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Highlights

What are the main findings?
• FT-NIR enabled rapid multiparameter characterization of craft beer during fermenta-

tion and maturation.
• The NIRA transflectance accessory outperformed conventional quartz cuvette configu-

rations in spectral quality and model performance.
What are the implications of the main findings?
• Second-derivative preprocessing improved the robustness of chemometric calibration 

and validation models.
• NIRA-based FT-NIR analysis provides a rapid tool for monitoring key physicochemical 

parameters in craft beer production.

Abstract

Near-infrared spectroscopy (NIR) is a non-destructive technique for rapid and accurate 
food analysis. FT-NIR analysis requires no solvents and is particularly suitable for routine 
quality control applications. This study evaluated the application of Fourier-transform 
near-infrared (FT-NIR) spectroscopy for estimating key physicochemical parameters in 
beer, including pH, final gravity, alcohol content, acidity, bitterness units (IBU), and α-acid 
content, in finished products and during late fermentation and maturation. A dataset of 
350 samples was used for calibration and an independent hold-out subset of 50 samples was 
used for validation. Spectral data were collected with quartz cuvettes of 1.0, 0.5, and 0.1 cm 
path lengths, and a NIRA reflectance accessory (0.1 cm). Models were developed using 
Partial Least Squares (PLS) regression with 10 latent variables and processed via Spectrum 
Quant software. All configurations produced calibration R2  values above 0.84. Baseline 
corrections with first and second derivatives were tested. While most models exhibited 
satisfactory calibration performance, only NIRA maintained satisfactory performance in 
the independent hold-out validation subset, with regression slopes closest to unity and 
comparatively low standard errors. The model was applied as an exploratory case study to 
monitor physicochemical changes during a single fermentation and maturation process, 
showing no statistically significant differences from conventional analytical methods.
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1. Introduction
Beer styles are traditionally characterized by physicochemical parameters such as origi-

nal gravity, final gravity, alcohol content, color, and bitterness, which are essential for classi-
fication and quality control [1]. These attributes influence sensory perception and consumer 
acceptance, and their determination is a routine requirement in brewing laboratories [2].

Conventional analytical methods—distillation, titration, spectrophotometry, chro-
matography, and refractometry—are well established but often involve solvent use, generate 
chemical waste, and require extensive sample preparation. For instance, the determination 
of International Bitterness Units (IBUs) and α-acids typically relies on solvent extraction, 
while other parameters such as turbidity, pH, and total acidity demand multiple instruments 
and sequential analyses. These limitations underscore the need for rapid, cost-effective, and 
environmentally sustainable alternatives capable of delivering multi-parameter results in a 
single step [3].

Vibrational spectroscopy techniques, particularly mid-infrared (MIR) and near-
infrared (NIR), have emerged as powerful tools for food quality assessment. Their main 
advantages include minimal or no sample preparation, non-destructive measurement, rapid 
acquisition, and the ability to simultaneously estimate multiple physicochemical parameters 
through chemometric modelling. In the brewing sector, these techniques are applicable both 
in laboratory settings and in-line during production, enabling real-time process monitoring 
and quality control [4].

MIR spectroscopy has demonstrated strong correlations for parameters such as original, 
apparent, and real extract, degrees of fermentation, and alcohol content. However, its ability 
to accurately estimate low-concentration compounds, such as α-acids and bitterness-related 
compounds, may be limited when calibration datasets do not adequately capture sample 
variability. Expanding the diversity of beer styles and production conditions in FT-NIR 
modeling may improve model performance and increase the applicability of the calibration 
models within the studied sample population [5].

Recent research has reinforced the potential of MIR-based approaches. Meza-Márquez 
et al. [2] developed Fourier-transform mid-infrared (FT-MIR) chemometric models capable 
of simultaneously predicting color, alcohol content, bitterness, turbidity, pH, and total acid-
ity in craft beers from 24 styles. Their partial least squares (PLS) models achieved excellent 
calibration and validation statistics (R2  > 0.98) with analysis times of approximately six 
minutes, without the use of solvents or reagents. These findings demonstrate that FT-MIR 
can deliver rapid, accurate, and eco-friendly multi-parameter analysis, offering a viable 
alternative to conventional methods for small and medium-scale breweries.

While MIR has proven effective, NIR spectroscopy offers additional advantages for 
liquid samples. NIR radiation penetrates deeper into the sample matrix, allowing mea-
surements via simple optical paths such as transmission or transflectance, with minimal 
sample preparation. This facilitates direct analysis of turbid or colored liquids, where MIR 
often requires dilution or specialized cells to mitigate absorption and scattering effects. 
Moreover, NIR spectra are less affected by water absorption bands dominant in the MIR 
region, enabling more reliable measurements in aqueous systems. The technique also 
supports fiber-optic probes for in-line or at-line monitoring under industrial conditions, 
without interrupting process flow [6].
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Although NIR has been applied to monitor fermentation parameters online, most 
studies have been conducted under controlled conditions and limited style diversity [7]. 
The broader applicability of NIR across diverse beer styles—both during fermentation and 
in final products—remains underexplored.

Recent applications of NIR in brewing have expanded beyond basic compositional anal-
ysis. González Viejo et al. [3] demonstrated that NIR spectroscopy combined with machine 
learning could assess beer quality through the bottle, predicting sensory and physicochem-
ical attributes without opening the container. The effectiveness of such approaches may 
depend on bottle characteristics, including color and optical properties, which can influence 
spectral transmission. Similarly, Harris et al. [8] applied non-invasive NIR and advanced 
modelling to authenticate beers, assess quality, and detect faults, highlighting the potential 
for rapid screening in commercial environments. These innovations position NIR as a tool 
not only for quality control but also for product authentication and market differentiation.

The reliability and performance of chemometric models in both MIR and NIR applica-
tions depend heavily on the diversity of calibration datasets, optimization of acquisition 
parameters, and management of spectral artefacts such as saturation and noise. Recent 
reviews emphasize that careful selection of accessories, control of measurement condi-
tions, and appropriate pre-processing are critical to maximizing model performance and 
minimizing the risk of overfitting [9].

In this context, expanding the application of FT-NIR spectroscopy to a wider range of 
beer styles and production conditions could strengthen model generalizability and further 
support its application for both final product assessment and fermentation monitoring. 
Building on the demonstrated capabilities and operational advantages of NIR, the present 
study aims to develop and evaluate chemometric models for multi-parameter beer quality 
control, with a focus on enhancing speed, sustainability, and applicability across diverse 
brewing scenarios.

2. Materials and Methods
2.1. Sampling

Craft beer samples were provided by brewers affiliated with the Asociación de Cerve-
ceros del Litoral, who commercialize their products at festivals and public events held in 
Resistencia, Chaco, Argentina. The beer samples were collected by the brewers themselves 
and packaged in amber-colored bottles. All samples were stored under refrigeration at 4 °C 
until analysis. The sampling methodology followed procedures previously established by 
the authors [10].

Beer samples were maintained in their original amber bottles until analysis. Prior to 
FT-NIR measurements, bottles were opened immediately before spectral acquisition and 
samples were gently degassed to minimize the influence of dissolved carbon dioxide and 
foam formation on the recorded spectra. Spectral measurements were performed imme-
diately after sample preparation in order to minimize compositional changes associated 
with the loss of volatile compounds, particularly ethanol. All samples were handled using 
a standardized analytical procedure and measured under identical laboratory conditions 
throughout the study. The same protocol was applied consistently to both calibration and 
validation samples.

To maximize the variability represented in the dataset, no style-based separation was 
performed during the initial sampling phase. In addition, for the analysis of physicochemi-
cal parameters during the final stages of fermentation and maturation, beer was produced 
using a 40 L pilot-scale system available at the research facility, following protocols de-
scribed in previous studies [11]. The exploratory monitoring experiment was performed 
during a single fermentation and maturation process. For the fermentation and maturation 
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monitoring experiment, all physicochemical determinations were performed in triplicate. 
Results are reported as mean values, and the corresponding standard deviations were 
calculated from triplicate measurements.

The styles selected for targeted analysis were those with the highest production 
volume among regional craft brewers: British Golden Ale, English IPA, American Pale 
Ale, Irish Red Ale, American Amber Ale, American Porter, American Stout, and Dorada 
Pampeana, an Argentine style. A total of eight styles were included in the modeling 
phase, with fifty samples per style previously analyzed and classified according to their 
physicochemical parameters [10].

2.2. Physicochemical Attributes
International standards established by the Mitteleuropäische Brautechnische Analy-

senkommission (MEBAK) [12] were adopted as reference protocols for the determination of 
physicochemical parameters. Alcoholic strength (% ABV) was measured using refractome-
try and pycnometry, following the correlation outlined in MEBAK method 2.9.5. A manual 
refractometer (MLAT China), previously calibrated with distilled water, was employed 
to determine the refractive index required for alcohol calculation. Final gravity (FG) was 
assessed by pycnometry at 20 °C, in accordance with MEBAK method 2.9.2.2, expressed as 
a dimensionless unit relative to the FG of water at the same temperature × 1000. Titratable 
acidity (TA) was determined according to MEBAK method 3.2.3, using potentiometric 
titration with 0.25 mol/L sodium hydroxide, and results were expressed as % w/w lactic 
acid. Prior to analysis, beer samples were degassed to eliminate dissolved carbon dioxide. 
Bitterness (IBU) and α-acid content were determined according to MEBAK method 2.17.2 
and quantified spectrophotometrically as previously described by Gómez Pamies et al. [11]. 
Results were expressed as IBU and mg/L, respectively. All physicochemical determinations 
were performed in triplicate, and the values used for chemometric model development 
correspond to the mean of the analytical replicates.

2.3. Spectral Acquisition and Processing
Spectral acquisition was carried out using a Spectrum Two FT-NIR spectrometer 

(PerkinElmer, Waltham, MA, USA), equipped with a tungsten halogen light source and 
an InGaAs detector. The instrument operated within the 10,000–4000 cm−1  range, at a 
resolution of 4 cm−1 , averaging 32 scans per measurement.

A total of 400 independent craft beer samples representing eight beer styles (50 samples 
per style) were included in the study. Of these, 350 samples were employed for model 
calibration, while the remaining 50 samples were reserved for independent hold-out valida-
tion. Sample allocation was performed by random selection from the complete dataset. No 
formal stratification by beer style, brewery, production batch, or recipe was applied. Sam-
ples assigned to the validation subset were excluded from all stages of model development, 
calibration, and optimization to ensure an independent assessment of model performance. 
Prior to spectral acquisition, physicochemical parameters were determined using standard 
analytical methods, as previously described.

Spectral acquisition was conducted using quartz cuvettes with optical path lengths 
of 1.0 cm, 0.5 cm, and 0.1 cm in transmission mode, where infrared light passed directly 
through the liquid sample, with air used as the background reference. In parallel, the Near-
Infrared Reflectance Sampling Accessory (NIRA) of the Spectrum Two FT-NIR spectrometer 
was employed using a 0.1 cm optical path length. In this configuration, 3 mL of beer were 
placed in 40 mm Petri dishes, and an aluminium transflectance adapter was positioned 
above the sample to serve as an inert reflective surface. This setup enabled transflectance 
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measurements using an aluminium reflective surface to provide a fixed optical path length 
of 0.1 cm.

Spectral processing was performed using Spectrum Quant software version 10.7.2 
(PerkinElmer Inc., Waltham, MA, USA), applying the Partial Least Squares (PLS) algorithm 
with ten latent variables per model. The same number of latent variables was maintained 
across all models to ensure consistent comparison among optical configurations and pre-
processing strategies. Pre-processing steps included spectral normalization and baseline 
correction, using first- and second-derivative transformations as appropriate to enhance 
signal quality and minimize noise.

Model performance was assessed using statistical parameters automatically generated 
by the Spectrum Quant software, including the coefficient of determination (R2 ) for calibra-
tion and validation datasets, the Standard Error of Estimate (SEE), and the Standard Error 
of Prediction (SEP). The SEE describes the goodness of fit of the calibration models to the 
calibration dataset, whereas the SEP represents the prediction error estimated through the 
software validation procedure. Additionally, regression slopes and their corresponding 
standard errors were calculated from the independent hold-out validation subset to com-
pare the performance of the different cuvette path lengths and NIRA configurations under 
identical evaluation conditions.

Statistical comparisons between physicochemical parameters obtained by conventional 
analytical methods and those estimated by the FT-NIR models during the fermentation and 
maturation monitoring experiment were performed using Student’s t-test. Differences were 
considered statistically significant at p < 0.05.

3. Results and Discussion
3.1. Physicochemical Characteristics of Beer Samples

The research group previously classified and characterized the most widely produced 
craft beer styles in Chaco and Corrientes provinces of Argentina, which are marketed at 
local artisanal fairs across the region [11]. The physicochemical parameters of beer samples 
under study are as follows: the pH ranged from 4.10 to 4.75, with a mean of 4.39; FG 
varied between 1000 and 1017, with an average of 1007; ABV spanned from 1.99% to 7.65%, 
with a mean of 4.50%; TA ranged from 0.107% to 0.448%, with an average of 0.240%; IBU 
ranged from 7.66 mg/L to 52.53 mg/L, with a mean of 29.72 mg/L; α-acid content (AA) 
varied from 0.76 mg/L to 21.28 mg/L, with an average value of 9.51 mg/L. The parameters 
studied exhibited wide variation, with IBU and α-acids showing the greatest dispersion 
across styles. The broad variability represented in the present dataset may contribute to 
improving model performance and extending the applicability of the calibration models 
within the studied sample population. This approach responds to a growing demand in 
the brewing sector for rapid, non-destructive analytical tools that support quality assurance 
and process optimization [13,14]. Although prior studies have confirmed the feasibility 
of NIR for estimating key parameters during fermentation, they often relied on limited 
experimental conditions [8]. By incorporating a broader range of styles and fermentation 
profiles, the present study aims to contribute to the development of a more generalizable 
chemometric framework.

3.2. Comparative Spectral Analysis and Modeling
Figure 1 displays comparative spectra acquired using various optical accessories. For 

each quartz cuvette accessory, the optimal absorbance cutoff was individually configured to 
minimize spectral noise: 4.3 for a 0.1 cm path length, 4.1 for 0.5 cm, and 3.8 for 1 cm. These 
adjustments were necessary due to saturation zones and reduced resolution observed in 
the spectra obtained with quartz cuvettes. In contrast, no absorbance cutoff was required 
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when using NIRA, as the spectra exhibited no detectable noise across the full spectral range, 
allowing for direct calibration without threshold adjustment.

Figure 1. FT-NIR spectra obtained using quartz cuvettes with optical path lengths of 0.1 cm, 0.5 cm, 
and 1 cm, and NIRA transflectance accessory.

Optimizing the optical accessory geometry and acquisition parameters was decisive for 
improving calibration performance. Saturation in specific spectral regions can obscure rele-
vant absorption features or introduce systematic calibration errors, particularly in FT-NIR 
applications, where the signal-to-noise ratio and baseline stability are critical [15]. Limiting 
maximum absorbance not only improves spectral clarity, but also enhances measurement 
reproducibility and reduces instrumental variability, both of which are essential for the reli-
able modeling of complex matrices such as beer. Recent studies have similarly emphasized 
the importance of optimizing instrumental configurations and managing saturation zones 
to maximize informative spectral data while minimizing the risk of overfitting [16].

The comparative analysis of accessory configurations revealed strong calibration per-
formance across all evaluated parameters, with second-derivative models consistently 
outperforming those based on the first derivative. It is important to note that the statistics 
presented in Table 1 correspond to model development statistics generated during calibra-
tion and internal software validation procedures. These metrics describe the goodness of 
fit of the calibration models and should not be interpreted as evidence of predictive perfor-
mance on unseen samples. The predictive ability of the models was subsequently assessed 
using an independent hold-out validation subset (n = 50 samples), and the corresponding 
results are presented in Table 2.

As shown in Table 1, the calibration models exhibited high coefficients of determination 
(R2 ). For the second derivative, values ranged from 0.9436 for IBU prediction using the 
0.1 cm cuvette to 0.9824 with NIRA, whereas the corresponding first-derivative models 
yielded lower values (0.8371 and 0.9454, respectively). This marked improvement indicates 
that second-derivative preprocessing improved the statistical performance of the calibration 
models obtained in the present study, thereby supporting the applicability of FT-NIR spec-
troscopy for beer analysis within the scope of the studied dataset. The superior performance 
was evident across most properties and configurations; for example, ABV prediction with 
NIRA achieved an R2  of 0.9759 using the second derivative compared to 0.9247 with the 
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first. Estimation precision also improved, as reflected in lower Standard Error of Estimate 
(SEE) and Standard Error of Prediction (SEP) values for second-derivative models.

Using PLS regression, strong correlations were obtained across all variables, with 
particularly high accuracy for FG and ABV, parameters that typically exhibit stronger and 
more stable analytical relationships. These findings align with recent studies validating NIR 
spectroscopy and multivariate modeling for rapid beer quality assessment. For instance, 
Fulgêncio et al. [17] reported SEP values below 0.6% and R2  above 0.99 for ABV prediction 
across 92 beer samples using portable NIR and PLS regression. Similarly, González Viejo 
et al. [18] demonstrated classification accuracies above 0.95 for early fault detection in 
commercial beers using NIR data and artificial neural networks.

Table 1. Statistical performance parameters (R2 , SEE, and SEP) of the calibration models obtained 
using first- and second-derivative preprocessing for different cuvette and accessory configurations.

Second Derivative First Derivative

Accessory Property
% Coefficient of 
Determination 

(R2 )

Standard 
Estimation 
Error (SEE)

SEP
% Coefficient of 
Determination 

(R2 )

Standard 
Estimation 
Error (SEE)

SEP

NIRA

pH 0.9627 0.025 0.025 0.9242 0.035 0.035
FG 0.9824 0.000 0.000 0.9454 0.001 0.001

ABV % 0.9759 0.182 0.184 0.9247 0.321 0.325
TA % 0.9528 0.012 0.012 0.8693 0.020 0.020

IBU (mg/L) 0.9584 1.914 1.942 0.8820 3.223 3.268
AA (mg/L) 0.9540 0.975 0.989 0.8428 1.802 1.827

0.1

pH 0.9502 0.028 0.029 0.8520 0.049 0.050
FG 0.9544 0.001 0.001 0.9071 0.001 0.001

ABV % 0.9557 0.246 0.249 0.8896 0.389 0.395
TA % 0.9570 0.012 0.012 0.8886 0.019 0.019

IBU (mg/L) 0.9436 2.228 2.254 0.8439 3.707 3.765
AA (mg/L) 0.9589 0.921 0.934 0.8660 1.664 1.690

0.5

pH 0.9645 0.024 0.024 0.8597 0.048 0.048
FG 0.9585 0.001 0.001 0.9039 0.001 0.001

ABV % 0.9618 0.229 0.231 0.9047 0.361 0.367
TA % 0.9654 0.010 0.010 0.8962 0.018 0.018

IBU (mg/L) 0.9565 1.956 1.978 0.8371 3.786 3.826
AA (mg/L) 0.9708 0.777 0.786 0.8676 1.654 1.672

1

pH 0.9489 0.029 0.029 0.8618 0.047 0.048
FG 0.9561 0.001 0.001 0.9090 0.001 0.001

ABV % 0.9555 0.247 0.250 0.8969 0.376 0.381
TA % 0.9590 0.011 0.011 0.8756 0.020 0.020

IBU (mg/L) 0.9511 2.075 2.104 0.8560 3.559 3.595
AA (mg/L) 0.9635 0.868 0.875 0.8684 1.649 1.666

Although all accessory configurations yielded strong calibration statistics (Table 1), 
the results obtained from the independent hold-out validation subset (Table 2) revealed 
substantial differences between calibration and validation performance. The NIRA-based 
models produced validation slopes that were considerably closer to unity and exhibited 
lower standard errors than those obtained with quartz cuvettes. In contrast, the quartz-
cuvette configurations failed to maintain the calibration relationships when evaluated using 
the hold-out validation subset, despite their high calibration R2  values. These findings 
highlight the importance of independently assessing model performance beyond calibration 
statistics alone.
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Table 2. Regression slope and its standard error obtained from the independent hold-out validation 
subset using first- and second-derivative spectral preprocessing, assessed across different cuvette 
path lengths and accessory configurations.

Second Derivative First Derivative

Accessory Property Slope Standard Slope Error Slope Standard Slope Error

NIRA

pH 1.140 0.045 0.804 0.136
FG 1.115 0.065 0.955 0.120

ABV % 1.108 0.044 0.763 0.089
TA % 1.150 0.047 0.804 0.103

IBU (mg/L) 1.114 0.044 0.596 0.158
AA (mg/L) 1.176 0.060 0.536 0.157

0.1

pH 0.040 0.079 0.181 0.087
FG 0.261 0.101 0.522 0.135

ABV % 0.136 0.099 0.244 0.118
TA % 0.097 0.012 0.364 0.100

IBU (mg/L) 0.003 0.083 0.027 0.101
AA (mg/L) 0.105 0.099 0.089 0.110

0.5

pH −0.195 0.094 −0.092 0.097
FG 0.102 0.109 0.493 0.142

ABV % 0.187 0.090 0.292 0.098
TA % 0.112 0.070 0.366 0.087

IBU (mg/L) 0.038 0.098 0.062 0.087
AA (mg/L) −0.096 0.130 −0.003 0.136

1

pH 0.113 0.087 0.204 0.105
FG −0.093 0.172 0.544 0.147

ABV % 0.193 0.119 0.307 0.119
TA % −0.098 0.112 0.904 0.110

IBU (mg/L) 0.125 0.129 −0.009 0.097
AA (mg/L) 0.355 0.130 0.234 0.158

As shown in Table 2, increasing the optical path length in quartz cuvettes was associated 
with a progressive deterioration in validation performance. The quartz-cuvette configura-
tions exhibited regression slopes that deviated substantially from unity and, in some cases, 
approached zero or became negative. These results indicate reduced agreement between 
estimated and reference values and suggest that the calibration relationships observed 
during model development were not maintained when evaluated using the independent 
hold-out validation subset. In contrast, NIRA produced slopes closer to unity with lower 
standard errors, indicating more consistent performance under the evaluated conditions.

The independent hold-out validation subset was evaluated using regression slopes 
and their corresponding standard errors. These statistics enabled comparison of the dif-
ferent optical configurations under identical validation conditions. While this approach 
allowed identification of the most suitable measurement configuration, additional statistical 
parameters could provide a more comprehensive assessment of model performance and 
should be considered in future investigations.

NIRA was specifically designed to generate attenuated spectra across the full mea-
surement range, particularly for aqueous samples. Its sealed architecture and integrated 
calibration standard minimize environmental interference, enhancing reproducibility and 
reducing error margins. A key advantage of NIRA is its support for transflectance measure-
ments, ideal for gels and liquids. In this configuration, incident radiation passes through 
the sample and is reflected back via an inert mirror surface, effectively doubling the optical 
path length while maintaining fixed geometry [19,20]. This ensures consistent, rapid mea-

https://doi.org/10.3390/beverages12110133

https://doi.org/10.3390/beverages12110133


Beverages 2026, 12, 133 9 of 14

surements with high analytical precision, as the adapter’s fixed height guarantees uniform 
path length across samples. The present study provides additional insights into FT-NIR 
workflow optimization, particularly regarding calibration and independent validation.

Figure 2 displays calibration plots using NIRA and first-derivative transformation. In 
all cases, verification yielded slope values below 1, indicating systematic underestimation of 
experimental values. Figure 3 presents the same analysis using the second derivative, show-
ing significantly improved calibration and verification performance, with regression slopes 
approaching unity. This enhancement was especially notable for the estimation of IBU and α-
acid content, which have previously been difficult to model accurately [21]. This may be one 
of the advantages of employing NIRA in combination with second-derivative preprocessing, 
as it improved the estimation of reference values associated with low-concentration analytes 
such as α-acids within the studied sample set. Furthermore, this precision complements 
the accurate simultaneous quantification of the other evaluated beer parameters.

Figure 2. Calibration and verification models developed using the PLS algorithm and first-derivative 
transformation for pH, total acidity, final gravity, alcohol content, IBU, and α-acids.

Although the results obtained for IBU and α-acids were encouraging, these mod-
els should be interpreted as empirical chemometric models calibrated against reference 
measurements rather than as direct spectroscopic quantification of isolated α-acids or 
iso-α-acids. The estimation performance observed may be influenced not only by spectral 
information associated with bitterness-related compounds but also by covariance with other 
compositional characteristics present in the studied beer samples. Further studies involving 
variable-importance analyses and additional validation strategies would be valuable to 
better understand the specificity of these models.

The second-derivative-based model was applied in an exploratory case study to evalu-
ate physicochemical changes during the final stages of fermentation and maturation, with 
emphasis on the final stage, which plays a key role in beverage clarification and sensory 
stabilization. Recent studies have shown that NIR spectroscopy effectively tracks late-stage 
fermentation dynamics and maturation-related changes, including reductions in suspended 
particles and bitterness compounds [22]. Experimental and predicted values showed no 
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statistically significant differences according to Student’s t-test (p > 0.05), as illustrated in 
Figure 4. The first three data points correspond to the final hours of fermentation, while the 
last three represent the maturation phase, monitored at 8-h intervals.

Figure 3. Calibration and verification models developed using the PLS algorithm and second derivative 
transformation for pH, total acidity, final gravity, alcohol content, IBU, and α-acids.

Figure 4. Comparison between the selected predictive model and physicochemical parameters 
obtained through conventional analytical methods and chemometric estimation. Error bars represent 
standard deviations calculated from triplicate measurements.

During maturation, yeast cells undergo flocculation and sedimentation, facilitating 
the removal of suspended particles and contributing to visual and colloidal stability. This 
clarification process is crucial for improving filtration efficiency and shelf-life [23]. Sedi-
mentation of yeast and solids during maturation also correlates with a measurable decline 
in bitterness compounds such as IBU, which stabilize once conditioning is complete. This 
phenomenon has been observed in both industrial and craft brewing, where premature or 
delayed flocculation can significantly affect flavor balance and product consistency [24].
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The observed changes in selected parameters align with expectations for fermentation 
and maturation, particularly regarding yeast dynamics and flocculation behavior [25]. 
Physicochemical variations during maturation are typically less pronounced than during 
fermentation, suggesting that this approach may have potential for identifying the transition 
between fermentation and maturation, often marked by shifts in specific gravity and alcohol 
content [26]. However, additional validation would be required to confirm its applicability 
under different brewing conditions. In the current context, where craft brewers increasingly 
focus on yeast reuse, subtle batch-to-batch variations in these parameters may serve as 
indicators for determining whether continued yeast reuse is advisable or whether a fresh 
inoculum should be introduced [27].

To explore the potential applicability of FT-NIR measurements beyond beer, spectra 
were also acquired from mead, fernet, and gin, beverages frequently offered by craft produc-
ers at regional fairs (Figure 5). These measurements were not included in model calibration 
or validation and should therefore be regarded as a preliminary exploratory assessment 
rather than a validation of model transferability across beverage matrices. In the spectral 
region between 4000 and 5000 cm−1 , differences associated with alcohol content were ob-
served, consistent with previous reports for alcoholic beverages [17]. Chemometric analysis 
yielded ABV values of 4.7 ± 0.2%, 22.3 ± 0.3%, and 28.7 ± 0.4%, and FG values of 1007 ± 1, 
1027 ± 1, and 1030 ± 1 for mead, fernet, and gin, respectively. The corresponding estimates 
obtained using the developed models were 4.5 ± 0.2%, 22.8 ± 0.3%, and 29.4 ± 0.3% for 
ABV, and 1007 ± 1, 1026 ± 1, and 1029 ± 1 for FG. Although these observations suggest 
potential areas for future investigation, they do not constitute validation of the beer-derived 
models for other alcoholic beverages. Additional studies involving larger datasets and 
beverage-specific calibration strategies would be required to evaluate the applicability of 
the approach across different matrices. Furthermore, spectral differences were observed 
around 4560 cm−1 , suggesting that this region may warrant further investigation in future 
studies involving different alcoholic beverages.

Figure 5. FT-NIR spectra obtained using NIRA transflectance accessory for Beer, Mead, Fernet 
and Gin.
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4. Limitations
The main limitations of this study relate to the transferability of the calibration mod-

els developed. The models were generated using a specific FT-NIR instrument and its 
accessories; therefore, their direct application with different equipment or optical configu-
rations may require adjustments or recalibration procedures. In addition, the calibration 
and validation datasets consist of beer samples produced in the provinces of Chaco and 
Corrientes, in Argentina. These samples are representative of local craft brewing practices 
and share several characteristics, including commonly used raw materials and similar water 
sources. Consequently, prior to routine implementation, the applicability of the models to 
beers produced in other geographic regions—with substantially different raw materials, 
water composition, brewing practices, or product characteristics—should be evaluated. 
Nevertheless, the present results demonstrate the viability of FT-NIR spectroscopy as a 
rapid tool for monitoring relevant physicochemical parameters during beer production 
and provide a methodological foundation for future studies in other brewing contexts and, 
following appropriate beverage-specific validation, potentially other fermented beverages.

In addition, the calibration and validation samples originated from the same regional 
brewing population and were separated through random hold-out allocation rather than 
through independent external sampling. Consequently, the reported validation results 
should be interpreted within the scope of the current dataset. Further studies involving 
independent breweries, broader geographical origins, and leave-one-style-out validation 
approaches would be valuable for assessing model transferability and robustness.

5. Conclusions
This study confirms the effectiveness of FT-NIR spectroscopy combined with second-

derivative transformation and NIRA transflectance for rapid, accurate, and solvent-free 
characterization of craft beer. The chemometric models enabled the estimation of key physic-
ochemical parameters with minimal sample preparation and satisfactory reproducibility. 
Among all tested optical configurations, NIRA transflectance consistently delivered superior 
spectral quality, particularly in aqueous samples, while derivative correction improved 
baseline stability and model performance.

Beyond final product assessment, the methodology provided preliminary evidence 
of its applicability for monitoring physicochemical trends during a single fermentation 
and maturation process, including changes associated with clarification and sedimentation. 
These observations should be regarded as exploratory findings obtained under the specific 
conditions evaluated in the present study. Further investigations involving additional 
fermentation stages, independent production batches, and broader validation strategies will 
be necessary to assess the applicability of the approach throughout the brewing process.
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