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Abstract
Fermentation is a cornerstone of the food system, offering several benefits in nutrition,
food safety, sustainability, and sensory quality. Historically rooted in food preserva-
tion and cultural practices, fermentation has evolved into a dynamic biotechnologi-
cal tool, spanning diverse applications from dairy, meat, vegetable, and plant-based
foods to by-product valorization. The process leverages microbial metabolisms (pri-
marily lactic acid bacteria, yeasts, and molds) to enhance shelf life and sensory prop-
erties, improve digestibility, and generate bioactive compounds. Advances in preci-
sion fermentation and strain engineering have further extended fermentation poten-
tial to address emerging food challenges.Traditional fermentation monitoring relies
on manual, off-line techniques that lack real-time responsiveness. The integration
of advanced sensor technologies, artificial intelligence (AlI), and Process Analytical
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Technology (PAT) enables real-time, non-invasive process control. Among these
tools, near-infrared (NIR) spectroscopy stands out due to its speed, low cost, mini-
mal sample preparation, and compatibility with multivariate data analysis. NIR spec-
troscopy, combined with machine learning models, has demonstrated robust perfor-
mance in predicting fermentation parameters across multiple food matrices, including
alcoholic beverages, dairy, plant and meat fermented products, bread, kombucha, and
vinegar. However, challenges such as spectral complexity, calibration transferability,
and model interpretability persist.Future perspectives emphasize the convergence of
NIR spectroscopy with digital twins, hybrid modeling, and explainable Al, enabling
self-optimizing, adaptive fermentation systems. Emerging NIR devices offer portabil-
ity and scalability, democratizing access to smart fermentation control for both indus-
trial and artisanal producers. This paradigm shift lays the groundwork for intelligent,
sustainable, and precision-driven food fermentation.

KeywordsArtificial intelligence; Alcoholic beverages; Dairy fermented products; Dry
fermented sausages; Dough; Fermented plant materials; Machine learning; Process
analytical technology; Vibrational spectroscopy; Vinegar

1. Introduction

Fermentation represents one of the oldest and most transformative
technologies in human history. Its origins date back over 12,000 years,
when it was used primarily for food preservation and enhancement of nu-
tritional profile and digestibility. Early human societies practiced sponta-
neous fermentation of fruits, milk, and grains to ensure food availability
during harsh seasons. Fermented beverages such as early forms of beer
and wine were consumed in Neolithic communities, while dairy fermenta-
tion into yogurt or kefir likely developed in nomadic pastoralist societies.
As societies evolved, so did fermentation practices, adapting to regional
climates, available substrates, and microbial ecosystems. The importance
of fermentation is underscored by its global presence; nearly every culture
has its own traditional fermented foods, from kimchi in Korea and sauer-
kraut in Europe to injera in Ethiopia and natto in Japan. Nowadays, it is
estimated that about a third of daily food consumption worldwide is made
up of fermented foods, including fruits, vegetables, cereals, dairy prod-
ucts, fish, and meat (Ray et al., 2024).

Today, fermentation has become a cornerstone of industrial food
biotechnology, driving innovations in probiotics, alternative proteins,
functional foods, and waste valorization. Recent scientific breakthroughs
in biotechnology, artificial intelligence (Al), and bioprocess engineering
are unlocking new dimensions of fermentation that will likely shape the
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future of food processing (Dissanayake et al., 2025; Kumar, Meghana,
Pavani, Kumar, & Chintagunta, 2024).

Implementing effective monitoring and control systems is crucial to
support expansion of fermentation processes, addressing issues such as
culture growth variability, foam management, and biogenic amines for-
mation. In particular, real-time measurement of pH, temperature, nutrient
concentration, and microbial cells growth is paramount for ensuring im-
mediate process adjustments and optimizations (Abbaspour, 2024). Con-
trol systems based on sensor technologies, data analytics, and communi-
cation protocols can effectively manage food safety risks and ensure the
integrity and safety of the fermented foods (Abass, Eruaga, Itua, & Ba-
ture, 2024).

Tehrefore, this chapter, after outlining the relevance of fermentation
processes in food production, will address both conventional and real-time
approaches for process monitoring and control. Subsequently, it will high-
light the effectiveness of near-infrared (NIR) spectroscopy combined with
multivariate data analysis as a tool for Process Analytical Technology
(PAT) applied to the food industry.

S 2. Fermentation in food processing

Fermentation is a metabolic process whereby microorganisms, in-
cluding lactic acid bacteria (LAB), yeasts, and molds, convert organic
substrates (mainly carbohydrates) into bioactive molecules such as lactic
acid, ethanol, and carbon dioxide. These biochemical conversions occur
in the absence of oxygen or under microaerophilic conditions, creating
an environment inhospitable to many spoilage and pathogenic organisms.
The transformation of simple or complex substrates into a variety of valu-
able compounds contributes significantly to the unique flavors, textures,
and health benefits of fermented products (Izah, Odubo, Ogwu, & Hait,
2024).

LAB, notably species from the Lactobacillus, Leuconostoc, Pediococ-
cus, and Streptococcus genera, dominate lactic fermentations. Their meta-
bolic products, including organic acids and bacteriocins, lower the pH
and inhibit undesirable microbes. LAB are particularly important in the
fermentation of dairy products, vegetables, and cereals. Yeasts, such as
Saccharomyces cerevisiae, are integral to alcoholic fermentations, con-
verting sugars into ethanol and carbon dioxide, a process essential in
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brewing, winemaking, and bread-leavening. Additionally, certain
non-Saccharomyces yeasts contribute to aroma development and acid reg-
ulation. Molds, including Penicillium, Rhizopus, Aspergillus, and Mucor
species, play crucial roles in fermenting soy-based foods (e.g., tempeh
and miso) and in ripening cheeses, contributing to enzymatic degradation
of proteins and fats that enhance flavor, aroma, and texture (Izah et al.,
2024). These microorganisms may be used individually or synergistically
in multi-microbial fermentations to achieve specific outcomes.

In modern food systems, fermentation is increasingly being exploited
using starter cultures, i.e., carefully selected strains with predictable meta-
bolic profiles. These cultures allow control over flavor, texture, safety,
and fermentation kinetics, making them essential tools in standardized
production environments. Moreover, advances in genomics and systems
biology now enable the engineering of strains to enhance desired traits
or introduce new functionalities, such as vitamin production, exopolysac-
charide synthesis, or antimicrobial activity. The biological diversity and
adaptability of fermentative microbes make fermentation one of the most
versatile and robust tools for modern food innovation. It serves as a bridge
between tradition and technology, enabling both the preservation of cul-
tural food practices and the creation of novel, sustainable food solutions
(Génzle et al., 2024).

Fermentation versatility is evident in its applications spanning dairy,
meat, vegetables, cereals, plant-based foods, and by-product valoriza-
tion (Dissanayake et al., 2025; Olatunde et al., 2023). Fermented
dairy products are among the most ancient and widely consumed fer-
mented foods. Foods such as yogurt, kefir, sour cream, buttermilk, and
various cheeses are produced through the activity of LAB and, in some
cases, yeasts and molds. Most of the LAB that grow in dairy products
can hydrolyze lactose, reducing its content, thus improving tolerance in
lactose-intolerant individuals, although lactose is not always completely
consumed. These microorganisms produce lactic acid, which lowers the
pH and helps preserve the product. Acidification, exopolysaccharide pro-
duction, and enzymatic reactions also contribute to the development of
textural properties. Proteolytic activity during fermentation also leads
to the release of bioactive peptides with potential antihypertensive, im-
munomodulatory, and antioxidant properties. In cheeses, molds such as
Penicillium roqueforti and Penicillium camemberti are used to create the
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distinct flavors and textures of blue and soft cheeses (Anumudu, Miri, &
Onyeaka, 2024; Jang, Lee, & Paik, 2024).

In fermented meat and fish products, such as salami, pepperoni, su-
juk, and fermented fish sauces, LAB and coagulase-negative staphylo-
cocci play central roles in acidification, flavor development, and pathogen
control. These products undergo a curing and drying phase that, when
coupled with microbial fermentation, imparts distinct aromas and textures
while ensuring microbiological safety. Nitrite-reducing and color-stabi-
lizing effects of the fermentative microbiota contribute to appealing sen-
sory and visual qualities. The enzymatic breakdown of proteins and lipids
generates flavor precursors, while controlled fermentation helps prevent
spoilage and pathogenic growth (Izah et al., 2024; Stegmayer et al.,
2023).

Fermentation of vegetables and fruits is common in many cultural
contexts, with well-known examples including kimchi, sauerkraut, pick-
les, and brined olives. These products benefit from extended shelf life,
increased vitamin content (notably vitamin C and B vitamins), and the
presence of health-promoting probiotic bacteria. Spontaneous or inocu-
lated LAB fermentations are often used, with strains such as Lactobacil-
lus plantarum dominating. The metabolic activities of LAB reduce nitrate
and pesticide residues, improve digestibility, and yield a complex array of
aromatic compounds. Fruit-based fermentations also produce functional
beverages, such as tepache and water kefir, which have probiotic and an-
tioxidant properties (Aguirre-Garcia et al., 2024; Ray et al., 2024).

Cereal-based fermentations, such as in sourdough bread, involve the
synergistic activity of yeasts and LAB. These microorganisms leaven the
dough and contribute to the development of flavor, crust color, and tex-
ture. Importantly, fermentation reduces the glycemic index and improves
mineral bioavailability by breaking down anti-nutritional compounds like
phytic acid. In legumes, fermentation transforms raw soybeans into miso,
tempeh, and natto, enhancing digestibility, increasing the concentration of
bioavailable isoflavones, and producing bioactive substances such as nat-
tokinase and gamma-polyglutamic acid. These products are notable for
their high protein content and are integral components of traditional Asian
diets (Abbaspour, 2024; Izah et al., 2024; Ray et al., 2024).

In response to consumer demand for sustainable and animal-free
foods, fermentation plays a pivotal role in developing plant-based meat,
dairy, and egg alternatives. It is used to improve the texture, flavor, and
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nutritional quality of plant protein sources by reducing bitterness and in-
creasing solubility. More recently, precision fermentation - a process in-
volving genetically engineered microbes to produce target molecules - has
enabled the creation of animal-identical proteins such as casein, whey,
and egg albumin. These ingredients are now incorporated into vegan
cheese, yogurt, and bakery products, where they replicate the sensory and
functional properties of their animal-derived counterparts (Abbaspour,
2024; Alasi, Sanusi, Sunmonu, Odewole, & Adepoju, 2024).

Fermentation is a critical post-harvest step in the production of coffee
and cocoa, where it serves to remove mucilage and initiate the biochemi-
cal changes responsible for developing flavor precursors. In coffee, yeast
and bacterial populations drive mucilage degradation and initiate enzy-
matic conversions that shape acidity, body, and aroma. For cocoa, a suc-
cession of yeasts, LAB, and acetic acid bacteria facilitates the degradation
of pulp and the development of chocolate flavor precursors through ox-
idative and enzymatic pathways. Controlled fermentation techniques are
increasingly used to ensure consistency and elevate bean quality for spe-
cialty markets (Lopez-Palestino et al., 2025; Ray et al., 2024).

Fermentation also serves as a sustainable solution to valorize agro-in-
dustrial by-products. Dairy whey, fruit pomace, and vegetable peels, once
considered waste, are now fermented to produce high-value products such
as bioethanol, lactic acid, bioplastics, and functional beverages. These
valorized streams reduce environmental impact and support the circu-
lar economy. Whey, for instance, can be fermented into probiotic drinks
or used as a substrate for producing polyhydroxyalkanoates (PHAs),
biodegradable plastics with growing relevance in food packaging. Sim-
ilarly, citrus peels and grape pomace are fermented to extract antioxi-
dants and develop natural preservatives (Areti et al., 2024; Kumar et al.
2023; Salas-Millan & Aguayo, 2024).

Together, these applications illustrate the profound and growing role
of fermentation in shaping modern food systems, delivering enhanced nu-
trition, safety, flavor, and sustainability across a wide range of products.

2.1 Advantages of fermentation

Fermentation presents a suite of advantages that span health, food secu-
rity, sustainability, product preservation, and sensory enrichment (Fig.
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1). The selected starter cultures are critical in preserving the integrity,
quality, and nutritional features of foods, especially in fresh products and
fruits and vegetable beverages, which have a dynamic microbiome. These
benefits are not only appreciated by traditional food cultures but are in-
creasingly recognized and exploited by modern food science and technol-
ogy (Anumudu et al., 2024; Dissanayake et al., 2025).

The improved safety and stability of perishable food products is due to
the production of organic acids, such as lactic and acetic acid, which lower
pH levels and create an inhospitable environment for many spoilage or-
ganisms and foodborne pathogens like Listeria monocytogenes, Clostrid-
ium botulinum, and Salmonella. LAB also produce bacteriocins, which
are antimicrobial peptides that further enhance food safety (Aguirre-Gar-
cia et al., 2024; Anumudu et al., 2024). In addition, carbon dioxide
produced by fermenting yeasts can displace oxygen and reduce oxida-
tion, thus delaying rancidity and spoilage. These microbial activities en-
able the natural preservation of foods without synthetic additives or refrig-
eration, making fermentation especially valuable in resource-limited and
traditional settings (Ogwu & Ogunsola, 2024).

The nutritional value of fermented foods is enhanced through multi-
ple pathways. Fermentation improves the bioavailability of micronutri-
ents such as iron, zinc, and calcium by degrading anti-nutritional com-
pounds like phytates and oxalates (Abbaspour, 2024). For example,
sourdough fermentation of whole grains reduces phytic acid content,
which otherwise chelates minerals and impairs their absorption (Lima,
De Dea Lindner, & Martin, 2024). Fermentative microbes also syn-
thesize beneficial compounds including B vitamins (such as folate, ri-
boflavin, and vitamin B12), essential amino acids, and bioactive peptides
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(Anumudu et al., 2024; Jang et al., 2024). The enzymatic break-
down of macronutrients, such as carbohydrates, proteins, and lipids, im-
proves digestibility and allows for more efficient absorption of nutrients.
In legumes and dairy products, fermentation reduces allergenic potential
by hydrolyzing complex proteins into peptides and amino acids, rendering
the food more tolerable for sensitive individuals (Jang et al., 2024).

Fermented foods serve as effective carriers of probiotic microorgan-
isms, which include species from the genera Lactobacillus, Bifidobac-
terium, and Saccharomyces (Anumudu et al., 2024). These probiotics
can colonize or transiently persist in the human gut, where they help
modulate the intestinal microbiota, enhance gut barrier function, inhibit
pathogens, and stimulate immune responses. Fermented foods like yogurt,
kefir, kimchi, and kombucha often naturally contain or are supplemented
with these beneficial microbes. Moreover, the fermented food matrix can
help protect probiotics during passage through the acidic stomach envi-
ronment (Aguirre-Garcia et al., 2024).

Fermentation is a major contributor to the sensory qualities of food.
The microbial production of volatile compounds such as esters, aldehy-
des, ketones, and alcohols results in distinctive aromas and flavors asso-
ciated with fermented products like cheese, wine, sauerkraut, and sour-
dough bread (Izah et al., 2024). These flavor compounds evolve through-
out fermentation and are influenced by microbial strains, substrate compo-
sition, and fermentation conditions. Texture is also enhanced through mi-
crobial action. In yogurt and kefir, for instance, LAB produce exopolysac-
charides that increase viscosity and creaminess. In fermented sausages,
protein degradation by microbial enzymes leads to a tender, cohesive tex-
ture (Stegmayer et al., 2023). In sourdough bread, the interaction be-
tween LAB and wild yeasts results in a well-structured, airy crumb and a
crisp crust (Lima et al., 2024).

Fermentation contributes significantly to the sustainability of food sys-
tems. By extending shelf life and reducing spoilage, fermentation helps
mitigate food waste. It also provides energy-efficient alternatives to ther-
mal processing (Sarma, Chatterjee, & Shrestha, 2024). In industrial
contexts, fermentation is used to convert low-value raw materials and
food processing by-products into high-value products such as biofuels,
bioplastics, enzymes, organic acids, and flavor compounds. This val-
orization process supports circular economy principles and reduces en-
vironmental impact (Kumar et al., 2023; Salas-Millan & Aguayo,
2024). Furthermore, fermentation plays a critical role in the development
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of plant-based and animal-free food innovations, offering alternatives to
conventional animal products that are more resource-efficient and have a
lower carbon footprint (Abbaspour, 2024).

2.2 Challenges and limitations of fermentation

Despite its protective nature, fermentation can fail if undesirable microbes
gain dominance (Fig. 1). Improper hygiene, temperature control, or sub-
strate preparation can lead to contamination by spoilage organisms or
toxin producers such as Clostridium or Bacillus species. The production
of biogenic amines, like histamine and tyramine, can also pose health
risks in fermented meats, cheeses, and fish if not adequately monitored
(Paramithiotis & Ray, 2024).

While fermentation reduces certain allergens and enhances digestibil-
ity, it can also lead to the accumulation of biogenic amines, particularly in
aged cheeses, sausages, and wine. These compounds, including histamine
and tyramine, may provoke migraines, rashes, or gastrointestinal symp-
toms in sensitive individuals. The risk is exacerbated in unregulated ar-
tisanal settings. Selecting non-decarboxylating strains and implementing
proper ripening and storage protocols can reduce this risk (Abbaspour,
2024).

Traditional fermentations, especially those dependent on spontaneous
microbial communities, can result in inconsistent product quality. Vari-
ables such as raw material composition, temperature, humidity, and in-
digenous microbial load influence the fermentation trajectory. This lack
of reproducibility hinders scalability and regulatory approval for com-
mercial applications. Employing standardized starter cultures and con-
trolled fermentation systems mitigates this challenge, enabling greater
predictability and batch-to-batch uniformity (Abbaspour, 2024; Génzle
et al., 2024). On the other hand, in continuous fermentation systems, in-
dustrial bacterial strains are prone to lose key production traits, compro-
mising process stability and yield. Indeed, over time, certain microorgan-
isms, especially those subjected to repeated subculturing, long-term stor-
age, or stress conditions, can lose critical traits that are essential for their
functional performance (Peng & Liang, 2020). In both cases, real-time
monitoring through the implementation of IoT (Internet of Things) de-
vices can enable precise control of the fermentation process, by track-
ing key parameters such as pH, redox potential, temperature, and nutrient
concentration, thus providing early warnings of process deviations. The
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use of these devices allows the enhancement of fermentation efficiency
and consistency, ensuring that the production process remains within ideal
conditions. Moreover, Al tools, like digital twins (i.e., virtual simula-
tions of physical fermenters), allow for optimization of scale-up processes
and adaptive control strategies, thereby minimizing waste and maximiz-
ing product yield (Abbaspour, 2024; Alasi et al., 2024).

S 3. Monitoring and control strategies

Despite the long-standing history of fermentation and its well-docu-
mented health benefits, actual scientific understanding of fermented foods
remains incomplete and dispersed. Traditional fermentation practices,
largely based on empirical knowledge, encounter limitations in achieving
process consistency, industrial scalability, and comprehensive exploita-
tion of microbial diversity (Zhang et al., 2025). Thus, the food industry
encounters substantial challenges in ensuring safety and quality through-
out the fermentation process. Conventional monitoring and control meth-
ods are often limited by their lack of real-time responsiveness, resulting in
suboptimal process efficiency, delayed intervention in the event of micro-
bial or physicochemical deviations, and elevated risks of contamination.
Moreover, manual monitoring procedures are susceptible to human error,
further compromising process reliability. These limitations underscore the
need for advanced, real-time analytical technologies capable of enhanc-
ing control precision and ensuring consistent fermentation outcomes in
compliance with food safety standards (Abbas et al., 2024). Innovations
in sensor systems, Al, machine learning (ML), and digital twin frame-
works are enabling unprecedented precision, efficiency, and product qual-
ity in fermentation-based food production (Abbaspour, 2024; Alasi et
al., 2024).

3.1 Traditional monitoring techniques

Traditionally, fermentation monitoring mainly relies on simple measure-
ments of pH, optical density, temperature, and redox potential. These vari-
ables provide indirect insight into microbial activity and metabolic pro-
gression. However, while pH serves as a rapid and well-understood in-
dicator of process deviations, it does not elucidate the underlying causes
of such deviations, which is crucial for evaluating both biological and
engineering performance in bioprocess monitoring. Similarly, optical
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density provides a rough estimation of broth turbidity, often interpreted
as an index for biomass concentration; however, it does not accurately re-
flect the physiological state of the bacterial culture. Furthermore, optical
density measurements are typically performed off-line, introducing a time
lag between sampling and data acquisition, which usually takes place in
a laboratory setting (Narayana, Christensen, Skov, & van den Berg,
2019).

Traditional analytical techniques used in biotechnological industries
for product quantification and quality control (e.g., plate counting,
high-performance liquid chromatography - HPLC, and DNA-based as-
says) are generally performed post-process. These methods are labor-in-
tensive, time-consuming, and subject to high variability. Moreover, their
throughput is often insufficient to accommodate the increasing demand
for monitoring multiple parallel production lines (Narayana et al., 2019).

Manual sampling for microbial plate counts, sugar content, and prod-
uct yield remains widespread in small-scale operations. In the fermenta-
tion of kombucha, for instance, manual sugar testing using HPLC, en-
zyme methods, and anthrone-sulfuric acid method remain off-line stan-
dard procedures for determining residual sugar concentration and fermen-
tation completeness (Zhao et al., 2023).

In yogurt production, periodic sampling and off-line acid-base titra-
tions or pH measurements are used to monitor LAB metabolic activity and
product acidification. Lactic acid, carbohydrates (i.e., lactose and galac-
tose), and bacterial concentrations can be also evaluated as key indicators
of fermentation progress, but they are not routinely measured, being ex-
pensive and time-consuming (Grassi et al., 2013).

In cocoa bean fermentation, frequent manual turning of fermentation
boxes and temperature logging are practiced to ensure oxygenation and
control of microbial succession. These are critical to flavor development
and are guided by sensory inspection, manual pH readings, and tempera-
ture measurements taken at various depths. The sucrose concentration re-
duction is usually measured in total soluble solids (°Brix) and it is an in-
dex of microbial activity (Pinto et al., 2024).

In beer brewing and wine fermentation, traditional monitoring in-
volves daily gravity measurements with hydrometers or refractometers,
visual observation of foaming and bubbling activity (indicative of CO2
release), and taste evaluations to assess fermentation progress and poten-
tial contamination. These artisanal methods are still commonly practiced
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in craft operations and hobbyist setups (Gallego-Martinez et al., 2024;
Harris et al., 2024).

While accessible and low-cost, these traditional approaches are la-
bor-intensive, time-delayed, and prone to contamination. For instance,
off-line sugar measurements using chemical reagents require repeated
handling, raising contamination risks and introducing variability between
operators, as specifically reported for kombucha fermentation (Zhao et
al., 2023).

The lack of real-time feedback limits responsiveness and hampers con-
sistent product quality, especially under variable environmental condi-
tions. Furthermore, traditional methods provide single-point data, making
it difficult to capture the dynamic microbial and biochemical changes that
occur continuously during fermentation. The absence of data integration
across physical and biochemical variables also makes it challenging to im-
plement predictive or closed-loop control strategies in traditional systems
(Zhang et al., 2025).

3.2 Advanced monitoring techniques

In recent years, significant improvements in-line, real-time monitoring

systems allowed precise control of fermentation parameters, overcom-

ing the issues associated with traditional monitoring methods. These sys-
tems include (Khan et al., 2024; Lin & Sun, 2020; Narayana et
al., 2019; Niyigaba, Kii¢likgdz, Kotozyn-Krajewska, Krolikowski, &

Trzaskowska, 2025):

* Miniaturized and integrated bio- and chemo-sensors for continuous
measurement of temperature, pH, biomass, and gases (e.g., CO,, NH3,
0,), eliminating the need for manual sampling and reducing contami-
nation risks. These sensors provide high sensitivity and specificity for
detecting fermentation endpoints, spoilage events, or contamination;

e NIR and visible-NIR (vis-NIR) spectroscopy for non-invasive and
high-speed tracking of fermentation kinetics, such as sugar consump-
tion, production of compounds from biochemical conversions, and
bacterial concentration;

e Mid-infrared (MIR) and Raman spectroscopy for tracking specific
metabolite transformations, such as lactic acid and volatile compound
production.
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Electronic-noses (e-noses) and electronic-tongues (e-tongues) mimic
human sensory systems using sensor arrays that capture volatile or-
ganic compounds and taste-relevant molecules to assess aroma pro-
files and fermentation maturity in products like wine, cheese, and
kombucha;

Omics technologies, such as metagenomics, transcriptomics, pro-
teomics, and metabolomics, to reveal microbial community dynamics
and metabolic pathways. These tools inform microbial selection, strain
engineering, and process optimization.

Al, including ML and deep learning (DL) models, is increasingly in-

tegrated into fermentation systems to interpret large volumes of process
data and inform decision-making (Niyigaba et al., 2025). These tools
reduce the time and resources required for traditional trial-and-error opti-
mization and open the door to fully automatic fermentation systems. ML
and DL algorithms enhance pattern recognition, error detection, and adap-
tive control. Popular techniques include:

Principal component analysis (PCA): It is widely used as a pattern
recognition step and to reduce the dimensionality of spectral datasets,
thus facilitating better training of ML models (Zhao et al., 2023);
furthermore it could be applied to construct multivariate statistical
process control (MSPC) charts, based on Hotelling’s T? and Q resid-
uals statistics, which are powerful tools for monitoring and control-
ling complex processes involving multiple correlated variables (Fer-
rer, 2007);

Partial least square regression (PLSR): Commonly used for linear
modeling; it offers fast computation but may underperform in nonlin-
ear systems (Lin & Sun, 2020);

Artificial neural networks (ANNs) and convoluted neural networks
(CNNs): Nonlinear models that handle high-dimensional and non-lin-
early correlated data more effectively (Zhao et al., 2023);

Support vector machines (SVMs): Although less common than PLSR
and ANN in fermentation, SVMs have demonstrated strong gener-
alization capabilities in classifying fermentation stages, particularly
when using NIR-derived feature sets in systems like beer brewing and
fermented beverages (Harris et al., 2024);

Multivariate curve resolution-alternating least squares (MCR-ALS):
Employed in conjunction with NIR spectroscopy to resolve overlap-
ping spectral signals. This chemometric tool allows for deconvolution
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of spectra into pure component profiles, aiding the interpretation of
fermentation phenomena (Jaumot, De Juan, & Tauler, 2015);
Hybrid (or gray-box) modeling approaches: Hybrid models combine
mechanistic knowledge of fermentation kinetics with data-driven tech-
niques, thus integrating the strengths of both approaches to enhance
the monitoring and control of food fermentation processes. These
models utilize fundamental biochemical and microbial kinetic equa-
tions to describe system behavior, while employing ML or statistical
methods to capture complex, non-linear patterns and compensate for
unmodeled dynamics or measurement noise. This synergy improves
prediction accuracy, robustness, and adaptability under variable pro-
cessing conditions (Albino et al., 2024; Herrera-Ruiz, Fontalvo, &
Prado-Rubio, 2024).

Explainable artificial intelligence (XAI): Tools focused on making Al
systems, especially complex models like DL, more transparent, inter-
pretable, and trustworthy to human users. The goal is to provide un-
derstandable insights into how and why Al models make decisions,
particularly in high-stakes fields like healthcare, finance, autonomous
vehicles, and food process control, where black-box decisions are un-
acceptable without justification. Common XAl tools include feature
importance metrics (e.g., Shapley additive explanations — SHAP; lo-
cal interpretable model-agnostic explanations — LIME), visualization
techniques (e.g., saliency maps in image classification, partial depen-
dence plots — PDPs, t-distributed stochastic neighbor embedding/uni-
form manifold approximation and projection - t-SNE/UMAP for vi-
sualizing internal embeddings), rule-based explanations (e.g., decision
tree surrogates for neural networks; rule extraction algorithms; coun-
terfactual explanations), and model-specific tools, like attention maps
in transformer models, and gradient-weighted class activation map-
ping (Grad-CAM) for CNNs (Gunning & Aha, 2019).

Big data-driven process operations can drive digitalization in food in-

dustries. In process industries, digitalization initiatives primarily aim to
enhance production throughput, efficiency, and product quality without
necessitating additional physical infrastructure. Among these initiatives,
digital twins have emerged as a pivotal concept. Digital twin technology
refers to the creation of a digital replica of a physical system, such as a
product, process, or entire plant. This digital construct enables real-time
data exchange, simulation, and decision-making. There are three main
forms of digital constructs (Udugama, Kelton, & Bayer, 2023):
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e Digital model: It uses off-line data without real-time connectivity;

¢ Digital shadow: It receives real-time data from the physical process
but cannot influence it;

* Digital twin: It features bi-directional data exchange, allowing the dig-
ital model to influence real-time operations through feedback loops.
Digital twins help optimize decisions throughout the lifecycle of food

products, from formulation to large-scale production. They enable si-

multaneous consideration of sensory qualities, nutritional value, safety,
circular production, and market dynamics. Multi-scale models integrate
data across layers, from consumer behavior to plant operations, enabling
dynamic adjustments in response to changes in demand, raw material
variability, or quality parameters. Moreover, predictive models allow for
early-stage optimization of new food products and help reduce costs re-
lated to scale-up and design validation. Digital twins help also monitor
and minimize energy usage, material waste, and environmental impact
through precise control of operations. Despite these promising advances,

several challenges remain (Udugama et al., 2023; Zhang et al., 2025):

e High initial investment in digital twin and Al infrastructure may limit
adoption by small- and medium-sized enterprises;

e The complexity of microbial ecosystems demands robust, adaptive
modeling that integrates multi-omics data, which is still in early-stage
deployment across the food industry;

e QGreater efforts are required in data integration, interoperability, and
cybersecurity for real-time systems operating across multiple scales
and locations.

Ongoing advances in sensors, Al, and process modeling are key en-
ablers for shifting from conventional to modern monitoring systems
(Udugama et al., 2023), which are of paramount importance also in
boosting the application of PAT in the food industry. PAT was initially
developed by the Food and Drug Administration (FDA) for the phar-
maceutical sector; then, it has gained increasing relevance in the food
industry as a transformative approach to quality control. PAT empha-
sizes real-time measurement and control of critical quality and perfor-
mance attributes during production, shifting quality assurance from tra-
ditional feedback mechanisms to predictive, model-based strategies. This
real-time, data-driven control fosters enhanced process understanding,
robustness, and consistency, facilitating innovation through the Qual-
ity by Design (QbD) approach. QbD builds upon PAT by promoting
a systematic de-
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sign of food products based on the prior identification and control of
critical quality attributes, supported by thorough process understanding.
Together, PAT and QbD offer significant benefits for the food industry,
including improved product quality, safety, authenticity, and regulatory
compliance, while simultaneously reducing production costs and enhanc-
ing resource efficiency. Nevertheless, the inherent complexity of food ma-
trices, due to the variability of raw materials, intricate processing dynam-
ics, and perishability, poses unique implementation challenges that must
be addressed through advanced modeling and control strategies (Grassi
& Alamprese, 2018).

The development of innovative and advanced solutions has been
markedly accelerated by the advent of Fourth Industrial Revolution (In-
dustry 4.0) technologies, which encompass Al, cyber security, augmented
reality, big data analytics, cloud computing, robotics, the IoT, additive
manufacturing (3D printing), and biotechnology. While the implementa-
tion of such technologies is well-established across several industrial sec-
tors, the integration of Industry 4.0 in agriculture and the food industry
remains in a developmental phase, with ongoing efforts aimed at explo-
ration and optimization (Adeleke, Nwulu, & Adebo, 2023; Hassoun,
Dankar, Bhat, & Bouzembrak, 2024).

The modern food supply chain faces critical challenges requiring tech-
nological innovation to ensure sustainability, efficiency, and security. The
IoT emerges as a transformative solution, particularly within the agricul-
tural sector, where dynamic and complex workflows demand real-time,
responsive management. [oT refers to a network of compact, low-power
electronic devices, each functioning as a "smart node", that wirelessly
collect, process, and transmit data via cloud infrastructure. In agricul-
ture, core functions of IoT include observation, control, and actuation,
which facilitate continuous monitoring of the supply network and enhance
real-time data exchange. This capability significantly reduces losses, sup-
ports food safety, and improves overall traceability and visibility across
the food chain. When integrated with complementary technologies such
as big data analytics, blockchain, and ML, 10T enables the advancement
of smart agriculture, achieving key objectives like increased productiv-
ity, water conservation, and reduced pesticide usage. Despite its poten-
tial, current [oT implementations in the food sector remain nascent and
fragmented, necessitating comprehensive integration to realize full-scale
benefits across food safety, storage, distribution, and processing. This
highlights the pressing need for coordinated efforts to modernize the
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agri-food ecosystem through loT-enabled innovation (Adeleke et al.,
2023).

As for food fermentation, Schorn-Garcia et al. (2024) emphasized
how PAT can enable in-line, non-invasive, and continuous monitoring
of key physicochemical parameters. Their work reviewed a spectrum of
PAT-compatible sensors, including Raman, NIR, and mass spectrometry
systems, and highlighted case studies where PAT was used to enhance
the reproducibility and control of microbial fermentation. Particularly, the
integration of PAT into bioreactor systems for microbial biomass and
metabolite tracking demonstrated strong potential for closed-loop con-
trol. Bockisch, Kielhorn, Neubauer, and Junne (2019) provided an
early but comprehensive perspective on PAT deployment in industrial fer-
mentation. The review emphasized the transition from empirical control
strategies toward model-based control, supported by real-time data ana-
lytics. The study illustrates how sensors embedded in bioprocesses reduce
process variability while improving QbD compliance. Together, these
studies highlight the shift from static, end-point assays toward dynamic,
Al-augmented monitoring frameworks capable of capturing real-time bio-
chemical and microbial changes. They demonstrate how modern tools
bridge the gap between empirical practices and precision fermentation, ul-
timately enabling higher consistency, traceability, and adaptability across
diverse fermented food systems.

S 4. NIR spectroscopy as a tool for PAT in food
fermentations

Vibrational spectroscopic methods, such as NIR, MIR, Raman and
terahertz spectroscopies, and hyperspectral imaging are gaining popular-
ity in bioprocess monitoring following the PAT approach, since they en-
able rapid, non-invasive, and multi-component analysis of fermentation
processes (Narayana et al., 2019). Vibrational spectroscopy provides a
molecular fingerprint of a sample and holds significant potential for its
quantification, qualification, characterization, and structural elucidation.
Due to its minimal sample preparation requirements, simplicity, non-de-
structive nature, and rapid analysis capabilities, vibrational spectroscopy
has been widely employed for both qualitative and quantitative assess-
ment of diverse agricultural and food matrices (Lin & Sun, 2020).
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In particular, NIR spectroscopy has emerged as one of the most pow-
erful analytical tools in the non-destructive, real-time monitoring of food
fermentation. Its advantages over conventional wet chemistry (i.e., rapid
acquisition, minimal sample preparation, multi-component detection, po-
tential for automation) make it particularly suitable for dynamic bio-
processes where chemical and physical transformations evolve contin-
uously. NIR spectroscopy operates in the 780-2500 nm wavelength
(4000-12,800 cm™!) range and relies on molecular overtone and combi-
nation vibrations, particularly those of C-H, O-H, and N-H bonds. In
food fermentation, this enables the quantification of carbohydrates, or-
ganic acids, alcohols, and water content, all critical indicators of microbial
activity (Zhao et al., 2023).

To predict key fermentation parameters based on spectroscopic data,
data-driven models are employed (Fig. 2). NIR spectra are indeed typi-
cally complex, with overlapping signals and collinearity. The use of Al
models is therefore necessary to extract the information of interest.

To improve the spectra quality, different preprocessing methods can
be used, such as standard normal variate (SNV), scaling, multivariate
scatter correction (MSC), smoothing (Savitzky—Golay — SG, moving av-
erage, and median filter), detrending, first and second derivatives. Fea-
ture wavelength selection can also be useful to decrease the computa-
tion load and increase predicting accuracy by removing low informa-
tive bands and extracting the most meaningful wavelengths. To the aim,
PLSR, PCA, stepwise regression (SR), successive projection algorithm

MODEL IMPLEMENTATION

+ @4 ‘ w .II d @
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PREPROCESSING DEVELOPMENT VALIDATION
DATA
ACQUISITION

Fig. 2 Workflow of the use of NIR spectroscopy in food fermentation monitoring.
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(SPA), uninformative variable elimination (UVE), and genetic algorithm
(GA) can be used (Lin & Sun, 2020).

Supervised calibration models are generally categorized into two main
types: classification and regression models. The goal of classification
is to assign samples to discrete categories or classes, whereas regres-
sion approaches aim to predict continuous numerical values. Supervised
classification methods include linear discriminant analysis (LDA), partial
least squares discriminant analysis (PLS-DA), SVMs, K-nearest neigh-
bors (KNN), soft independent modeling of class analogy (SIMCA), and
random forest algorithms. Regression models encompass both linear and
non-linear techniques. Linear regression methods include multiple linear
regression (MLR), principal component regression (PCR), and PLSR. In
contrast, nonlinear regression approaches involve ANNs, support vector
regression (SVR), and least squares support vector machines (LS-SVM)
(Lin & Sun, 2020).

Stability and performance optimization of the model are typically as-
sessed using cross-validation, an iterative validation procedure. After-
wards, prediction performance and robustness are determined by external
validation procedures (Westad & Marini, 2015). Performance of classi-
fication models is assessed by verifying if samples belonging to the class
of interest are correctly assigned or mislabeled. Thus, the common di-
agnostic metrics include sensitivity, specificity, and accuracy (Oliveri,
2017), which should be evaluated at each step of model development.
Common evaluation metrics for regression models include the root mean
square error of calibration (RMSEC), cross-validation (RMSECV), and
prediction (RMSEP), along with the corresponding coefficients of de-
termination for calibration (R?.), cross-validation (R?.,), and prediction
(R?p). The optimal model is usually identified based on achieving the
highest R? values and the lowest RMSE values (Lin & Sun, 2020).

4.1 Examples of NIR spectroscopy applications in food
fermentation

Table 1 summarizes some recent applications of NIR spectroscopy in
food fermentation monitoring and control. Although mainly developed at
a lab-scale, these applications show the potential of NIR spectroscopy for
the development of on-line monitoring methods in line with the PAT ap-
proach. To make the text easier to navigate, the applications are presented
in alphabetical order both in the table and in the following text.
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Table 1 NIR spectroscopy applications in food fermentation.

Food product NIR application References
Alcoholic Monitoring the entire craft Franga et al. (2021)
beverages beer production process by
means of multivariate control
chart.
Investigation of temporal Cavallini et al. (2025)
trends and relationships with
brewing parameters in
homemade production.
Quantification of key brewing ~ Zhou et al. (2024)
components during the
mashing and boiling stages of
wort.
Beer fermentation endpoint Harris et al. (2024)
prediction.
Monitoring sugar-alcohol Alfieri et al. (2025),
transformations and phenolic Gallego-Martinez et al.
changes in winemaking. (2024), Littarru et al.
(2023)
Real-time alcohol monitoring Naito et al. (2024)
during sake production.
Prediction of key parameters Kasemsumran et al. (2022)
during fermentation of
pineapple wine.
Bread Dough fermentation state Castro-Reigia et al. (2024),
assessment. Chang et al. (2021), Jiang
et al. (2025)
Dairy Dynamic modeling of kefir Gorla et al. (2023), Grassi
fermented fermentation. et al. (2013), Grassi et al.
products Monitoring and quality control ~ (2014), Muncan et al.
of yogurt fermentation (2021)
dynamics.
Dry Process stage prediction. Gonzalez-Mohino et al.
fermented (2020)

sausages
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Food product NIR application References

Fermented Monitoring bacterial Pinto et al. (2024), Tirado-

plant population shifts and Kulieva et al. (2024), Chen

materials antioxidant profile during et al. (2021), Wang et al.
cocoa bean fermentation. (2021)

Tracking microbial succession
and volatile compounds during
coffee fermentation.
Catechins and theanine content
prediction in differently
fermented teas.
Monitoring key chemical
components across black tea
processing stages.
Kombucha Sugar content prediction using ~ Zhao et al. (2023), Zhao et
hybrid models. al. (2025)
Real-time prediction of sugar
and bacterial biomass.
Vinegar Prediction of ethanol content Menozzi et al. (2024)
and total acidity throughout
the entire fermentation cycle.

Fermentation is a cornerstone process in the production of alcoholic
beverages, such as beer, wine and sake. The precise control of fermenta-
tion parameters, especially sugar conversion to ethanol and the formation
of flavor-active compounds, is essential for ensuring consistent quality.
Traditionally, these processes have been monitored using classical labo-
ratory techniques like gas chromatography—mass spectrometry (GC-MS),
HPLC, sensory evaluations, and various wet chemistry techniques to mea-
sure key parameters like alcohol content, pH, acidity, and density. While
accurate, these methods are unsuitable for on-line monitoring. The use
of NIR spectroscopy, especially in the winemaking field, is consolidated
(Cozzolino, Dambergs, Janik, Cynkar, & Gishen, 2006), and recent
advances have also demonstrated that it can be a valid alternative for
non-destructive, rapid, and cost-effective monitoring in real time. The de-
velopment of portable NIR devices has also democratized the technol-
ogy, making it accessible to homemade processes and small-scale pro-
ducers. These handheld instruments can be operated via smartphone ap-
plications and are capable of generating immediate, meaningful insights
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into the brewing process with minimal training (Cavallini, Cavallini, &
Savorani, 2025).

Franca, Grassi, Pimentel, and Amigo (2021) developed a comprehen-
sive approach for monitoring the entire craft beer production process, in-
cluding mashing, circulation, boiling, fermentation, and carbonation, by a
benchtop NIR device. Based on spectral data, a multivariate control chart
was constructed to track beer development batch by batch. Four batches
under normal operating conditions were used to build the model, and three
external batches were used for validation (i.e., two with intentional distur-
bances and one under standard conditions). NIR spectra were also used to
predict soluble solid content by PLSR. The findings highlight the method
robustness, simplicity, and effectiveness for holistic monitoring and con-
trol of the brewing process. Even though the sampling was at-line per-
formed, the system could be easily transformed into an in-line one.

Cavallini et al. (2025) examined the use of the handheld SCiO NIR
sensor to monitor fermentation in homebrewed beers. Using PCA, they
showed how even simple analytical tools could reveal temporal trends
corresponding to different fermentation stages. The effect of tempera-
ture changes during fermentation was also revealed. Scattering informa-
tion contained in the spectra was related to bubble formation and size.
However, the Authors noted that variations in raw materials, such as the
use of distinct malt extracts from different manufacturers or tailored for
specific beer styles, as well as environmental conditions, including sea-
sonal brewing periods and differences in storage temperature and light ex-
posure, may lead to markedly divergent fermentation outcomes. From a
computational standpoint, a dedicated application capable of performing
PCA or other process monitoring analyses on collected data is essential
for end-users. The development of a smartphone-based application facil-
itating automated data acquisition and interpretation represents a highly
promising direction. Although the SCiO “Applets” integrated within the
“SCiO Pocket Molecular Sensor” application offer some functionality in
this regard, current customizable applets do not support real-time process
control capabilities. The on-line or in-line sampling was not feasible due
to both the NIR instrument used and the homebrewed process.

Zhou et al. (2024) applied NIR and other spectroscopic methods (Ra-
man and UV-Vis) for monitoring Qingke (i.e., cultivar of hulless bar-
ley that grows at high altitudes) beer fermentation. Their work focused
on quantifying key brewing components (i.e., reducing sugar, free amino
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nitrogen, and total phenolic) during the mashing and boiling stages of
wort, through ANN, PLSR, and LS-SVM models. Actually, contents of
these components change rapidly, and conventional testing methods can’t
be used for real-time monitoring of the process. The ANN model demon-
strated the highest performance in quantitative prediction, outperform-
ing the PLSR model, while the least stable results were obtained with
LS-SVM. This can be attributed to the complex chemical transformations
occurring in the wort during the mashing and boiling stages, where the
concentrations of critical compounds do not follow a linear progression.
Although these nonlinear variations are captured within the spectral data,
the ANN model, being inherently nonlinear due to its activation functions,
exhibits a superior ability to model the complex relationships between in-
put features and target variables. The results then proved the reliability of
spectroscopy and chemometrics for monitoring and quality control of beer
brewing, thus ensuring high quality and stable production. Furthermore,
the use of the liquid probe working in diffuse reflection connected to a
benchtop instrument could be envisioned for on-line applications.

Harris et al. (2024) developed a method using handheld NIR spec-
troscopy and ML models to analyze beers without opening bottles, pre-
venting quality assurance issues, fraud, and origin concerns. Type of fer-
mentation, intensity of 16 sensory descriptors, and volatile aromatic com-
pounds measured by GC-MS were all predicted with high accuracy (up to
99% of correct classification for fermentation type, and correlation coef-
ficients between 0.92 and 0.94 for the other responses) by applying ANN
models. However, a limited number of samples were used (i.e., 25 beers),
thus additional data are needed to better represent real-world variability.

Littarru et al. (2023) investigated the application of NIR spec-
troscopy for real-time, on-line monitoring of fermentation in winemak-
ing. NIR spectroscopy was used to calculate PCR models for the predic-
tion of the concentration of key fermentation metabolites including glu-
cose, fructose, anthocyanins, and polyphenols. Despite the limited num-
ber of samples, the developed models demonstrated quite good predic-
tion capability (R2p > (.74), highlighting the potentiality of this technol-
ogy, which must be tested with a larger dataset to capture a wider range
of chemical scenarios and enhance the model robustness. Alfieri et al.
(2025) compared a low-cost NIR prototype with a commercial FT-NIR
spectrometer. While the prototype showed slightly reduced performance,
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it still achieved strong predictions for anthocyanins (ratio of performance
to deviation RPD = 5.49) and polymeric pigments (R*, = 0.87, RMSEP
= 0.15), confirming its potential for real-time process control. The use-
fulness of NIR spectroscopy to monitor chemical changes occurring dur-
ing oenological processes was recently reviewed by Gallego-Martinez
et al. (2024), who highlighted its application in tracking malolactic fer-
mentation, sugar-alcohol transformations, and phenolic maturation stages.
The ability to continuously monitor volatile and non-volatile profiles can
enable winemakers to make timely interventions, optimizing aroma and
mouthfeel in the final product.

Naito et al. (2024) introduced a novel NIR method for directly mea-
suring sake mash during brewing using two optical measurement sys-
tems: a diffuse reflection and a transflectance method. To mitigate the
effects of water absorption and multiple scattering due to physical prop-
erties of sake mash, the difference spectra of the diffuse reflection and
transflectance spectra were calculated. A PLSR model achieved a RM-
SEP value of 0.76% v/v for alcohol prediction, with a significant improve-
ment compared to diffuse reflectance alone (RMSEP = 1.99% v/v). This
method allowed real-time alcohol monitoring in unfiltered, turbid mash
samples, overcoming one of the key limitations of traditional NIR appli-
cations in sake production.

Kasemsumran et al. (2022) used FT-NIR spectroscopy with a trans-
flectance probe to simultaneously predict four key parameters during fer-
mentation of pineapple wine: ethanol, total soluble solids, total acidity,
and total volatile acids. The optimized PLSR models yielded R?*, >0.97
for ethanol, RPD >4 for all parameters, RMSEP as low as 0.087% for
ethanol, enabling accurate online monitoring without sample preparation.

Overall, NIR spectroscopy offers a fast, efficient, and cost-effective
solution for monitoring the production process of alcoholic beverages. Its
adaptability to both industrial and artisanal or homemade applications,
coupled with its ability to integrate with digital tools and Al, makes it an
indispensable component of modern analytics in this field.

NIR spectroscopy has emerged as a promising tool for non-invasive
and rapid assessment of bread dough fermentation, providing a scien-
tific basis for quality control and process optimization in both tradi-
tional and modern baking systems. Conventional methods for monitoring
the leavening step rely heavily on manual procedures, making them la-
bor-intensive and inefficient. Often, a bakery expert judges the quality of
doughs before baking, making subjective the assessment. Rheo-fermen-
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tation analysis presents a valuable alternative by delivering precise pa-
rameters that reflect the quality attributes of baked goods (Jiang et al.,
2025). Nevertheless, this technique is limited by its time-consuming na-
ture and the need for extensive sample sets. In contrast, recent studies
by Castro-Reigia et al. (2024), Chang et al. (2021), and Jiang et al.
(2025) demonstrate how NIR spectroscopy, integrated with multivariate
analysis and ML, can effectively monitor dough leavening stages and pre-
dict rheological properties critical to product quality in a rapid, non-inva-
sive, and cost-effective way.

In the study by Chang et al. (2021), NIR spectroscopy combined with
supervised learning algorithms (i.e., SVM and KNN) was applied to mon-
itor the fermentation of Chinese steamed bread. Through different prepro-
cessing techniques and variable selection methods, the Authors confirmed
that reasonable monitoring model of dough fermentation could be estab-
lished. SG-smoothing was found as the best pretreatment method to elim-
inate the physical interference and noise of NIR spectra. Thirteen charac-
teristic features were finally selected from the spectra, thus reducing the
computational load of the model and improving their performance. The
SVM model to distinguish among under-, optimal-, and over-fermenta-
tion stages achieved 94% accuracy in the training set and 92% in the pre-
diction set, outperforming the KNN model. Thus, the integration of NIR
spectroscopy with supervised learning algorithms provides an objective
alternative to manual assessment for determining the fermentation state
of dough, minimizing the variability associated with human judgment.
Moreover, this approach enables rapid, real-time monitoring of the fer-
mentation process, thereby supporting increased automation and consis-
tency in Chinese steamed bread production.

The fermentation stage of dough was the focus also of the work by
Castro-Regia et al. (2024), but in industrial bread production. The Au-
thors implemented a PLS-DA classification model based on NIR spectra
collected at-line in a bakery setting using a commercial NIR system. In
the optimal case, sensitivity and specificity exceeded 86% for all classes
in the prediction set. This study was conducted as a proof of concept for
the near-future integration of a NIR spectrometer within the fermentation
chamber of an industrial bakery production line. The proposed approach
involves acquiring a single spectral measurement from each dough sam-
ple to estimate its fermentation status. This strategy enables the real-time
identification of underperforming doughs prior to baking, allowing for
timely adjustments to fermentation conditions (e.g., temperature and hu-
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midity) to optimize product quality and to reduce energy consumption and
product waste.

Jiang et al. (2025) explored the use of NIR spectroscopy in monitor-
ing dough fermentation in 3D-printed bakery products. SVM and PLSR
models were trained on NIR data differently preprocessed to predict key
rheological parameters: storage modulus (G’), loss modulus (G"”), com-
plex viscosity (n*), and loss factor (tan 6). The SVM model outper-
formed the PLSR one, achieving R2p values higher than 0.93 for all the
rheological parameters except tan & (R2p =0.67), by using 27-39 selected
variables depending on the considered response.

To sum up, NIR spectroscopy offers several notable advantages when
applied to dough fermentation monitoring. As a non-destructive and rapid
technique, it allows measurements to be taken without altering the dough
structure, preserving sample integrity throughout the process. Its capac-
ity for real-time analysis enables continuous observation of fermenta-
tion dynamics, which is particularly beneficial for industrial applications.
Furthermore, the method requires minimal sample preparation, thereby
streamlining workflows and enhancing operational efficiency on the pro-
duction line. Another key strength lies in its compatibility with multivari-
ate analytical tools and ML techniques, which enable the effective model-
ling of complex, nonlinear relationships between spectral data and dough
properties. This analytical power supports process automation, making it
suitable for integration with smart sensors in-line quality control systems.

Dairy fermented products such as yogurt and kefir rely on complex
biochemical transformations primarily driven by LAB. Accurate moni-
toring of these fermentations is critical for product quality, safety, and
consistency. Traditionally, fermentation control has relied on pH mea-
surements, titratable acidity, microbial counts, and rheological analysis.
While effective, these methods are time-consuming, labor-intensive, and
not suitable for real-time, in-line monitoring. The advent of NIR spec-
troscopy, combined with chemometrics, has introduced a non-invasive,
rapid alternative for process control.

The use of handheld NIR spectrometers as PAT tools in kefir fermen-
tation was evaluated by Gorla, Ferrer, and Giussani (2023), providing
guidance on best practices and key steps for enabling process monitor-
ing. Key aspects relevant to batch processes, such as specific growth rate,
substrate consumption, and oxygen transfer, were systematically investi-
gated and discussed, with a dual focus on enhancing process understand-
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ing and exploring opportunities for real-time monitoring and endpoint de-
termination. By integrating various statistical tools, the meaningful infor-
mation was extracted from the spectral data, facilitating the identification
of correlations with the chemical and physical transformations occurring
during the process. Additionally, specific spectral features associated with
kefir fermentation within the examined wavelength range were charac-
terized and interpreted. Ultimately, miniaturized NIR spectroscopy was
shown to effectively capture relevant information pertaining to kefir fer-
mentation, enabling the detection of variations in process conditions.

The review by Mehra et al. (2022) highlights the importance of
advanced analytical tools, including Fourier transform (FT)-NIR spec-
troscopy, for the real-time, non-destructive monitoring of fermentation
dynamics and quality control in yogurt production. In particular, the
works by Grassi et al. (2013) and Grassi, Alamprese, Bono, Casir-
aghi, and Amigo (2014) demonstrated that it is possible to monitor lac-
tic acid fermentation by FT-NIR spectroscopy coupled with kinetic mod-
els based on principal components or MCR-ALS, enabling the identifi-
cation of deviations in key quality parameters. Similarly, Muncan, Tei,
and Tsenkova (2021) demonstrated the effectiveness of aquaphotomics
based on FT-NIR spectroscopy as a real-time, non-invasive tool for moni-
toring the yogurt fermentation process. Moving window PCA (MWPCA)
was employed to track temporal spectral changes, enabling detection of
three distinct fermentation stages aligned with bacterial growth dynam-
ics and acidification. Spectral variations were largely attributed to wa-
ter structural changes and light scattering from evolving casein micelles,
thus reflecting key physicochemical events in yogurt production. The dis-
similarity index derived from MWPCA loadings revealed rapid spectral
transitions during the logarithmic phase of microbial growth, correspond-
ing to significant acidification and structural transformations. These find-
ings highlight the potential of NIR spectroscopy, combined with aquapho-
tomics, for robust and automated quality control in yogurt production.

Summarizing, NIR spectroscopy offers several important advantages
for monitoring dairy fermentation processes. Its non-destructive nature
enables real-time, in-line assessments without disrupting the sample, al-
lowing for continuous tracking of fermentation progress. This technique
is capable of simultaneously monitoring multiple constituents, including
sugars, organic acids, and protein-related changes, making it a powerful
multiparametric tool. Once the system is established, spectral acquisition
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is rapid and cost-effective, offering high throughput with minimal
per-sample expense. Furthermore, parameters derived from NIR data have
been shown to strongly correlate with conventional measurements such as
pH, titratable acidity, lactic acid concentration, and rheological properties,
confirming its reliability as an alternative to traditional methods.

In the production of dry-fermented sausages, fermentation and dry-
ing phases are important to define the sensory properties of the final prod-
ucts. Most of these sausages are produced using traditional methods, typi-
cally with limited mechanization and minimal control over the final prod-
uct, which could lead to high variability in final product quality. Accurate
data on the quality of these products can derive from several analytical
methods, such as physicochemical, chromatography, mass spectrometry,
or sensory ones, but they are destructive, expensive, tedious, time- and
solvent-consuming. Thus, Gonzalez-Mohino et al. (2020) proposed a
NIR-based approach for monitoring the production of traditional dry-fer-
mented sausages and classifying samples by processing stage. The use of
a handheld NIR spectroscopy device, combined with PLS-DA, allowed
for a correct classification of the stage of the process with 100% sensitiv-
ity and specificity in prediction. The proposed approach may be useful to
determine when to move from one stage to the next one, but further stud-
ies are needed before upscaling to an industrial setup.

Several plant materials need fermentation to develop peculiar sen-
sory properties. For instance, the quality of cocoa beans is influenced
by both genetic factors and post-harvest processing, particularly fermen-
tation and drying. Genetic variation affects the biochemical composition
of the beans (e.g. content of proteins, lipids, carbohydrates, and pheno-
lic compounds), which in turn influences microbial activity and biochem-
ical transformations during fermentation, essential for flavor and color
development. However, practices such as mixing fermented with unfer-
mented beans and co-planting different genotypes hinder the identifica-
tion of high-value varieties and complicate quality control (Pinto et al.,
2024). To address these issues, NIR spectroscopy has emerged as a rapid
and effective tool for predicting biochemical quality traits and support-
ing the characterization, classification, and authentication of cocoa and
chocolate products. The study by Pinto et al. (2024) explores the ap-
plication of vis-NIR spectroscopy for discriminating between fermented
and unfermented cocoa beans and for classifying genetic profiles of cocoa
genotypes from the Brazilian Amazon. Spectral data were collected on
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whole beans, and chemometric techniques including PLS-DA, LDA, and
PCA were used for classification and data interpretation. Vis-NIR spec-
troscopy successfully distinguished fermented from unfermented beans
with high sensitivity and specificity across multiple spectral windows
(99.2-100% accuracy). Notably, LDA using only two wavelengths from
either visible or NIR ranges (e.g., 472 and 636 nm or 2096 and 2278 nm)
achieved comparable performance (100% correct classification), enabling
potential development of low-cost spectral sensors. This non-destructive
technique supports the industry increasing emphasis on sustainable prac-
tices, operational efficiency, and the implementation of environmentally
conscious technologies, paving the way for an on-line adoption to contin-
uously monitor the cocoa bean fermentation.

Similarly, coffee bean fermentation is critical to final cup quality, but
it is often managed visually, leading to inconsistent outcomes. The study
by Tirado-Kulieva, Quijano-Jara, Avila-George, and Castro (2024)
aimed to improve fermentation monitoring using NIR spectroscopy com-
bined with chemometric models to predict key fermentation parameters
(i.e., pH and total soluble solids) in three Coffea arabica varieties (Typica,
Caturra, Catimor). NIR spectroscopy was employed to monitor fermenta-
tion over 24 h. PLSR was used to predict pH and total soluble solids from
full and reduced spectra. To improve model performance and reduce com-
putational complexity, three variable selection techniques were tested. A
novel method introduced in this study (i.e., Covering Array Feature Se-
lection, CAFS) was particularly effective due to its ability to select a min-
imal highly informative set of wavelengths distributed across the spec-
trum (22—47 variables), allowing for robust model construction with high
prediction accuracy (RMSEP ranges from 0.096 to 0.158 and from 0.688
to 1.059 for pH and soluble solids, respectively) and potential for minia-
turized sensor deployment. These systems can support smallholder coffee
producers in optimizing fermentation processes and ensuring consistent
coffee quality.

Fermentation is a pivotal biochemical process also in the production
of tea, where it fundamentally determines the final product’s chemical
profile, sensory attributes, and commercial value. The transformation of
tea leaves during fermentation, especially the oxidation of polypheno-
lic compounds like catechins, significantly influences the color, flavor,
and aroma of the tea. Tea varieties (i.e., green, partially fermented such
as oolong, and fully fermented or black tea) are primarily distinguished
by their degree of fermentation. In green tea, fermentation is arrested to
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maintain high catechin levels and a fresh, vegetal taste. In contrast, black
tea undergoes full fermentation, drastically reducing catechin content
while increasing theaflavins and thearubigins, which contribute to its dark
color and smooth flavor. Theanine, a non-proteinogenic amino acid re-
sponsible for tea umami taste, also varies significantly across fermentation
levels. It tends to degrade during fermentation, making it a useful marker
alongside catechins for monitoring the progression of tea oxidation (Chen
et al., 2021). To determine the concentration of these compounds, the tra-
ditional methods used include spectrophotometry and HPLC, which de-
mand chemical reagents and specialized analytical instruments. As con-
sumer demand for consistent quality grows and production becomes more
industrialized, NIR spectroscopy has gained prominence for monitoring
tea fermentation in real-time at a cheaper cost (Chen et al., 2021; Wang
etal., 2021).

Chen et al. (2021) analyzed 161 tea samples, including green, par-
tially fermented, and black teas, using NIR spectroscopy. Modified PLSR
(MPLSR) was used to quantify total catechins and theanine. The optimal
models achieved R?;, values of 0.94 for total catechins and 0.92 for thea-
nine in calibration sets, with RPD values of 3.16 and 3.38, respectively,
indicating good model predictability. The most informative wavelength
regions corresponded to overtone absorptions of functional groups charac-
teristic of catechins and theanine, including combinations of C—H, N-H,
and O—H bonds.

Wang et al. (2021) explored the use of a smartphone-based minia-
ture NIR spectrometer combined with a computer vision system to mon-
itor key chemical components across all black tea processing stages (i.c.,
withering, rolling, fermentation, drying). Using middle-level data fusion
and PLSR, the Authors achieved RMSEP values of 0.66+0.12 g/100 g
and 1.06+0.11 g/100 g and RPD values of 5.41 and 4.03 for polyphenols
and catechins, respectively, indicating high model accuracy for quality
control. Data fusion enabled improved performance compared with sin-
gle-sensor systems.

NIR spectroscopy offers several important advantages for monitor-
ing fermentation of plant products. As a non-destructive and rapid ana-
lytical technique, it allows real-time assessment of fermentation progress
without damaging the samples. When integrated with chemometric ap-
proaches, it achieves high predictive accuracy by extracting meaningful
chemical information from complex spectral data. Its versatility extends
across various plant products and processing stages, supporting the au-
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tomation of processing workflows and enhancing quality assurance by en-
abling consistent monitoring and control of fermentation-related parame-
ters.

Kombucha is typically produced by fermenting sweetened tea with
yeast and probiotic microorganisms. Monitoring total sugar consump-
tion during fermentation is essential for controlling thallus growth and
optimizing the process. However, sugar content is influenced by multi-
ple variables, making its quantification challenging under standard con-
ditions. Conventional analytical methods, such as HPLC, enzymatic as-
says, and the anthrone-sulfuric acid method, are commonly used for sugar
detection, but they involve offline sampling, which is labor-intensive and
poses contamination risks. Recently, NIR spectroscopy has gained at-
tention for real-time monitoring of kombucha production (Zhao et al.,
2023). For instance, Zhao et al. (2023) evaluated the application of NIR
spectroscopy in kombucha fermentation, comparing PLSR, backpropaga-
tion artificial neural networks (BPANN), and hybrid PLS-BPANN mod-
els for predicting residual sugar content. Their findings revealed that
non-linear models significantly outperformed traditional linear methods,
with the PLS-BPANN model achieving a Rzp 0f 0.9437 and a RMSEP of
0.8600 g/L. These results underscored the feasibility of integrating spec-
tral data and Al-based algorithms for online monitoring with high accu-
racy. Building on this, Zhao et al. (2025) introduced a DL-enhanced
vis-NIR calibration model for monitoring residual sugar and bacterial
concentration in kombucha. Using CNNs (IDCNN and 2DCNN) com-
bined with optimized feature reconstruction techniques, the study demon-
strated improved predictive capacity and robustness, particularly with the
2DCNN model, which achieved RPD values of 4.49 and 6.88 for sugar
and bacterial concentration, respectively. This approach provided a scal-
able, non-destructive solution for real-time process tracking.

In the production of vinegar, both alcoholic and acetic fermentation
are important. Menozzi et al. (2024) conducted a comprehensive study
to evaluate the application of FT-NIR spectroscopy for monitoring both
the fermentation stages in red grape must during vinegar production. The
dual fermentation process (i.e., alcoholic fermentation by Saccharomyces
cerevisiae and subsequent acetic oxidation by Acetobacter spp.) was ob-
served up to four months for two grape must batches (Ancellotta and
Lambrusco blends) under surface fermentation conditions. FT-NIR spec-
troscopy effectively tracked fermentation kinetics, accurately predicting
both ethanol content and total acidity throughout the entire fermentation
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cycle. PLSR models based on the full spectral range (12,500—4000 cm™")
yielded high predictive performance (R?; > 0.98 for both analytes). Mod-
els built using a reduced range (10,526—6060 cm™!) also performed well,
demonstrating the feasibility of employing affordable, miniaturized detec-
tors. Thus, NIR spectroscopy presents several important benefits in the
context of alcoholic and acetic fermentation monitoring. One of its prin-
cipal advantages is its non-invasive nature, allowing for real-time, in situ
analysis without disrupting the fermentation process. This technique is
also capable of simultaneously predicting multiple chemical parameters,
including ethanol, sugars, organic acids, and polyphenolic compounds,
making it highly versatile. Moreover, NIR spectroscopy can lead to sig-
nificant cost savings by reducing the need for labor-intensive procedures
and consumable materials commonly associated with traditional analyti-
cal methods. Its adaptability further enhances its appeal, as portable and
affordable NIR devices can be readily implemented in both laboratory and
industrial production settings.

4.2 Limitations and challenges

The application of NIR spectroscopy as a tool for food fermentation mon-
itoring in the PAT frame, while promising, faces several significant chal-
lenges and limitations that must be addressed to fully realize its industrial
potential. Strengths, weaknesses, opportunities, and threats are summa-
rized in the SWOT matrix of Fig. 3.

A primary limitation lies in the complexity of calibration. Building ro-
bust and reliable predictive models requires the collection of large, di-
verse, and high-quality calibration datasets that adequately represent the
full range of process and product variability. This requirement can be
particularly challenging in artisanal or small-batch fermentations, where
sampling is limited and batch-to-batch heterogeneity is high. Without suf-
ficient data diversity, models may lack the generalizability needed for
practical application (Cavallini et al., 2025; Lin & Sun, 2020; Mehra
et al., 2022; Zhou et al., 2024).

Environmental factors introduce another layer of variability. Spectral
readings are sensitive to external conditions such as ambient light, sam-
ple temperature, turbidity, and optical path length. These sources of en-
vironmental noise can degrade spectral quality and measurement repeata-
bility, reducing the reliability of models across different production se-
tups. Furthermore, the high water content common in fermentation matri-
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STRENGTHS

v Simultaneous quantification of multiple compounds
[e.g., sugars, acids, polyphenols, alcohal).

v Non-destructive and rapid analysis allows real-time
manitoring without sample disruption.

v Enables inline integration and process automation in
both industrial and artisanal settings.

v Compatible with multivariate analysis and AlML
madeds for predictive modeling.

¥ Supports sustainable practices through reduced reagent
use and energy savings.

¥ Proven performance across diverse fermentations (e.g.,
beer, dairy preducts, tea, wine, kombucha).

OPPORTUNITIES

¥ Growing demand for automation and traceability in
fermentation-driven industries

v Development of portable, low-cost sensors using
MEMS and fiber-optic technologies.

v Expansion to small-scale and heme fermenters through
user-friendly apps and tools.

¥ Integration with digital twins for predictive process
control and anomaly detection.

¥ XAl integration to enhance transparency and regulatory
acceptance.

+ Wider application In personalized nutrition and
functional foods..

WEAKNESSES

# High calibration  complexity
representative datasets.

requires  large,

= Sensitive to environmental noise such as temperature,
light, and turbidity.

» Spectral collinearity complicates model interpretation
and requires preprocessing,

= Limited interpretability of DL models poses challenges
in regulated environments.

= Lower resolution of miniaturized devices may reduce
analytical precision.

= Lack of intrinsic
chemametric models.

chemical specificity without

THREATS

» Resistance from traditional producers due to cost or
technical barriers.

= Meed for frequent recalibration and maintenance of
prediction models.

= Model  transferability  issues different

instruments or environments.

across

= Data privacy and compliance concerns in Al-powered
process monitoring.

» Potential overreliance on Al models without expert
validation.

~ Regulatory  hurdles
deployment.

related to  black-box  model

Fig. 3 SWOT matrix of the application of NIR spectroscopy as a PAT tool for food fer-

mentation monitoring.

ces exacerbates these issues, as the strong absorption bands of water can
obscure critical spectral features associated with target analytes (Gorla et
al., 2023; Naito et al., 2024).

Spectral complexity also poses a significant challenge. NIR spectra
are characterized by broad and overlapping absorbance bands, which in-
troduce collinearity among variables and hinder the direct interpretation
of raw spectral data. This multicollinearity necessitates the use of ad-
vanced preprocessing techniques as well as dimensionality reduction tools
or variable selection methods. These approaches are essential for improv-
ing model robustness and reducing noise, but they also increase compu-
tational complexity and demand a high level of expertise (Gorla et al.,
2023; Lin & Sun, 2020; Mehra et al., 2022).

The problem of model transferability further complicates the deploy-
ment of NIR systems. Models calibrated on one instrument, matrix, or
environmental condition often underperform when applied in different
contexts. Differences in sensor design, spectral resolution, and operating
environments limit the generalization of these models, necessitating the
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use of domain adaptation or transfer learning techniques to improve
cross-platform robustness (Alfieri et al., 2025; Hassoun et al., 2024;
Menozzi et al., 2024).

Moreover, while data-driven modeling, including the use of DL ar-
chitectures, can enhance predictive performance, these models often suf-
fer from limited interpretability. Their "black-box" nature presents chal-
lenges in regulatory contexts where transparent model behavior and vali-
dation are required. As such, clear documentation of model development
processes and thorough validation protocols remain critical for ensuring
their acceptance in industrial and food safety applications (Gunning &
Aha, 2019; Hassoun et al., 2024). In a few food sectors NIR spec-
troscopy is recognized as a standard analytical method, and mainly for
raw material or final product quality control. However, different guide-
lines for NIR applications have been published, setting the basis of good
practices in sampling and spectra acquisition, together with ML perfor-
mance evaluation (Squeo, Cruz, De Angelis, Caponio, & Amigo,
2024), which could be transferred to fermentation monitoring applica-
tions.

In summary, while NIR spectroscopy offers transformative potential
for monitoring fermentation processes in food production, its successful
application depends on overcoming challenges related to calibration com-
plexity, spectral collinearity, environmental sensitivity, model transfer-
ability, and interpretability. Addressing these issues requires a multidisci-
plinary approach that combines robust experimental design, advanced Al
tools, and transparent model governance.

S 5. Conclusions and future perspectives

Fermentation is one of the most versatile and impactful technolo-
gies in the food sector. Its capacity to preserve, enrich, and transform
foods is incomparable. From enhancing food safety and nutrition to en-
abling sustainable production systems and novel functional foods, fer-
mentation addresses many of the modern food system challenges. In tra-
ditional contexts, fermentation represents culinary heritage, nutritional re-
silience, and cultural identity. In industrial applications, it is the engine
behind probiotics, functional ingredients, and sustainable food solutions.
Innovations in bioprocess engineering, digital technologies, and synthetic
biology continue to expand the possibilities of fermentation, making it a
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frontier for future food innovations. Fermentation is actually entering a
new era of digitally empowered production, where data-driven insights,
predictive modeling, and sustainable practices converge. The convergence
of advanced sensors, Al, and PAT is transforming fermentation into a
highly intelligent and sustainable process. Despite technical and economic
hurdles, these innovations offer solutions for consistent quality, scalabil-
ity, and traceability in fermented food production.

In particular, NIR spectroscopy is rapidly transforming from a labo-
ratory technique to a cornerstone of real-time fermentation monitoring.
Its synergy with PAT marks a pivotal shift toward intelligent, data-driven
food fermentation. These tools are being redefined by innovation in op-
tics, computing, and Al, paving the way for more responsive, precise, and
affordable fermentation control across scales and substrates.

Emerging developments in micro-electro-mechanical systems
(MEMS) and fiber-optic technologies are enabling the creation of com-
pact, portable NIR spectrometers. These miniaturized devices are not only
rugged and low-cost but also suitable for in-line integration, allowing
continuous, non-destructive monitoring of fermentation processes directly
within bioreactors or production lines. This shift marks a transition from
lab-based analysis to real-time, on-site data acquisition, enhancing re-
sponsiveness and reducing reliance on time-intensive sampling protocols
(Ma, Liu, Liu, Wang, & Zhang, 2024).

The convergence of NIR spectroscopy with Al-driven process mod-
eling and digital twins presents an opportunity to transform fermentation
into a data-rich, self-optimizing system. Digital twins can use real-time
spectral inputs from NIR to simulate and predict process evolution. Com-
bined with ML, this approach enables predictive control, early anom-
aly detection, and optimized decision-making, paving the way toward
closed-loop control architectures and adaptive fermentation ecosystems
(Udugama et al., 2023; Zhang et al., 2025). Such systems represent a
shift from passive monitoring to active process management, increasing
yield consistency and product quality while reducing human intervention.
Al algorithms, including ANNS, use data science and analytical science to
solve a variety of optimization issues related to the multifaceted, intercon-
nected, and nonlinear process of microbial fermentation.

The integration of XAl into NIR modeling is crucial for improv-
ing transparency and trust, particularly in regulated industries. Tools like
SHAP values and saliency maps allow stakeholders to visualize the spec-
tral feature driving model predictions (Gunning & Aha, 2019). This
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transparency not only enhances regulatory acceptance but also supports
quality assurance teams in validating model logic and refining operational
strategies.

As NIR devices become more affordable and user-friendly, their ap-
plications are expanding to artisanal producers and home fermenters.
Small-scale producers can now access real-time, professional-grade qual-
ity monitoring tools that were once exclusive to industrial facilities. This
could catalyze innovation in craft fermentation, functional foods, and per-
sonalized probiotic formulations, contributing to broader food system re-
silience and innovation.

Together, these strategies lay the foundation for next-generation fer-
mentation that is not only efficient and safe, but also tailored, functional,
and sustainable.
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