
Final report – Exploration of Enological Raman Spectroscopy Modeling and Analysis 

Summary: Raman spectroscopy is a widely applied tool across several industries including 

textiles, pharmaceuticals, cosmetics, and homeland security, to name but a few.  Despite its 

analytical utility, it has yet to be a widely adopted to across the wine industry.  Due to this 

absence of reference, this primary goal of this work was to establish a baseline for both the 

strengths as well of the weaknesses of enological Raman analysis.  A common problem with 

traditional or spontaneous Raman spectroscopy as it is commonly referred to is background 

fluorescence.  As Raman spectroscopy obtains the Raman signal by means of laser excitation, the 

much more efficient fluorescent emission process can easily overtake the more subtle Raman 

signal if fluorophores such as anthocyanins found in red wines are present in the sample.   

Initially, it was hypothesized that fluorescence emission in each wine sample would remain 

constant throughout the life span of the wine and any predictive models could compensate for 

this baseline loss mathematically.  Unfortunately, this was not the case.  Over time, fluorescence 

emission increased over time in the red wine most likely due to the formation of polymeric 

pigments.  This increasing baseline loss was finally resolved by extracting all phenolic 

compounds in the wine using polyvinylpolypyrrolidone (PVPP).  With the application of PVPP, 

Raman spectral baseline was recovered without sacrificing the predictive power of ethanol and 

simple sugar predictive models in the wine.  After exhaustive inquiry, it was determined that 

spontaneous Raman spectroscopy can greatly facilitate fermentation monitoring due to its ease of 

use, analytical speed, and reproducibility.   
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Success Statement: This work provides a simple and relatively inexpensive way to monitor 

alcoholic fermentation of both red and white wine grapes quickly and accurately.  The 

application of Raman spectroscopy to track enological fermentation can not only directly 

improve the fermentation process by providing more accurate numbers but also indirectly by 

allowing more time to be applied to other more time-consuming tasks in the fermentation 

process. 

 1. Introduction 

When a bundle of light bounces of an object, most of the light scatters and changes direction 

only. This is called elastic light scattering, which is more commonly known as Rayleigh 

scattering named as such after John William Strutt, 3rd Baron Rayleigh of Great Britain who 

discovered the phenomena in 1873 [1].  There is about a one in one million chance, however, 

that the light will change both direction and frequency. For example, red light may turn to blue 

light upon scattering.  This is called inelastic light scattering, more commonly referred to as 

Raman scattering named as such after C.V. Raman who discovered these phenomena in 1928 [2, 

3].  Since the discovery of the Raman effect, considerable advancements in technology, such as 

the invention of lasers [4] have given rise to Raman spectroscopy.  Essentially, Raman 

spectroscopy measures the light scatter pattern an object emits when the object is struck with a 



laser beam.  Rather than measuring the scattered light that is the same frequency as the initial 

laser light, Raman spectroscopy measures the scattered light that is a different frequency than the 

initial laser frequency.  Of course, the frequency of the scattered light does not simply change 

without either emitting or absorbing energy.  If energy is absorbed by the object that is struck by 

the laser, this is referred to as a Stokes shift or Stokes fluorescence so named after its discoverer 

Sir George Stokes of Ireland [5].  If the energy is absorbed by the scattered light, this is referred 

to as an anti-Stokes shift.  As luck would have it, every molecule is possessed of a unique Raman 

scatter pattern upon laser excitation, thus making Raman spectroscopy an invaluable tool in 

a wide range of disciplines including pharmaceuticals [6], protein analysis [7], DNA analysis [8], 

single cell analysis [9], gemstone identification [10], bone structure analysis [11], and many 

more.   

Developing simple, rapid, and accurate measurement practices is of high importance in any 

industry including the wine industry.  A variety of techniques including chromatographic [12] and 

spectrophotometric [13] methods are available each with its own advantages and drawbacks.  

Chromatographic methods, while setting standards in terms of both resolution and accuracy, are 

simply unrealistic for many industrial applications including wine making.  Spectrophotometric 

techniques such as UV-visible spectroscopy are widely applied across the wine industry, and it 

was in this area that the current study focused.  Rather than repeat what has already been 

established in UV-visible spectroscopy, this study explored new possibilities in the realm of 

Raman spectroscopy.    

At first glance, the fact that the Raman effect is inherently weak may seem like a disadvantage 

in terms of chemical analysis.  This weakness can be taken advantage of when building models for 

substances that are in great abundance such as sugars in wine grapes that are ultimately converted 



to alcohol during wine fermentation.  In this case, the weakness aids in model accuracy as it 

reduces the amount of spectral interference due to the presence of more dilute compounds in red 

wine such as phenolics.  Of course, any analytical technique has its drawbacks as well as 

advantages, and Raman is no different.  The primary disadvantage of the weaker Raman signal in 

red wine is the presence of anthocyanins which are the primary cause of color in the wine [13].  

Anthocyanins fluoresce upon laser exposure, and hence the much more efficient fluorescent 

spectra can and does easily mask the more subtle Raman spectra [14].  As one might expect, 

eliminating the primary cause of the problem will often eliminate the problem as well, and this 

was certainly the case in this study [15, 16].  By removing the fluorescent compounds from the 

samples, the Raman spectra of both sugars and alcohol were made clearly visible, and the 

predictive models built using the cleaned wines were extremely accurate.    

Raman spectroscopy has been used in a wide variety of relevant applications to the wine 

industry including spoilage yeast identification [17], methanol and ethanol identification and 

quantification [18, 19], glucose identification and quantification [20], beverage adulteration 

quantification [21], phenolic identification [22, 23], sugar and ethanol quantification [24], 

beverage aging [25], and wine authentication [26], Raman techniques have scarcely been applied 

directly to wine making.  The goal of this study was twofold:  

1. Explore ways in which Raman spectroscopy can monitor alcoholic fermentation of wine grapes, 

and  

2. Address ways in which Raman signal obstruction due to fluorescence might be mitigated.   

2. Materials and Methods 

2.1 Chemicals  



Polyvinylpolypyrrolidone (PVPP) was purchased from Central Industrial Sales (Richland, 

WA, USA). 

2.2. Sample Collection  

Fruit for both red (Cabernet Sauvignon) and white (Sauvignon Blanc, Grüner Veltliner, 

Chardonnay) wine fermentations was collected from commercial and research vineyards in the 

Columbia Valley of Washington State during the 2020 vintage.  All alcoholic fermentations were 

closely monitored until total reducing sugars were below 0.5 g/L.  To build predictive models 

using the Raman spectra, 15 mL samples were collected from each tank several time per day.  For 

phenolic reduction experiments, samples from vintages ranging from 2015 to 2019 were used.  

Overall, 514 samples were collected in total.   

2.3. Reference Analysis  

In terms of reference analysis, 254 alcohol concentrations from finished wines, 287 total 

sugar, glucose, and fructose concentrations from juice and fermenting wines, and 258 pH values 

of finished wines were measured and recorded using the Anton Paar Alcolyzer (Anton-Paar, Graz, 

Austria) the Admeo Y15 Automatic Analyzer (Admeo Inc. CA, USA), and the Mettler Toledo 

Seven Compact S-230 pH meter (Columbus, OH, USA) respectively. Prior to analysis, each 

instrument was prepared according to the manufacturer’s recommendations.   

2.4. Raman analysis   

For all Raman analysis the portable B&W Tek i-Raman Plus source (Metrohm group, Herisau, 

Switzerland) equipped with a 785 nm laser, a cooled charge-coupled detector and a BCR100A 

accessory for liquid sample quantification was used.  Briefly, one milliliter of wine was placed in 

a cuvette and the Raman spectrum was obtained using the B&W Tek BWSpec 4.11 software.  



Recorded spectra consisted of an average of five scans at a 4.5 cm-1 resolution at a range of 65 to 

3350 cm-1. The acquisition time was between 100 to 8000 milliseconds at a constant laser power 

of 340 mW.  

2.5. Phenolic Reduction  

A total of 137 samples were used for PVPP exposure.  Briefly, 120 mg of PVPP was added to 

a 1.5 mL red wine sample was added to a 1.5 mL microcentrifuge tube and vortexed for 10 minutes 

at 15,000 rotations per minute (rpm).  The vortexed samples were then measured using the above-

mentioned Raman analysis process.   

2.6. Statistical Analysis  

All models were built using the R Project for statistical computing (version 4.0.2) and RStudio 

(version 1.3.1073, release name "Giant Goldenrod").  Prior to model building, all spectral data 

were scaled using the scale function from the R base package. Next, optimal parameters for cost, 

number of components, and lambda for support vector regression (SVR), partial least squares 

regression (PLSR), and ridge regression (RR) respectively were determined.  Briefly, the full 

dataset was randomized by row and divided into training (80 percent) and test (20 percent) sets, 

and the optimal parameter for each algorithm was determined by running each algorithm through 

a set of possible parameters for that algorithm.  After the optimal parameter for each algorithm 

was determined, models were trained and validated twenty times. 

2.7. Software 

Al Raman spectra were obtained using the BWSpec software from B&W Tek (Metrohm 

group, Herisau, Switzerland).  Statistical data was obtained using the R Foundation for Statistical 



Computing (Vienna, Austria).  SVR was obtained using the e1071 package, PLSR was obtained 

using the pls package, and RR was obtained using the ridge package. 

3. Results and Discussion 

3.1. Algorithm Comparison and Feature Selection 

In any machine learning analysis, one algorithm is significantly outperforming all others 

typically points towards some error in sample preparation rather than algorithm strength.  For that 

reason, three common multivariate regression algorithms (SVR, PLSR, and RR) were used to 

ensure model integrity.  As shown in table one, all models performed similarly with no one 

algorithm outperforming the others exclusively.    

Additionally, the Raman spectra can be filtered without sacrificing model integrity due to its 

high native resolution.  For example, different regions of the Raman spectra can be used for ethanol 

(57:1,796 cm-1 and 2803:3362 cm-1) and total sugars (57:847 cm-1) models as suggested by 

Teixeira et al. [27].  A more general filtration (375:3362 cm 1) to compensate for highly fluorescent 

samples that hit the maximum permitted value cap of the BWSpec software was also applied, 

although the difference was negligible suggesting mathematical filtration rather than physical 

filtration is trustworthy.   

3.2. Ethanol and Total Sugar Model Performance 

Table 1. Summation of raw ethanol, raw pH, PVPP exposed ethanol, PVPP exposed pH, and total 

sugars model performance. 

Algorithm Ethanol – Raw Spectra pH – Raw Spectra Ethanol – Post PVPP Spectra pH – Post PVPP Spectra Total Sugars 

 RMSE  R2 RMSE  R2 RMSE R2 RMSE R2 RMSE R2 

SVR 1.35 0.51 1.16 0.62 0.23 0.98 0.12 0.79 1.59 0.96 

PLSR 1.22 0.50 1.17 0.61 0.21 0.99 0.12 0.84 1.57 0.95 



RR 1.19 0.50 1.16 0.67 0.23 0.99 0.12 0.82 1.57 0.95 

 

SVR = Support Vector Regression  

PLSR = Partial Least Squares Regression 

RR = Ridge Regression  

RMSEP = Root Mean Squared Error of Prediction 

R2 = Coefficient of Determination. 

 

Table 1 also demonstrates the effectiveness of PVPP filtration for ethanol and pH model 

performance.  Sugar models were built prior to or during red wine fermentation in which case 

background interference due to the presence of fluorophores was minimal and did not affect model 

integrity.  As shown in figure 1, base line loss due to the presence of anthocyanins in red wine 

significantly increased after fermentation was complete (Figure (1(c)) as opposed to in white wines 

(figures 1 (b) and (d)) which have no anthocyanins.  

Predictive models for glucose and fructose individually did not perform well, most likely due 

to excessive spectral overlap between the sugars as described by Pierna et al. [28].  Since total 

sugars calculates both fructose and glucose combined, the effect of overlapping spectra is negated.  

3.2.1. Post Fermentation Baseline Loss  

Even though ethanol gives a strong Raman single with a 785 nm laser, background 

fluorescence due to the presence of anthocyanins and polymeric pigments in red wines either 

partially or completely mask the Raman spectra of ethanol [29, 30].  This baseline loss can be 

corrected mathematically in young wines without sacrificing model integrity (Figure 1(c)). 



                                                                                                                                                        

(a)                                         (b) 

 

                                                    (c)                                        (d) 

Figure 1. Raman spectra of Cabernet Sauvignon and Chardonnay before fermentation (a, b) and 

after fermentation (c, d) respectively. 

As red wine ages and anthocyanins bond with other molecules and form pigments [31, 32], so 

to increases the chance of ethanol interacting with the newly formed pigments.  As ethanol 

becomes less physically flexible due to its interactions with pigments through hydrogen bonding, 

the chances of the molecule emitting a Raman signal decrease since molecular flexibility is crucial 

to Raman scattering.  Additionally, maximum spectral intensities were positively correlated with 

recorded polymeric pigment (PP) values but very negatively correlated with wine age when laser 
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exposure time was factored in (RPP = 0.51, RVintage = - 0.91, data not shown).  Summarily, as the 

wine aged and the red wine phenolics formed pigments, their spectral intensities increased due to 

fluorescence emission rather than Raman scattering (Figure 2).  The decreasing Raman intensity 

combined with an increasing fluorescence intensity further inhibited Raman peak visibility as well 

as predictive accuracy. 

Although pH measurements are not molecule specific, Raman spectroscopy coupled with 

machine learning has been suggested as a novel way to obtain pH values nonetheless [33].  Like 

ethanol, pH measurement accuracy was significantly affected by baseline loss due to fluorescence 

(Table 1).   

 

                                                     (a)                                          (b) 

Figure 2. Comparison of the Raman spectra of a Syrah wine one year after fermentation (a) and 

five years after fermentation (b). 

3.2.2. Fluorescence Reduction using polyvinylpolypyrrolidone (PVPP) 

This study demonstrated conclusively that Raman spectroscopy can give very accurate 

predictions if the samples are first filtered with polyvinylpolypyrrolidone (PVPP) shown in figure 

2.  As shown in the figure sample exposure to 67 mg/L of PVPP yielded highly accurate predictive 

models for both ethanol and pH (Table 1).   

0 500 1500 2500

0
10

00
0

30
00

0
50

00
0

Wavelength (nm)

In
te

n
si

ty

0 500 1500 2500

0
10

00
0

30
00

0
50

00
0

Wavelength (nm)

In
te

n
si

ty



 

                                                      (a)                                         (b)      

 

                               (c)                                         (d) 

Figure 3. Raman spectra of red wine filtered with 47 mg/L (a), 53 mg/L (b), 60 mg/L (c), and 67 

mg/L (d) of polyvinylpolypyrrolidone (PVPP).      

5. Conclusions 

Predictive models of ethanol, pH, and total sugars in wine using Raman spectroscopy offer a 

quick and easy alternative to other common analytical methods before, during and after alcoholic 

fermentation.  The weak native signal of spontaneous Raman spectroscopy reduces background 

interference from other more dilute compounds, and the high native resolution and minimal sample 

prep needed for Raman spectroscopy make it a very attractive enological fermentation monitoring 
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tool.  Background fluorescence in red wines present a unique challenge in Raman modeling as 

florescence is a much more efficient process than Raman scattering, not to mention that this 

fluorescence increases as the wine ages and pigments.  Phenolic polymers can easily be removed 

with polyvinylpolypyrrolidone (PVPP), thus eliminating the background fluorescence issue 

entirely.  In closing, while Raman spectroscopy is widely applied across many industries, Raman 

spectroscopy for enology is a budding field.  Surface-enhanced Raman spectroscopy (SERS), 

spatially offset Raman spectroscopy (SORS), ultraviolet (UV) Raman spectroscopy, and 

photoacoustic Raman spectroscopy (PARS) represent only a fraction of the many possible 

applications of vibrational spectroscopy that have yet to be fully explored in both viticultural and 

enological applications. 
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