 

The alcoholic fermentation process was routinely controlled by measuring directly 

into the container density and pH, twice a day, with a portable densimeter (Densito2Go, 

Mettler Toledo, United States) and a portable pH meter with a 201 T electrode (7+ series 

portable pH-meter, XS Instruments, Italy). Both apparatus were calibrated once a day be-

fore use with a reference standard of 0.9982 g·ml−1 and two reference standards of pH 7.00 

and 4.00, respectively. The densimeter cell and pH-meter electrode were thoroughly 

cleaned with deionized water before each new reading. 

2.2. Raman Analysis 

The Vaya Raman (Agilent, California, USA) portable SORS equipment was used in 

this research. This device uses a laser with an excitation wavelength of 830 nm to seek the 

suppression of fluorescence. The power of the laser was automatically adjusted by the 

spectrometer (taking into account the signal detected) to 450 mW reaching the maximum 

power available. The spectra were acquired in a range from 350 to 2000 cm−1. The equip-

ment performs two consecutive measurements: with zero offset (parallel pathway of the 

laser and the detector) and with spatial offset (shift of 0.7 mm from the point of the laser 

incidence to the detector). After internal processing, the equipment records the SORS 

spectrum, which is the result of a scaled subtraction of the two measurements that pro-

vides a clean spectrum of the sample without the influence of the container layers. 

The sample was measured from two different angles to study the performance of the 

SORS spectrophotometer in each case: directly next to the fermentation glass container in 

the horizontal plane (three equidistant points) and at the bottom of the container in the 

vertical plane. Furthermore, to detect the possible effect of turbidity, the samples were 

also measured directly next to the container in the horizontal plane after vigorous stirring. 

In every case, the SORS technology was applied to avoid the effect of the container. A 

scheme of the different analysis arrangements is represented in Figure 1. 

 

Figure 1. Scheme of analysis arrangement. Each red arrow indicates the position where a Raman 

spectrometer was placed. 

Aliquots of samples were also collected during the fermentation and analysed before 

and after centrifugation to obtain their spectra (without the influence of the container). 

Raman spectra of aliquots were obtained using a vial-mode configuration (Figure 1). The 

samples, contained in glass vials, were inserted into the sample holder inside the spec-

trometer and the light was focused on the sample to perform the scans. 
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Measurement times ranged from 30 s to 2 min per sample, while laser exposure times 

ranged from 0.5 to 2 s. 

Each of the four microfermentation or biological replicates was analysed in triplicate 

in each measurement arrangement (represented in Figure 1) twice a day (with a twelve-

hour gap) for seven consecutive days, which accounts for 14 sampling points for each 

biological replicate in each of the measurement arrangement. 

2.3. Data analysis 

2.3.1. Spectral Data Pre-Processing 

Spectra were imported to MATLAB (R2021a, 9.10; MathWorks, Natick, MA) to create 

five datasets (one for each analysis configuration) of 168 spectra (triplicates of 56 samples 

(4 biological replicates x 14 sampling points)), each consisting of 1651 wavenumbers. Mul-

tivariate analysis were performed using the PLS Toolbox (v9.0; Eigenvector Research Inc., 

Earglerock, USA). Different pre-processing combinations were tested to overcome noise 

observed in the raw spectra: wavelet denoising (as implemented in Wavelet Toolbox v6.0), 

Savitzky-Golay (SG) smoothing and Standard Normal Variate (SNV), as implemented in 

the PLS Toolbox. The best spectral pre-processing combination to build all the multivari-

ate models was wavelet denoising. Data were mean-centred before modelling. 

2.3.2. Multivariate Data Analysis 

PCA (Principal Component Analysis) is a well-known exploratory technique used to 

visualize the data (see e.g., [18] and references therein). It allows to detect groups and 

trends among samples and identify samples outliers, and to study relationships between 

the investigated variables. The algorithm decomposes the data into a set of new variables 

called Principal Components, which are linear combinations of the original variables or-

thogonal between them and retaining most of the information, and an error matrix, that 

contains non relevant information and the model noise. The projections of the samples 

onto the new space of Principal Components, known as scores, and the angles between 

the original variables and the principal components, known as loadings, can be plotted to 

reveal trends between samples and to help understand the sources of variability in the 

data. Partial Least Squares Regression (PLSR) was used to build models to predict density 

and pH [19]. For each measurement arrangement, an X data matrix (containing the sample 

spectra) and a Y data matrix (containing two columns, one for density and the other for 

pH), were used. Model evaluation was carried out using Cross-Validation as the valida-

tion method (ten random subsets iterated ten times) and calculating the Root Mean 

Squared Error of Cross-Validation (RMSECV) statistic (Equation 1). This parameter de-

scribes how well the model predicts new samples using a cross validation strategy [12]. 

First, a partition of the set is performed, and each subset is excluded from the model build-

ing and then the excluded subset is predicted. This process is repeated until every subset 

is used: 

𝑅𝑀𝑆𝐸𝐶𝑉 = √
∑ (𝑦𝑡,𝑖−𝑦̂𝑡,𝑖)2𝑛𝑡

𝑖

𝑛𝑡
  (1) 

𝑦̂𝑡,𝑖 are the densities or pHs predicted by the models, 𝑦𝑡,𝑖 are the measured values 

(actual pH or density), and nt is the number of samples in the cross-validation set. 

RMSECV is an approximation of the average error to be expected in future predictions 

when the calibration model is applied to unknown samples. 

Two statistical dimensionless parameters were used to assess the model’s predictive 

ability: Ratio of Performance to Deviation (RPD) and Range Error Ratio (RER) (Equations 

2 and 3) [20]. 

𝑅𝑃𝐷 =
𝑆𝐷

𝑅𝑀𝑆𝐸𝐶𝑉
 (2) 
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𝑅𝐸𝑅 =
𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛

𝑅𝑀𝑆𝐸𝐶𝑉
 (3) 

SD is the standard deviation of the reference parameters (pH and density), and ymax 

and ymin are the maximum and minimum vales of the reference parameters, respectively. 

Model predictions are considered good enough when RPD and RER are greater than two 

and ten, respectively. 

Finally, Analysis of Variance (ANOVA)-Simultaneous Component Analysis (ASCA) 

was used to decompose the variability sources affecting the data. ASCA is a multivariate 

extension of ANOVA, which decomposes the variation in the data into the main effects 

and their binary combinations, obtained from a predefined experimental design [21]. In 

this study, three variability factors were considered: suspended yeast (stirring or no stir-

ring in direct measurements; or centrifuge or no centrifuge in aliquot measurements), the 

alcoholic fermentation process itself and the biological replicates, and the interactions be-

tween them. The first step of ASCA requires partitioning the centred X matrix according 

to equation 4: 

𝐗c = 𝐗 − 𝟏𝐦T = 𝐗suspended yeast + 𝐗alcoholic fermentation + 𝐗biological replicates

+ 𝐗suspended yeast x alcoholic fermentation

+ 𝐗suspendended yeast x biological replicate

+ 𝐗alcoholic fermentation x biological replicate + 𝐗res 

(4) 

where 1 is a vector of ones, mT is the average spectrum of the samples, Xsuspended yeast, Xalcoholic 

fermentation, Xbiological replicates are the matrices of the main factors, Xsuspended yeast x alcoholic fermentation, 

Xsuspendended yeast x biological replicate, Xalcoholic fermentation x biological replicate are the effect matrices for the bi-

nary interactions, and Xres is the residual matrix that collects the variability not taken into 

account in the experimental design. Each matrix is centred and contains the mean profiles 

of the samples corresponding to each factor or interaction level. Then, the matrices are 

decomposed using a technique called Simultaneous Component Analysis (SCA). It is im-

portant to note that SCA can be thought of as a form of principal component analysis that 

is constrained by ANOVA [21]. 

3. Results and Discussion 

3.1. Evolution of the Alcoholic Fermentation 

The correct progress of alcoholic fermentation was checked by two daily measure-

ments of density and pH. The evolution of the density (Figure 2a) shows the typical sig-

moidal trend [9], reaching the end of the fermentation in around 156 h. pH also exhibits 

the typical trend during alcoholic fermentation (Figure 2b) with a decrease until the mid-

point of the tumultuous fermentation (at 76 h) due to the consumption of nitrogenous 

compounds and the release of organic acids. The second part of the alcoholic fermentation 

shows a slight increase in pH [1]. As all biological replicates behaved similarly, they were 

all considered as fermentations under control, and thus their Raman spectra were used 

for further analysis. 
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Figure 2. Evolution of (a) density and (b) pH during alcoholic fermentation. 

3.2. Raman Monitoring of the Alcoholic Fermentation 

The first objective of the study was to establish the optimal arrangement for the ac-

quisition of the sample signal, taking into consideration the angle between the Raman 

sensor and the sample container and the turbidity influence of the suspended yeast in the 

alcoholic fermentation matrix. For horizontal measurements through the fermentation 

glass container, three replicates were measured at three different side points of the con-

tainer (always at the same three equidistant points) before and after manual stirring. Ad-

ditionally, before stirring, a vertical measurement was performed at the bottom of the 

container, also in triplicate and always at the same point, to evaluate the effect of the yeast 

deposited at the bottom on the signal obtained. 

To obtain a spectrum of the sample without the possible container interference, direct 

analysis of an aliquot of the fermentation samples was performed both before and after 

centrifugation. 

To evaluate the influence of the container in the SORS spectra of the samples, an ali-

quot of each sampling point was analysed in a glass tube container provided by the man-

ufacturer and that meets the provisions required for Raman spectroscopy. For this analy-

sis, and to evaluate the effect of the suspended yeast on the signal as it was carried out for 

the direct analysis, measurements were performed before and after centrifugation. Three 

replicates of the sample of each microvinification at each sampling time were measured. 

Figure 3 shows an example of the SORS spectra obtained at the beginning and at the 

end of the fermentation process. The main peaks in the first stage of alcoholic fermentation 

could be assigned to the vibration of different bonds belonging to the sugar molecules: 

451 cm−1 for δ(C–C–O), 521 cm−1 for cyclic carbons, 1124 cm−1 for angular torsion and CH2 

group at 1455 cm−1. Other important bands described in the alcoholic fermentation are C-

O-H bending at 1424 cm−1, C-C stretching at 1130 cm−1 and C-O stretching at 1072 cm−1 

[22]. As for the spectrum corresponding to the end of fermentation, the most characteristic 

band of ethanol assigned to the C-C stretching vibration around 880 cm−1 can be clearly 

seen [12,23]. 
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Figure 3. SORS spectra of one biological replicate of alcoholic fermentation at the beginning (purple) 

and at the end (green) of the process. 

To detect possible different trends depending on the arrangement used for signal 

acquisition, a PCA model was built for each configuration using the mean spectra of the 

three replicates. The dimensions of the matrices for each analysis configuration were 4 

biological replicates × 14 time points × 1651 wavenumbers, which were unfolded to obtain 

two-dimensional matrices of 56 × 1651. 

As shown in Figure 4, the evolution of the scores in the first principal component 

(PC) over time showed a process-related sigmoidal curve for each signal acquisition ar-

rangement, except for the vertical measurement at the bottom of the sample container. 

This sigmoidal behaviour related to density evolution allows to stablish a monitoring of 

the process as stablished in our laboratory using mid-infrared spectroscopy and published 

in the following tutorial [9]. Regarding the process, after 96 h, a stabilization of the score 

values was observed, meaning that the first PC is not able to distinguish final stages of 

alcoholic fermentation, that end at hours 156 as previously mentioned (see paragraph 3.1). 

However, the second PC for “stirring” and “no stirring” PCA models showed an evolu-

tion over time in that period (Supplementary Materials Figure S1). This could be related 

to the final part of the consumption of sugars and the production of ethanol, as the load-

ings of this component are also related to sugars and ethanol. When looking at the refer-

ence samples (centrifuged and not centrifuged aliquots) they showed small differences in 

the score values of the first PC of the replicates at the end of the process, which could be 

related to biological variability. However, both configurations showed the same sig-

moidal shape, and could be used to monitor the fermentation. Finally, in all cases the var-

iance explained by the first PC ranges from 38.40 to 90.38% depending on the type of sig-

nal acquirement, showing a great variability compared to other variability sources in the 

spectra 



Fermentation 2023, 9, 115 8 of 13 
 

 

Figure 4. Score plots of the first principal component of each PCA model for the different measure-

ment configurations. 

3.3. Prediction of Oenological Parameters 

As both density and score values of the first PC show a sigmoidal evolution, we tried 

to predict density values along the alcoholic fermentation process by using PLSR. The five 

data matrices above described (56 samples x 1651 variables) were used in the experiment. 

The model performance parameters are shown in Table 1. RPD and RER were used to 

compare the performance of the prediction models. In addition, the number of LVs to be 

considered was optimized based on the curve of the RMSECV. 

Table 1. Density prediction results in each analysis configuration. LV: Latent Variables used in the 

PLSR models, RMSECV: Root Mean Square Error of Cross-Validations (expressed in g·mL−1), R2: 

determination coefficient, RPD: Ratio of Performance to Deviation, RER: Range Error Ratio. 

 LV RMSECV (g·L−1) R2 RPD RER 

Side analysis without stirring 2 2.9 0.993 11.8 29.8 

Side analysis after stirring 2 3.0 0.992 11.5 28.8 

Bottom analysis 1 28.5 0.204 1.2 3.0 

Aliquot analysis without 

centrifuge 
3 4.1 0.986 8.4 21.0 

Aliquot analysis after centrifuge 4 4.2 0.985 8.2 20.5 

As can be seen from the results, similar prediction models were obtained for “stir-

ring” and “no stirring”, and between aliquot with and without centrifuge. The analysis at 

the bottom of the container, as expected by the inspection of the PCA scores in different 

PCs, was not able to predict density. This was also confirmed by looking at the loadings 

of the first LV of every measurement arrangement, with a large peak at 880 cm−1, being 

the major peak associated to ethanol (Figure S2a). Comparable results have been pub-

lished in the literature for the prediction of sugars, as density is mainly related to the con-

centration of sugars in the fermenting must [12,14,22,23]. Both RPD and RER indicated 
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that the best models are the ones of the direct analysis in the side of the container both 

before and after stirring. This is consistent with the literature stating that SORS coupled 

to chemometrics overcomes some Raman problems such as fluorescence [16]. In addition, 

regarding the present study we also attribute these better results to the greater represent-

ativeness of the fermentation process when analysing the whole fermentation sample than 

when taking only an aliquot. 

Due to its importance in alcoholic fermentation monitoring, PLSR was also applied 

to predict pH. Following the same methodology as for density, the five data matrices (56 

× 1651) were used to predict pH in every measurement arrangement. The quality param-

eters of the different models are summarized in Table 2. 

Table 2. pH prediction results in each analysis configuration. LV: Latent Variables used in the PLSR 

models, RMSECV: Root Mean Square Error of Cross-Validations, R2: determination coefficient, RPD: 

Ratio of Performance to Deviation, RER: Range Error Ratio. 

 LV RMSECV R2 RPD RER 

Side analysis without stirring 2 0.04 0.961 5.0 13.5 

Side analysis after stirring 2 0.04 0.953 5.0 13.5 

Bottom analysis 3 0.12 0.483 1.7 4.5 

Aliquot analysis without 

centrifuge 
3 0.07 0.888 2.8 7.7 

Aliquot analysis after centrifuge 3 0.08 0.806 2.5 6.8 

As in the case of density, the performances of the pH prediction models were differ-

ent for each signal acquisition configuration. The best performances were obtained with 

measurements performed at the container side, poorer performances were obtained when 

analysing the aliquots and the poorest prediction ability was obtained when measuring at 

the bottom of the container. For every predictive model, the loadings of the LVs (Figure 

S2b,c) are related to sugars, ethanol, and also a peak at 1760 cm−1 related to C=O stretching 

[16]. Regarding the quality parameters of the best models, the results are in agreement 

with the literature when using on-line conventional (non SORS) Raman spectroscopy 

[12,23], and proves the usefulness of SORS for monitoring the alcoholic fermentation. 

Figure 5 shows the plots of predicted vs measured values for the best models, using 

the spectra obtained from the measurements made directly on the side of the container 

without previous stirring. 

 

Figure 5. Predicted vs. measured values for the best prediction models of (a) density (expressed in 

grams per millilitre) and (b) pH. Both models were calculated using spectra obtained from meas-

urements without stirring. 
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3.4. Variability Sources 

Two ASCA models were calculated to study the variability in the spectra associated 

to the presence of suspended yeast. Two extended matrices of 112 (56 samples × 2 meas-

urement arrangements) × 1651 wavenumbers were used. ASCA results are expressed in 

terms of % Effect, which indicates the contribution of each factor to the matrix variability. 

A permutation test of 10,000 iterations was performed in each ASCA model to assess the 

significance of each factor (a p-value under 0.05 means the factor is significant) [24]. The 

ASCA results for the measurements made directly at the container side before and after 

stirring are summarized in Table 3. 

Table 3. ASCA results for the “stirring” and “no stirring” measurement arrangements, showing the 

percentage of variance (Effect (%)) for each factor and the p-value obtained from the permutation 

test. A p-value < 0.05 means the factor is significant. 

Factor Effect (%) p-Value 

Stirring 0.05 0.360 

Alcoholic Fermentation process 95.39 0.001 

Biological replicate 0.15 0.326 

Stirring × Alcoholic Fermentation 0.56 0.443 

Stirring × biological replicate 0.11 0.784 

Alcoholic fermentation x biological replicate 2.08 0.002 

As can be seen, the most relevant factor is the alcoholic fermentation process, which 

has already been shown to be very important in ATR-FTIR data of wine alcoholic fermen-

tation [25]. This is consistent with the fact that during alcoholic fermentation yeast con-

sumes approximately 200 g·L−1 of sugars and produces 13% ethanol, being the main source 

of variability in the data. As far as sample agitation is concerned, the results show that 

stirring the container to resuspend the yeast in the medium prior to the spectrum acqui-

sition has no significant influence, making this step unnecessary. The biological replicate 

did not have a significant effect, but the interaction between biological replication and 

alcoholic fermentation process did. This could be explained by small differences in the 

speed of the process, with an effect of 2.08%. 

The ASCA results for the measurements of the aliquot before and after centrifugation 

are summarized in Table 4. 

Table 4. ASCA results for centrifuge and no centrifuge measurement disposition, showing the per-

centage of variance (Effect (%)) for each factor and then p-value resulting of the permutation test. A 

p-value < 0.05 means the factor is significant. 

Factor Effect (%) p-Value 

Centrifugation 0.42 0.148 

Alcoholic Fermentation 71.08 0.001 

Biological replicate 0.45 0.629 

Centrifugation × Alcoholic Fermentation 6.69 0.001 

Centrifugation × biological replicate 0.30 0.427 

Alcoholic fermentation × biological replicate 18.18 0.001 

ASCA results for aliquot measurements confirm that the alcoholic fermentation fac-

tor is again the greatest source of variability found in the data. However, in the case of the 

aliquot, the course of the alcoholic fermentation is different for the biological replicates, 

as the interaction between both factors was found large and significant. Alcoholic fermen-

tation batches without centrifugation show more variability in each sampling point than 

batches with centrifugation. The standard deviation of the scores for each sampling point 

in Section 3.2 PCA range from 0.44 to 4.74 and 1.45 to 11.55 for aliquots with and without 
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centrifugation, respectively. This result also explains why the interaction between centrif-

ugation and alcoholic fermentation factors was also found large and significant. These 

ASCA results for aliquot analysis are in concordance with the results in Section 3.2 and 

3.3, showing that centrifugation has a significant impact in the acquisition of Raman spec-

tra, as in a short pathway with a priori no dispersion effects yeast may have caused light 

scattering. 

4. Conclusions 

The results presented demonstrate the ability of SORS to obtain the Raman spectra 

of wine alcoholic fermentation in a rapid, non-invasive and non-destructive way. Differ-

ent measurement strategies were tested: through the container the fermentation was oc-

curring with or without previous stirring and obtaining an aliquot to analysis in a Raman 

container. The variability associated to the different measurement configuration was as-

sessed using ASCA, demonstrating that manual stirring has no impact in the performance 

of the SORS, but when dealing with an aliquot centrifugation has an impact due to the 

removal of suspended yeast. However, all measurement configurations, except those 

taken at the bottom of the container, successfully monitored the fermentation process and 

predicted density and pH as the main oenological parameters used in winemaking. The 

results obtained allow us to establish that SORS equipment could be used in the control 

of fermentation processes in an on-line configuration. Further research should be con-

ducted to study the prediction of other oenological parameters of interest and the detec-

tion of process deviations, as well as the potential use of SORS for the analysis of other 

types of wine and alcoholic beverages. 

Supplementary Materials: The following supporting information can be downloaded at: 

https://www.mdpi.com/article/10.3390/fermentation9020115/s1, Figure S1: Scores plots of the sec-

ond Principal Component (PC2) of stirring and no stirring PCA model and Figure S2: Loading plot 

of density (first LV) and pH (first and second) PLSR model. Different colours mean different ana-

lytical methodologies (blue–Stirring, red–No stirring, green–Centrifuge, purple–No centrifuge). 
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