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Abstract

Cheese-making is a complex process involving numerous stages, with multiple factors contributing and complex interactions
occurring among the physicochemical elements involved. Understanding the process and optimizing its stages has attracted
the attention of numerous investigations. In recent years, Machine Learning (ML) has established itself as one of the most
advanced tools for data analysis and modeling thanks to its ability to capture complex and non-linear patterns. In the area
of food science and engineering, these algorithms have started to be used as an alternative to more traditional statistical
and mathematical prediction models. This paper explores the main research on ML applied to the study of cheese, from its
production stages (i.e., fermentation or coagulation process) to the final product (i.e., detection of adulterations or food fraud).
Particularly, we review 42 papers published between January 2014 and January 2025, with the aim of identifying common
approaches. First, we present an explanation of the main concepts required to bring these approaches closer to researchers
who are not experienced in applying ML. Then, we analyze the selected publications to detail the tasks of interest and the
algorithms proposed to solve them. Finally, we detect gaps and opportunities to incorporate ML into future cheese research.
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Introduction

Milk is a food present in the regular diet of many people due
to its high nutritional value. For example, it is an important
source of protein, as it provides around 32 g of protein per
liter. In addition, its nutritional composition is a protective
factor for the prevention of various diseases. In general, dairy
products are considered balanced and nutritious foods [97].
For the next decade, milk production (roughly 81% cow,
15% buffalo, and 4% for goat, sheep, and camels combined)
is expected to grow by 1.6%, reaching 1.085 Mt in 2033,
faster than most other main agricultural commodities [95].
Milk can be transformed into derived products for con-
sumption. Globally, most dairy production is consumed in
the form of fresh, unprocessed dairy, with only around 30%
of milk being processed to create derived products. However,

B4 Daniel Pardo
daniel.pardo @iiia.csic.es

I Artificial Intelligence Research Institute, IIIA-CSIC,
Cerdanyola del Valles 08193, Barcelona, Spain

Universitat Autonoma de Barcelona, UAB, Cerdanyola del
Valles 08193, Barcelona, Spain

these global figures are skewed by the high volume of con-
sumption in Asian countries, where fresh dairy predominates.
In contrast, the opposite trend is observed in the European
Union and the United States, where approximately 60% of
dairy consumption consists of processed products. Among
them, cheese is the most important due to its direct con-
sumption and as an ingredient in processed foods, mainly in
Europe and North America [95].

Therefore, forecasts for increased consumption and pro-
duction of milk and cheese represent a challenge for pro-
ducers. Raw milk is highly variable, and although processes
can be applied to standardize it, the quality of the cheese is
largely dependent on milk with good chemical functionality
and microbiological properties [42, 43].

Since the properties of cheese depend in part on the physic-
ochemical characteristics of the milk used, it is common to
standardize its composition to the desired levels depending
on the cheese variety. Centrifugal separation is commonly
used to correct fat levels, and, recently, ultrafiltration has
been used to adjust protein levels [42, 73].

However, ensuring the quality of cheese requires control
throughout the production process. Modern technology has
introduced new ways to more accurately monitor, automate,
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and control cheese production stages. For example, it is com-
mon to implement Process Analytical Technology (PAT) [41]
to continuously monitor the most relevant parameters, which
increases productivity. PAT is a framework for developing
systems that enable real-time analysis and control of critical
processing variables to ensure consistent quality and effi-
ciency. In addition, in recent years, special emphasis has been
placed on the ripening phase with new proposals [125].

However, in the artisanal industry, traditional control
is maintained during cheese production based on subjec-
tive manual and visual techniques that require experienced
operators, which may produce significant differences in
performance depending on the operator. Therefore, two
significant challenges arise, namely: (i) the difficulty of stan-
dardizing the process and the final product due to the high
variability of the raw material and (ii) the subjectivity of the
process [62].

In the context of Industry 4.0, the cheese production
industry can significantly improve and optimize produc-
tion processes. The conversion of real-world data acquired
by physical sensors into digital data enables the creation
of smart models or devices through data analytics and
Machine Learning (ML). The potential of these advances
is an improvement in manufacturing productivity and effi-
ciency or waste reduction. Therefore, digitalization emerges
as a relevant opportunity for the cheese industry [49].

The idea of ML is to use general models or algorithms that
can solve specific tasks by optimizing the values of the model
parameters for each problem. The parameter optimization is
known as the learning process, and training data is used for
this. The goal is to create ML models with the capacity and
ability to perform inference and learn from samples, which
allows them to make predictions or descriptions [5]. A sample
is a single data point or observation used to train or evaluate
a model.

The versatility of ML algorithms allows them to learn and
solve problems in any field as long as they can be modeled
appropriately. For this reason, ML algorithms are currently
used in practically all industries, including food science and
the dairy industry. This review aims to present, from a didac-
tic perspective, the most relevant works in the cheese industry
in which ML is used and to introduce the general approaches.
In this way, researchers in food science in general, but espe-
cially those whose work focuses on cheese, will be able to
learn about the different tools and possibilities that may be of
interest for further exploration or integration into their work.

The research is organized in a pragmatic way according
to the stage of cheese production to find out in which pro-
cesses or problems ML has been applied. In addition, the
general results and the impact of applying these methods are
presented, so that researchers can learn about the potential
benefits that they can bring. The main contributions of the
paper are:
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e Introduction to ML applied to the cheese industry
and food science, providing a clear conceptual basis for
researchers without prior experience in the field, enabling
its effective application in research

e Classification of ML studies according to the main
stages of the cheese production process, allowing for
a comprehensive and practical perspective of the state
of the art, unlike previous reviews that focus on isolated
aspects or broader food science applications.

o Identification of gaps in the literature and method-
ological variability, highlighting the lack of applications
validated in industrial settings

e Proposal for future lines of research in ML for cheese-
making, highlighting key areas where its implementation
can drive significant improvements

The structure of the article is divided as follows. First,
in Section “Fundamental Machine Learning Concepts”, we
explain the key concepts in ML so that someone without
prior knowledge can approach and understand the basic
ideas. Next, in Section “Literature Review Methodology”,
we detail how the systematic search for the articles analyzed
in this review was conducted. Then, in Section “Literature
Landscape”, we examine the selected articles, presenting
their main application areas and the algorithms used while
also analyzing challenges and future perspectives. Finally,
in Section “Discussion”, we highlight the main patterns and
findings, and we provide a summary of the article’s general
ideas in Section “Conclusions”.

Fundamental Machine Learning Concepts

Although the concepts of Artificial Intelligence (Al) and ML
are closely linked and sometimes used interchangeably, the
reality is that they are not the same. Al is the discipline that
studies the creation of models to solve problems that require
human intelligence, while ML is a subdiscipline, that is, a
way of creating Al models [52].

Some problems can be described with formal or mathe-
matical rules, while others are difficult to describe. Although
humans can intuitively solve tasks in their daily lives, such
as seeing, hearing, or speaking, these problems are the most
difficult for computers because their formal definition is very
complex. ML algorithms aim to solve these problems by
allowing models to acquire their own knowledge by extract-
ing patterns from raw data. Currently, ML is considered to
be the only approach to building AI models that work in
complex real-world environments [52].

In so-called shallow ML models, such as decision trees
or Support Vector Machines (SVM), it is first necessary to
extract features from the data and then pass them to the
model. However, for complex problems, it is generally diffi-
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cult to know which features are the most representative of the
dataset. An alternative, known as representation learning, is
to let the model learn by itself to transform the raw data into
representative features. Some well-known examples of this
type of approach are Principal Component Analysis (PCA)
or autoencoders. Finally, Deep Learning (DL), another key
concept, is a particular type of representation learning based
essentially on Artificial Neural Network (ANN) with many
layers that can learn complex patterns from large datasets.
Figure 1 shows the relationship between the different con-
cepts [52].

The term ML was first used in 1959 by Arthur Samuel.
Although he did not give a formal definition, he did describe
some key concepts. For example, in his work, he anticipated
that “a computer can be programmed so that it will learn to
play a better game of checkers than can be played by the
person who wrote the program [...] in a remarkably short
period of time”. He also added that “the principles of ML
verified by these experiments are applicable to many other
situations” [102].

One of the first and most popular formal definitions was
the one proposed by Tom Mitchell in 1997: “A computer
program is said to learn from experience E with respect to
some class of tasks T and performance measure P, if its per-
formance at tasks in T, as measured by P, improves with
experience E.” Therefore, the key concepts are the task (T),
the performance measure (P), and the data (or experience, E)
[90]. In general terms, it can be said that “ML is program-
ming computers to optimize a performance criterion using
example data or past experience” [5].

Inrecent years, investment and research in Al has grown at
an accelerated level. In terms of publications, it has gone from
88,000 in 2010 to almost triple in 2022, reaching 240,000.
Meanwhile, the number of patents registered in 2022 is more
than 30 times higher than in 2010. In this sense, the growth in
the number of Al patents is accelerated, with 5,136 in 2017,
8,144 in 2018, 15,783 in 2019, 23,373 in 2020, 38,268 in
2021, and 62,264 in 2022 [85].

In the same report, the authors group private investments
in 2023 into 25 categories, out of which Al infrastruc-
ture/research/governance stands out with the highest private
investment, which increased 22 times compared to 2022. In
this regard, the Manufacturing category ranks 14th in terms
of highest investment and is one of the few that saw an
increase in terms of investment compared to the previous
year. In contrast, the Drones and Medical and healthcare
categories stand out negatively as they have significantly
reduced investment to less than half compared to 2022.

To expand general knowledge and concepts of ML, an
excellent option is the introductory book by Alpaydin [5]. It
presents the paradigms, the main tasks, and the most impor-
tant ML algorithms. It introduces the concepts of ANN and
Multi Layer Perceptron (MLP), a type of ANN with at least

Artificial Intelligence
(Fuzzy Logic, Symbolic Al, etc.)

Machine Learning
(PLSR, SVM, Random Forest, etc.)

Representation Learning
(Autoencoders, PCA, etc.)

Fig.1 Artificial Intelligence categories

one hidden layer and with all layers fully connected, as a uni-
versal approximator. For a brief basic introduction to ANN,
see Krogh [69]. For a deeper focus on DL, the article by
LeCun et al. [71] is a key reference in the field, concisely
presenting the most relevant aspects and accessible to a non-
specialized audience. In addition, for more exhaustive and
detailed knowledge, the work of Goodfellow et al. [52] is an
essential reference guide. Furthermore, Bishop and Bishop
[16] presents an updated perspective, incorporating the latest
advances in DL.

Machine Learning Life Cycle

The general process of developing a ML model goes from
the conceptual phase and data acquisition to evaluation or
deployment. To create this section, the workflow described
by Géron [54] is used as a reference with slight adjustments
to differentiate some relevant steps clearly. Figure 2 shows a
diagram of the main steps detailed below.

Problem Statement

The first task is to precisely determine the problem and the
objectives to be addressed. This will allow the definition of
the problem domain, the current context, and the most appro-
priate performance measure [54].

Data Collection

Data collection takes up a large portion of the time in the ML
process and constitutes one of the bottlenecks. For models to
learn to generalize, they need to be trained with quality data,
i.e., data representative of the application domain, making
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Life Cycle

Fig.2 Machine learning life cycle

collection and preprocessing critical stages. In addition, the
most advanced DL models require a very large amount of data
for training. There are three main approaches to obtaining a
dataset: data generation, data discovery, or data augmentation
[101]:

e Data Discovery: It consists of searching for and finding
existing datasets that are suitable for our problem and can
be used to train a model. There are collaborative systems
or specialized platforms, such as Kaggle! or Hugging
Face Datasets?, that store, share, and facilitate access to
curated datasets for a wide range of ML tasks. Many of
the main high-quality datasets widely used to train ML
models are available in public repositories and are freely
accessible.

e Data generation: When there is no existing dataset avail-
able or suitable for the task to be solved, data must
be collected. Real data can be captured through various
analysis techniques and experimental measurements, dif-
ferent types of sensors, or computer records. However,
when real data is unavailable, an alternative is synthetic
data generation, which consists of creating artificial but
realistic data that mimics real-world patterns. Some of
the most advanced techniques use ML algorithms such
as Generative Adversarial Networks (GANSs) or diffusion
models to generate data.

e Data augmentation: This approach relies on an existing
dataset to generate new samples. This can be achieved
by integrating data from different sources to create a
new homogeneous dataset or by applying small modi-
fications to the samples. For example, in image tasks,

1 https://www.kaggle.com, accessed May 2025
2 https://huggingface.co/datasets, accessed May 2025

@ Springer

simple transformations such as rotation, translation, flip-
ping, or adding noise to images are commonly used to
augment the dataset. These modifications to the data or
specific classes produce similar new samples based on
the originals, preserving their characteristics.

Labeling

Labels are the target values or annotations assigned to each
data sample, representing the objective that the algorithm
learns to predict during training. Labeling the samples is
a critical aspect that determines the ML algorithms and
approaches that can be used, as not all problems have labeled
data. The labeling process depends on the type of prob-
lem to be solved, such as classification, where each sample
belongs to a category (e.g., cheese varieties such as Cheddar
or Brie), or regression, where the goal is to predict a con-
tinuous attribute (e.g., pH value). This process can be done
in parallel during data acquisition or afterward [101]. An
attribute is a variable or a property that describes a charac-
teristic of a sample. This includes also the target variable and
the features. A feature is an input variable of a sample and is
used by the model to make predictions. In DL, this term can
also refer to the abstract internal representations that ANNs
learn automatically.

Exploratory Analysis

Data can be in various formats, such as tabular form, images,
audio, video, etc. An initial approach involves performing
an exploratory analysis to obtain a general description and
overview of the data, such as the number of samples and
attributes, the type of each attribute, or the number of missing
values. In this phase, potential correlations between variables
must be examined, and basic descriptive statistics such as
the mean, standard deviation, percentiles, or minimum and
maximum values in each case must be known. Data visualiza-
tion is another essential exploratory technique. This includes
everything from visualizing different representative samples
of the dataset to showing the distribution of the data or the
relationships between the variables using appropriate graph-
ics. This preliminary information helps to understand some
patterns in the data, and it is crucial for subsequent analyses,
as it determines whether it is necessary to apply standardiza-
tion techniques to avoid bias, to treat missing values, or to
detect if the dataset is unbalanced, among other things. In this
regard, an unbalanced dataset is one where some classes are
underrepresented, potentially leading to biased predictions
or poor generalization [54].

Preprocessing

In this stage, the data must be prepared for the ML algo-
rithms. It should first be divided into training, validation, and
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test subsets: the training set is used to fit the model, the val-
idation set helps tune model hyperparameters, and the test
set evaluates the final model’s performance on unseen data.
The data preprocessing operations must be performed sepa-
rately and independently for each subset. Next, standard data
cleaning tasks such as handling missing values by imputing
(filling in missing data) or removing them, treating outliers,
converting variable types, and scaling features must be per-
formed. It is also possible to create (from existing variables)
or delete variables, reduce the dimensionality of the data, or
convert labels to a one-hot encoding representation (which
represents each categorical variable as a binary vector) [54,
101].

Modeling

The next step is to train the ML algorithm using the training
set and tune the hyperparameters of the selected ML model
using the validation set, taking into account the validation
metric defined according to the objectives. Hyperparameters
are adjustable settings that influence how the model learns,
such as the regularization term, the learning rate, or the num-
ber of hidden layers in a ANN. Each algorithm has its own
specific hyperparameters that must be manually predefined,
while other parameters, such as weights and biases, are auto-
matically learned from the data during training.

Additionally, the risk of overfitting and underfitting should
always be considered during the training process. Overfit-
ting occurs when a model fits the training data too precisely,
including noise, leading to memorization rather than gener-
alization. This results in high performance on the validation
set but poor performance on unseen test data. In contrast,
underfitting happens when a model is too simple to cap-
ture the underlying patterns in the data, resulting in poor
performance overall. Depending on the amount of data, the
cross-validation method can be used. Cross-validation is a
statistical technique for robust evaluation when there is no
independent test set or the dataset is too small for a stan-
dard train-test split. The most widely used method is k-fold
cross-validation, which partitions the data into k subsets and
performs k independent training iterations of the model. In
each iteration one different subset is used for validation and
the remaining k-/ subsets are used for training. For further
technical details, it is recommended to consult the work of
James et al. [60].

Once the model hyperparameters are set, they cannot be
adjusted using the test data. Some ML algorithms require
prior feature extraction, as they use this information as
input, while DL approaches can handle this internally and
process raw data directly. Testing different algorithms and
hyperparameter configurations is essential. Transfer learning
techniques can also be used, which consist of using a model

previously trained on a large dataset and fine-tuning it for a
specific problem. This approach leverages learned features in
the larger dataset, reducing training time and improving per-
formance, especially when only a limited amount of data is
available. After identifying promising models, further fine-
tuning should be performed on each of them to optimize
their hyperparameters. This hyperparameter tuning can be
done exhaustively (evaluating all possible combinations of
the defined hyperparameters), randomly (selecting random
configurations), or using optimization approaches (such as
those based on Bayesian probability) [54, 61].

Evaluation

To verify that the model’s performance is good and gener-
alizes appropriately, the test set is used to perform a final
evaluation. In this section, key performance metrics are
expected to be represented, e.g., the confusion matrix based
on metrics such as Accuracy or F1-Score, and the Receiver
Operating Characteristic (ROC) curve, which are commonly
used in classification tasks. On the other hand, Mean Squared
Error (MSE) and Root Mean Squared Error (RMSE) are typ-
ically used in regression. This also involves conducting a
critical analysis of the model’s results to identify its strengths
and areas for improvement, so the analysis should be both
quantitative and, where appropriate (such as in text or image
analysis), qualitative. [54].

In addition to traditional evaluation metrics, explainability
focuses on assessing the comprehensibility of ML mod-
els, incorporating both quantitative and qualitative elements.
Explainability refers to a set of techniques and algorithms
designed to make the predictions of ML models under-
standable to humans, especially black-box models such as
ANNSs. The motivation for explainability is multifaceted: it
includes understanding decision-making mechanisms, iden-
tifying which features influence predictions, diagnosing
model errors, detecting potential biases, and enabling model
improvements through domain knowledge. The survey by
Burkart and Huber [22] offers an extensive and comprehen-
sive review that serves as a key reference for exploring this
field in depth.

Deployment

Finally, the model can be deployed in production and should
be monitored to check its performance and review any possi-
ble drops when it faces more complex real-world problems.
In this sense, the process is incremental and always subject to
changes and improvements at the different stages described
[54].

These stages are similar to those proposed in the Cross-
Industry Standard Process for Data Mining (CRISP-DM)
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model, which describes the standard methodology process
for data mining and data analysis projects. The approach
taken in the CRISP-DM model is business-oriented, with
special emphasis on business understanding, but with all the
same critical stages described above [114].

Machine Learning Paradigms and Tasks

ML algorithms can be categorized into four paradigms based
on their scope and applicability: supervised, unsupervised,
semi-supervised, and reinforcement learning [103]. Each
paradigm is associated with specific ML tasks. Figure 3
shows a summary of the paradigms, their corresponding
tasks, and representative algorithms.

Supervised Learning

Conceptually, it consists of learning a function that maps an
input to an output and is the most widely used approach to
solve ML problems. In this learning category, we need the
samples to be an input-output pair, where the output is the
target variable of the learning process. Therefore, one of the
fundamental characteristics is that the samples are labeled
with the target variable, and the objective of the learning
is to infer the function from the sample data. Among the
most common tasks of supervised learning, we find classifi-
cation problems in which the objective is to predict a category
or discrete variable, regression that fits the data to predict

Paradigm Tasks

Classification

. . eRegression
Supervised learning =

. Clusteri
Unsupervised SO

learning

eAnomaly detection
eDimensionality reduction

eAnomaly detection
eDimensionality reduction

a continuous value, anomaly detection, or dimensionality
reduction to project the data in a lower dimension. There
are different variants for each type of task [71, 103].

Classification problems can be based on the approach
(flat, hierarchical) or the labels (binary, multilabel, multi-
class). As for the approach, a flat classification would be the
distinction between independent categories such as cheese
varieties (Camembert, Cheddar) while hierarchical classifi-
cation implies breaking down the problem and structuring the
categories in hierarchical levels, for example, first classifying
between hard and soft cheese and once this is done detecting
the cheese variety. Some algorithms originally designed for
classification or regression (such as SVM) can be tuned to
anomaly detection (One-Class), while others are specific to
this task, such as Isolation Forest (IF), which is inherently
an unsupervised algorithm. As for the labels, they are binary
when the dataset only has two classes, multiclass when there
are more than two classes, and multilabel when a sample can
belong to more than one class at a time. In this last case, if for
example, we want to classify cheeses according to the type of
milk, cheeses such as Parmigiano Reggiano made only from
cow’s milk will have only one label while cheeses such as
Cabrales that use a mixture of milks will have more than one
label.

In regression, models can be based on the type of rela-
tionship (linear, non-linear), the number of independent
variables (simple, multiple), or the number of target variables
(univariate, multivariate). Regarding the relationship, linear

Example algorithms

Decision Trees, Random Forest,
Gradient Boosting Machines, Naive
Bayes, KNN, Linear and Logistic
Regresion, LDA, SVM, Artificial Neural
Networks

K-means, Isolation Forest, DBSCAN,
PCA, t-SNE, UMAP, Artificial Neural
Networks

Classification
*Regression

Semi-supervised Sl

learning

eAnomaly detection

Label Propagation, Constrained K-
means, TSVM, Artificial Neural Networks

eDimensionality reduction

Reinforcement
learning

ePolicy Evaluation
ePolicy Improvement

Monte Carlo, Q-learning, SARSA, DQN,
MADDPG

Fig.3 Machine learning paradigms, tasks, and algorithms
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regression occurs when the input variable and the target vari-
able have a direct relationship. This type of relationship is
found in simple problems, such as the increase in the price of
a cheese of the same variety based on its weight. Non-linear
regression models more complex relationships that do not
follow a straight line, as is the case in most cheese production
processes (physicochemical changes, texture development,
ripening time). If only one independent variable is used, it is
a simple regression model, and multiple regression if there is
more than one. Regarding the number of target variables, if
we want to predict only one characteristic such as fat content
it would be a univariate regression. However, if we want to
predict more than one characteristic at the same time such as
fat and protein content we would refer to this as multivariate
regression.

In addition, the nature of the problem and the data must
be taken into account since there may be independent, or
with sequential or spatial dependence. For example, mea-
surements of a cheese, such as its fat, protein, and moisture
content, are independent attributes (although there may be
a correlation or dependency between some of them). On
the other hand, there is temporal dependence when mea-
surements are taken over a period of time. For example, by
monitoring changes in the cheese’s moisture content we can
obtain a set of measurements that are part of the same sample
in the form of a time series. Similarly, images have a spatial
relationship since they are evaluated at the pixel level, and it
is important to consider the relationship of each pixel with
its neighbors to capture complex patterns [71, 103].

Unsupervised Learning

These are algorithms used when there are no labels avail-
able in the samples, and therefore, we do not know what
the correct expected output is. Learning is a data-driven
process, so interesting patterns and structures are learned
automatically from the data itself. They are used for clus-
tering tasks where we want to group samples based on some
similarity criteria or dimensionality reduction in cases where
there are no labels available. A classic clustering algorithm
is k-means [9], which allows samples to be grouped based
on their similarity without knowing the label. For example,
we could group cheeses with similar characteristics without
really knowing the variety of each one. As for dimensionality
reduction, the PCA algorithm is widely used in food science
and is a good tool for visualization and preliminary analysis
of data [1]. Unsupervised learning is also used in some neural
network architectures, such as autoencoders, to extract fea-
tures without labels in some layers, being especially useful
in small datasets to avoid overfitting [71, 82, 103].

Semi-supervised Learning

In some real-world contexts, it is difficult to have data
completely labeled. To solve this problem, semi-supervised
algorithms combine ideas from both supervised and unsu-
pervised methods, being trained on a dataset that includes
both labeled and unlabeled samples. However, it is always
desirable to label all data if possible and use supervised algo-
rithms. They are mainly used to solve the same tasks as in
supervised learning, and some areas of application stand out,
such as labeling data or automated text translation (machine
translation) [103].

Reinforcement Learning

This paradigm has a different approach from the previous
ones and is based on the idea of an intelligent agent, an entity
that interacts with a predefined environment by taking actions
and receiving feedback. Through these actions, the agent (or
agents) can automatically learn the optimal behavior within
a given context, making it an environment-driven approach.
The learning of the models is guided by a reward or penalty
system based on the agent’s decisions, with the main objec-
tive of maximizing the accumulated reward. Some areas of
application are robotics, autonomous driving, and problems
modeled by game theory. However, it is better not to use this
type of ML for basic problems. In the context of cheese pro-
duction, finding a problem that is optimally modeled with
this approach is challenging since the production processes
do not readily fit into a reinforcement learning scheme [103].

Literature Review Methodology

To conduct the search for articles, our methodology was
inspired by the PRISMA 2020 statement [18]. The central
research questions on which this review is based are:

(i) In which cheese production processes/problems has ML
been applied?

(i) What were the main impacts that ML. methods have had
on cheese production processes?

To address the research questions, for each process/problem
it is necessary to ask the following accessory questions:

How has the ML been applied to the process/problem?
e Which ML methods have been implemented and with
what outcomes?

What are the benefits of implementing ML methods?

e How can ML improve the methods currently used?

@ Springer
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Therefore, the objective of this work was to answer these
questions by carrying out a literature review focused on
cheese production and the field of ML. To this end, we used
the databases Scopus, Web of Science, PubMed, ScienceDi-
rect, and IEEE Xplore. Additionally, we carried out a search
in Google Scholar to complement the previous results and
obtain articles that are not indexed in those databases. The
search strategy was restricted to articles published between
January 2014 and January 2025 to have the last decade of
advances as a reference. This was consistent with the great
advances in Al, largely driven by DL, that have occurred in
recent years, especially since the publication of the AlexNet
architecture in 2012 [68]. In addition, we required the source
to be in English.

The search query was defined separately for each database
since each one implements different operators and search cri-
teria. Therefore, to perform a consistent search, the query was
adjusted so that the result were comparable. In each database,
the search words were defined on the “title,” “abstract,” and
“keywords” sections. These sections had to contain at least
one reference to “artificial intelligence” or “machine learn-
ing” and also the word “cheese.” On the other hand, after
observing irrelevant results from preliminary searches, those
articles containing the words “marketing” or “cancer” were
excluded from the search. In the case of Google Scholar, oper-
ators could not be restricted exclusively to “title,” “abstract,”
and “keywords.” Furthermore, Google Scholar also indexed
a larger number of articles. For this reason, a more restricted
query was defined since the search covered the entire body of
the article. Table 1 shows the specific query for each database
and the number of articles retrieved on January 11, 2025.
Even though the Google Scholar query was more restricted,
it still provided the largest number of articles.

Once the query results were obtained, they were stored,
and the information from the sources was standardized since
not all databases contained the same information. The fields
that were kept, if available, were: ‘Authors’, ‘Title’, “Year’,

Table 1 Query search of the databases

‘Cites’, “Venue’, ‘Publisher’, ‘Type’, ‘Language’, ‘Abstract’,
‘Keywords’, ‘Index Terms’, ‘URL’. The articles were then
filtered to ensure that all publications were from 2014 or
later and in English. In the case of Google Scholar, an addi-
tional restriction was added, which was that articles older
than 2023 had to have been cited at least once to ensure a
minimum relevance. The resulting Google Scholar articles
were manually reviewed to assess their relevance based on
the title. Finally, all information sources were integrated into
a single dataset that met the eligibility criteria, allowing us
to filter out duplicates.

After duplicate removal, we carried out a selection pro-
cess to filter the articles based mainly on the reading of the
abstract and, in some cases, parts of the article. In this way,
the articles eligible for inclusion in the review and those that
are out of scope were identified, taking into account their rel-
evance to the research questions. Figure 4 shows a flowchart
of the process followed, illustrating the steps described and
the number of publications in each case, for the databases
and for Google Scholar.

The final search process included a total of 42 papers that
met the specified criteria, comprising 35 articles, 2 confer-
ence papers, and 5 reviews relevant to the topic. The number
of articles obtained was limited, suggesting that ML meth-
ods in cheese production research are not widespread yet,
perhaps because these are still relatively distant fields of
research. This should be interpreted as an opportunity for
ML researchers together with food science experts to inno-
vate in a field that is not yet developed.

In Fig. 5, the total number of articles retrieved from each
database is shown, along with the number of unique arti-
cles that are only available in a single database and not
in the others. It should be noted that some of the articles
may be included in multiple databases simultaneously. Some
sources, like Scopus or Google Scholar, stood out with a
higher number of articles than others; however, this did not
diminish the importance of the rest. For instance, one arti-

Database Query Articles

Web Of Science (TS=(artificial intelligence) OR TS=(machine learning)) AND TS=(cheese) NOT TS=(marketing) 72
NOT TS=(cancer)

Scopus (TITLE-ABS-KEY ((“machine learning” OR “artificial intelligence”)) AND TITLE-ABS-KEY 119
((“cheese”)) AND NOT TITLE-ABS-KEY (“marketing”’) AND NOT TITLE-ABS-KEY (“cancer”))

Science Direct (“artificial intelligence” OR “machine learning”) AND (cheese) NOT (marketing) NOT (cancer) 25

PubMed ((“machine learning” [Title/Abstract]) OR (“artificial intelligence” [Title/Abstract])) AND (cheese 25
[Title/Abstract]) NOT (marketing [Title/Abstract]) NOT (cancer [Title/Abstract])

IEEE Xplore (((“Abstract™:artificial intelligence) OR (“Abstract”:machine learning)) AND (“Abstract”:cheese)) 5
OR (((“Author Keywords™:artificial intelligence) OR (“Author Keywords”:machine learning)) AND
(“Author Keywords”:cheese)) OR (((“Document Title:artificial intelligence) OR (“Document
Title”:machine learning)) AND (“Document Title”:cheese))

Google Scholar “cheese production” OR “cheese making” OR “cheese manufacturing” AND “artificial intelligence” 980

OR “machine learning” -“marketing” -

cancer”
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Fig.4 Search process diagram

cle from IEEE Xplore and one from Web of Science were
only indexed in these databases, highlighting the importance
of using multiple sources to be exhaustive in the search and
to avoid omitting relevant results. On the other hand, Fig. 6
shows the distribution of the selected articles by year. The
most notable aspect is the upward trend of ML articles related
to the cheese production process, indicating a growing inter-
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Fig.5 Final articles by database

est in implementing more advanced methods and integrating
ML into research in this field.

The five retrieved reviews can be summarized as follows.
The review by Lukinac et al. [79] focused solely on cheese
quality and computer vision algorithms. It referenced various
studies, explaining their objectives and the problems they
aimed to address, but it did not provide specific details of
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Fig.6 Final articles by year

the techniques employed. The main drawback of this review
is that it is somewhat outdated, as it neither explains nor
cites the most recent advances in computer vision. There is
no mention of ML, and the most recent reference to neural
networks is from 2007.

Similarly, the review by Bosakova-Ardenska [20] also
focused on cheese quality and computer vision. However,
some of the cited works were closer to the field of signal
processing, while others focused essentially on statistical
analysis without employing advanced computer vision or
ML techniques. Consequently, these two reviews are limited
since (i) they only assessed one relevant aspect of cheese,
and (ii) they did not specifically focus on ML algorithms or
advanced computer vision techniques.

At the level of technical innovation in the industry,
Croguennec et al. [28] reviewed the main innovations in
the use of advanced sensors and real-time monitoring in the
cheese production industry. The authors considered that anal-
ysis techniques and advanced ML models could use the large
amount of data generated to optimize production parameters.

The review by Freire et al. [46] aimed to present the main
works applying ML to the dairy industry in general. It lists
a wide variety of studies with different approaches and for
different products without delving into specific details, as
this was not the primary objective. Most of the cited research
focused on milk studies, and the articles were grouped into
general categories for all dairy products. In this regard, there
were twelve references to work related to cheese compared
to thirty on milk. On the other hand, the review by Singh et
al. [106] focused specifically on studies that use ML methods
for the milk pasteurization process.

To gain a more comprehensive overview, additional
reviews in the field beyond the five retrieved through the
proposed search methodology have been considered. How-
ever, most reviews, such as the one by Mavani et al. [86],
focused on analyzing the application of ML in food science
broadly. Along the same lines, the review by Thapa et al.
[108] analyzed the use of Al in the food industry. In addition
to ML references, they included expert systems or fuzzy logic

@ Springer

models used in the production of different products. To the
best of our knowledge, there is a general lack in the literature
of a review that exclusively examines the main ML studies
related specifically to cheese production and the different
relevant stages.

Literature Landscape

After reviewing the fundamentals of ML in Section “Fun-
damental Machine Learning Concepts” and detailing the
methodology for article selection in Section ‘“Literature
Review Methodology”, this section analyzes key studies
in cheese-making that have implemented ML algorithms.
Building on the previous concepts, the applied methods and
approaches, as well as the main results, are analyzed with the
aim of identifying common research trends.

Cheese production, encompassing every stage from the
reception of raw materials to the final product, is a complex
process that can last from about a day (e.g., fresh cheese such
as Burgos cheese) to several years (e.g., hard cheese such as
Parmesan). It involves multiple factors that determine the
quality of the final product. Each type of cheese develops
particular characteristics and differs in appearance, texture,
flavor, or nutritional value. Some stages of production are
specific to each variety, but some stages are common to the
production of any type of cheese [43].

The reviewed articles can be grouped according to the
stage of cheese production they focus on. The stages in
which the papers are distributed are acidification (commonly
employed for many cheeses, in some cases by acid addition
or more frequently by fermentation), coagulation (manda-
tory for all cheeses), ripening (only for mature cheeses, not
necessary for fresh cheeses), final product assessment (once
the production process has finished), and others (works not
focused on a specific stage of the production process). The
Fig. 7 includes the stages into which the articles in this review
are divided, but it is not exhaustive of the production pro-
cess and does not contain other critical stages, such as whey
removal, for which we have not found articles. Additionally,
this figure shows the number of papers falling into each stage,
with the final product assessment stage clearly emerging as
the one with the larger number of works, while there are four
additional studies categorized as ‘Others’.

Acidification

During the initial milk acidification step (commonly induced
by the starter), which can last up to 18 hours depending on
the type of cheese, the pH decreases to the level required for
coagulation.

The purpose of this acidification depends on the cheese-
making process: in acid coagulation, the pH drops until
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Fig.7 Distribution of retrieved articles by stage of the cheese-making process

gelation occurs, whereas in enzymatic coagulation often
the pH is often lowered to a level that enhances enzymatic
hydrolysis. This acidification can occur through bacterial fer-
mentation, where lactic acid bacteria use lactose to grow and
produce lactic acid, which causes a decrease in pH. Alterna-
tively, it can be achieved through direct acid addition, where
acids such as citric or lactic acid are added to reduce the
pH without bacterial activity. When the desired pH level is
reached, which varies for each variety of cheese, the pro-
cess is stopped [45]. At this stage, research focuses on pH
prediction and pathogen detection.

The acidification stage has a critical impact and deter-
mines the following steps in the cheese production chain.
Bacterial fermentation is a complex process, and predicting
the moment when the required pH is reached remains chal-
lenging. Under this line of research, we found three similar
works on cream cheese aimed at predicting the pH level and
thus determining the fermentation process end-time. First of
all, Lietal. [74] proposed to use ML algorithms together with
mechanistic models to overcome the limitations of traditional
modeling and the lack of online data on critical variables.
Mechanistic models are mathematical models that rely on
fundamental natural laws, such as physics and biochemistry,
to describe and explain the behavior of a system through its
underlying mechanisms, and often predict changes over time.
A mechanistic model with differential equations is used to
predict changes from initial measurements in variables such
as biomass, lactose, and lactic acid concentration during fer-
mentation. These changes form a time series that served as
input for a Long Short-Term Memory (LSTM) model, a type
of deep neural network. The study aimed to predict the pH
value during fermentation without the need for continuous
measurements.

Following this idea, Ebrahimpour et al. [35] compared
the model proposed by Li et al. [74] with a purely mecha-
nistic model (to check its nonsuitability) and with a model
completely based on ML. Since pH is a variable that can be
measured online, Ebrahimpour et al. [35] used a Nonlinear
Autoregressive Neural Network (NARNN) to predict future
pH values from past pH measurements. NARNN is a type of
neural network that works with time series to predict future
values from past values [3].

Finally, Guo et al. [55] extended Li et al. [74] by inte-
grating an LSTM with a more complex mechanistic model
that incorporates a semi-batch fermentation process, adding
the starting inoculation volume as an additional variable to
improve the representation of fermentation dynamics.

Another line of research has focused on food poisoning by
Staphylococcus aureus to detect staphylococcal enterotoxins
in the fermentation stage that are potentially dangerous. In
this regard, Cai et al. [23] investigated the fermentation stage
of Kazak cheese, using lactic acid bacteria, and analyzed
an opportunistic pathogen in dairy products, Staphylococcus
aureus, that produces staphylococcal enterotoxins. For this
purpose, strains of the pathogen were prepared and inoc-
ulated into pasteurized milk. The aim of this work was
twofold. Firstly, the authors wanted to predict the maxi-
mum growth rate and lag time in fermentation based on the
inoculation amount, water activity, and fermentation tem-
perature. To do this, they first used the modified Gompertz
model to fit the growth curves from these variables and
other experimental measurements, such as the population of
a microorganism at a specific time during fermentation. The
Gompertz model is a mathematical model developed in 1825
initially to describe mortality rates. The Zwietering-modified
version is an adaptation of the original idea that allows the
calculation of lag-time and maximum growth rate curves in
microbial growth [113]. These curves were used as the target
prediction variable, and the authors created two single hid-
den layer ANN models to predict each of them using only
the initial variables (inoculation amount, water activity, and
fermentation temperature) as input. Secondly, they predicted
the binary probability (present or absent) that a product is
contaminated by staphylococcal enterotoxins from the same
three variables (inoculation amount, water activity, and fer-
mentation temperature) using classification models such as
Logistic Regression (LR) or MLP (Table 2).

Challenges and Future Trends

As we have seen, predicting characteristics or values in milk
fermentation during cheese production, such as pH level,
is challenging due to the technical difficulty of conducting
online measurements. Some works [35, 55, 74] created a
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Table2 Acidification summary

Objective Best model Data Source Input Samples Reference
pH value LSTM Experimental measurements Time series Unknown [74]
pH value NARNN Experimental measurements Time series Unknown [35]
pH value LSTM Experimental measurements Time series Unknown [55]
Growth rate and lag time MLP /LR Experimental measurements Inoculation amount, Aw, fer- 66 [23]

/ Pathogen contamination
detection

mentation temperature

mechanistic model and combined it with a ML algorithm
to predict the pH value, but these are complex models that
depend on the measurement of variables which are not always
available. However, the authors identified that LSTM models
can be suitable for this task by treating the data as time series.
In this regard, researchers were also studying the applica-
tion of LSTM in the fermentation processes of other food
products, to measure pH or other relevant factors, yield-
ing promising results. In addition, we identified other DL
approaches, which we will discuss below and that can be
applied to cheese production.

The fermentation of milk for the subsequent production of
yogurt differs from that of cheese in the type of bacteria used,
but the dynamics of the process are similar. In this sense,
Bowler et al. [21] have recently used low-cost and easily
applicable ultrasonic sensors combined with ML algorithms
for pH measurement in yogurt fermentation. These sensors
are non-invasive and allow for obtaining data in real-time.
The best model created combines Convolutional Neural Net-
work (CNN) with LSTM, which allows for predicting pH
with high performance. Continuing with yogurt, Wu et al.
[115] created an LSTM model to predict the performance of
Lactobacillus fermentation, which represents a step towards
efficient production within the context of Industry 4.0. These
approaches show that, as identified in the studies analyzed,
LSTMs are useful models to address this problem.

In a broader sense, Zhang et al. [122] used DL algorithms
to predict molecular biotransformations in fermented plant
products, such as fermented chili sauces based on peppers, to
predict capsaicin metabolites or toxins. The best performance
was obtained by a Deep Forest model, which is a novel DL
approach for decision trees with the advantage that it requires
less data compared to other methods such as ANN. Therefore,
the application of these methodologies in the fermentation
process in cheese production could be investigated, and the
development of appropriate models could continue.

Coagulation

Milk coagulation, forming a gel from liquid milk using coag-
ulating agents, is a fundamental step in the cheese-making
process. It is determined by the type of cheese, the properties
and characteristics of the milk, and the acidification process,
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although in general, it lasts between 40 and 60 minutes for
most cheeses [44]. The gel or curd must be cut at the moment
when it has the appropriate rheological and microstructural
properties. Therefore, determining the final coagulation time
is one of the critical variables of the process and is subject
to great variability. However, in most factories, this is done
from a fixed, established time or by visual and subjective
inspection carried out by an operator [8].

For this reason, the use of advanced computer vision tech-
niques together with ML algorithms is a solution to improve
the efficiency of the process. One proposed approach by
Loddo et al. [77] is based on the detection of anomalies from
RGB images of Pecorino cheese coagulation to determine the
optimal cutting time. To do this, different methods trained
on the non-target class only (normal curd condition, not
the optimal cutting time) were tested. Firstly, methods with
feature extraction using handcrafted techniques or DL fea-
tures with pre-trained CNN together with ML algorithms for
anomaly detection such as IF or One-Class SVM. However,
the best result was obtained with One-Class Fully Convolu-
tional Data Description Network (FCDDN), a DL model for
anomaly detection that performs feature extraction internally
with fully convolutional layers [75].

From the same dataset, Loddo et al. [78] developed a
classification model. Two methodological approaches are
proposed: space-based features, where a single image was
used to extract spatial features and classify them, and
spatiotemporal-based features, where a sequence of images
was used to extract temporal features and merge them
using autocorrelation and Structural Similarity Index Mea-
sure (SSIM) to finally classify. Similarly, feature extraction
is performed using handcrafted techniques or DL with pre-
trained CNN. For the classification process, Random Forest
(RF) algorithm and an MLP, a type of ANN, is used. The best
results were obtained with features extracted with pre-trained
CNN and an MLP model as a classifier (Table 3).

Challenges and Future Trends

The coagulation stage represents a challenge for researchers
due to the complication of obtaining data. Many relevant
and interdependent factors influence the coagulation process,
but these are often hard to measure accurately, leading to a
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Table 3 Coagulation summary

Objective Best model Data Source Input Samples Reference
Optimal cutting time FCDDN Digital camera RGB images 1162 [77]
Optimal cutting time Pre-trained CNN + MLP Digital camera RGB images 1162 [78]

scarcity of high-quality data suitable for ML methodologies.
As we have seen, the main variable of interest is to predict
the cutting time, and other research in the literature has also
focused on this problem using other approaches. Further-
more, computer vision methods are promising for addressing
this problem, alongside other techniques such as spectrom-
etry and pulse-echo. However, the studies do not use ML
methods, which represents an opportunity for its application.

For example, Nicolau et al. [94] used a Near-Infrared
(NIR) light backscatter sensor as a non-invasive method
to monitor the process. With the data obtained, they per-
formed statistical analysis and built linear regression models
to predict the curd-cutting time. Similarly, Villaquiran et al.
[112] evaluated a low-cost commercial multifiber probe as an
alternative to NIR for measuring the firmness of the elastic
modulus to predict the optimal cutting time. A non-linear
regression model was fitted using least squares optimiza-
tion, achieving high accuracy. Another alternative is to use
the ultrasonic pulse-echo technique to measure the acoustic
impedance and, from it, build a mechanistic model that allows
the cutting time to be predicted [34]. These techniques are
compatible with ML models that are likely to improve cur-
rent performance. Therefore, a valuable contribution to the
area would be to investigate the use of these sensors together
with ML algorithms to compare the results with respect to
the traditional methods developed.

Finally, the work of Everard et al. [38] is also worth men-
tioning, where computer vision techniques based on color
are used to study the coagulation phase. This research uses
both digital images and color measurements obtained by a
colorimeter. However, they used four-parameter non-linear
mathematical models and basic processing techniques based
on thresholds. Therefore, the use of advanced DL techniques,
such as those described above, but based on color, is a promis-
ing approach for future research.

While most studies have focused on predicting the opti-
mal cutting time, ML algorithms could also be applied to
real-time monitoring of key coagulation parameters such as
temperature, coagulant action time, and texture. These fac-
tors influence gel formation and could be integrated into
adaptive control models to optimize the process dynamically.

Ripening

The ripening stage, which can last from weeks to several
years, is key to developing a quality final product. How-

ever, determining the state of the cheese is a difficult process
to monitor and has traditionally been done industrially with
methods such as visual inspection by operators, grading (tast-
ing), or weight control, which are limited in precision and
subject to human error. Additional instrumental methods
have also been used at laboratory levels. Using innovative
and noninvasive techniques is essential for the cheese indus-
try [66].

In research, three key problems have been addressed with
ML implementations: predicting sensory characteristics,
determining the ripening extent, and estimating the num-
ber of ripening weeks or days. Various techniques, including
spectroscopy, computer vision, and volatile compound anal-
ysis, have been applied. One of the first approaches has been
the creation of a system to predict the sensory characteristics
of cheeses at the ripening stage using NIR Spectroscopy and
ANN [48]. In this case, a panel of experts has been used to rate
16 sensory attributes as the target variable for the prediction.
An MLP model was trained for each sensory attribute using
the NIR spectrum data reduced by PCA to 3 components.
However, there was variability in the performance of the
models, and some characteristics, such as intensity of flavor
or greasy feeling, obtained a better result. Another approach
to characteristic prediction performed by Golzarijalal et al.
[50] was based on data extracted on Cheddar (832 samples)
and Mozzarella (327 samples) from a literature review. For
both cheeses, there are seven common characteristics, and
two specific ones are added for each type. The objective was
to train regressors capable of predicting soluble nitrogen,
and among the different algorithms, Gradient Boosting was
the one that obtained the best results in both cases. How-
ever, the authors do not specify which implementation was
used or how it was configured. Gradient Boosting is a method
that combines multiple weak decision trees sequentially, cor-
recting errors to improve model accuracy [14]. In addition,
the importance of the variables was analyzed using SHapley
Additive exPlanations (SHAP) values where storage time is
the most important. SHAP values are a technique for inter-
preting ML models. They are based on game theory to explain
each feature’s contribution to a model’s prediction [80].

Computer vision is one of the low-cost, noninvasive tech-
niques that can help monitor the cheese production process.
Loddo et al. [76] used digital images of Pecorino cheese
wheels on different days of ripening, which are data aug-
mented and processed to separate the background from the
whole cheese. Feature extraction methods were then used,

@ Springer



518

Food Engineering Reviews (2025) 17:505-531

both handcrafted features and pre-trained CNN models, to
train different ML classifiers to predict the ripening day. The
best result was obtained with pre-trained CNN features com-
bined with an SVM classifier, even outperforming transfer
learning with fine-tuning of the last layer in pre-trained CNN
models. Continuing with computer vision and images of
cheese wheels, Zedda et al. [121] proposed a novel approach
that develops a hierarchical classifier with two levels of clas-
sification that allows grouping of cheeses by category and
ripening level (ready or not). The authors used hierarchical
concatenation and selection of features extracted from differ-
ent pre-trained CNNs and trained a stacked classifier (using
classifiers such as RF or SVM) that was combined with a
logistic regression model. This approach compared and out-
performed the simple feature extraction and flat classifier
methodologies. Additionally, as a novelty, they explored the
use of vision transformer architectures for feature extraction,
but it performed worse than CNN models.

Knowing the state of ripening is essential and has gener-
ated more research. From another perspective, High etal. [58]
analyzed the use of Volatile Compound (VOC)s extracted
using the Solid Phase MicroExtraction, Gas Chromatogra-
phy and Mass Spectrometry (SPME-GC-MS) technique from
blue cheese samples. These samples were used directly and
also in subsets selected by the Variable Identification Coef-
ficients (VIC) and Entropy-Based Feature Selection (EFS)
methods to train Self-Organizing Maps (SOM). SOMs are a
type of unsupervised neural network that is used primarily
to reduce dimensionality while maintaining the topology of
the data, but in this case, they were used in a supervised con-
text. The best result was obtained with the combination of
EFS and SOM, outperforming linear methods such as Par-
tial Least Squares Regression (PLS-R). However, extraction
of VOCs is a complex and expensive technique, so for the
specific problem of predicting ripening weeks, it may not
be suitable for application in the industry. Finally, Finally,
Martin Tornero et al. [84] also used NIR Spectra for the
identification of both the ripening week and the cheese vari-
ety between Torta del Casar (TC) (402 samples) and Queso

Table 4 Ripening summary

de la Serena (QS) (569 samples). In addition to using the
spectrum data directly, different dimensionality reduction
techniques such as Multivariate Curve Resolution with Alter-
nating Least-Squares (MCR-ALS), Successive Projection
Algorithm (SPA), or PCA were explored. The data was used
to train a binary classifier that allows the cheese variety to
be differentiated and a multiclass classifier for the ripening
week. For the binary problem, an ANN model obtains the best
performance, while for predicting the week of ripening, the
Linear Discriminant Analysis (LDA) model outperformed
the Quadratic Discriminant Analysis (QDA) and ANN mod-
els (Table 4).

Challenges and Future Trends

The ripening phase has been studied using different approa-
ches, including data from panels, experimental measure-
ments and volatile compounds, spectral data, or images.
Research employing the most advanced ML methods uti-
lizes transfer learning techniques based on pre-trained CNN
architectures for images. Therefore, it is interesting to extend
computer vision methodologies to other problems during
ripening, such as determining the optimal ripening stage,
monitoring the evolution of texture or identifying surface
defects [87], and exploring more advanced DL alternatives.
For example, Priyashantha et al. [99] used Hyperspectral
Imaging (HSI) in NIR range to predict the end date of the
ripening process. From 425 data samples, they trained a PLS-
R model that achieved a relatively modest performance that
could be potentially improved with DL techniques.

In addition, Seratlic et al. [105] reviewed Fourier Trans-
form Infrared (FT-IR), NIR, and Nuclear Magnetic Reso-
nance (NMR) techniques for the ripening stage of Cheddar
cheese. The authors highlighted the potential use of ML in
combination with these methods to overcome the limitations
of conventional analytical techniques still in use.

Much research has focused on the study of VOCs in
cheese. Bertuzzi et al. [15] reviewed a wide range of ana-
lytical techniques for detecting VOCs in cheese. Therefore,

Objective Best model

Data Source

Input Samples Reference

MLP

Gradient boosting

17 sensory attributes

Soluble nitrogen value

NIR and Sensory panel

Literature review

NIR spectra 256 [48]

7 common characteristics +  832/327  [50]

2 specific to each variety

Degree of ripeness (not Pre-trained CNN + SVM Digital camera RGB images 195 [76]

mature, mature, too mature)

Adequate ripening or not EfficientNet-DarkNet-53 +  Digital camera RGB images 378 [121]
Stacked Classifier

Ripening week EFS + SOM SPME-GC-MS 23 VOCs characteristics 108 [58]

Variety of cheese / Ripening MLP /LDA NIR NIR spectra 4027569  [84]

week
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applying ML approaches to analyze these datasets seems like
a logical next step in this line of research. As an example of
other types of food, Gonzalez Viejo et al. [51] analyzed VOCs
in the case of beer. As previously mentioned, the SPME-
GC-MS technique for obtaining VOCs is complex to apply,
so these authors create an ANN model to quickly predict
VOCs using low-cost gas sensors. This approach allowed
them to predict the aroma of beer with acceptable results,
although it could be potentially improved with more complex
DL architectures. This study demonstrates the possibility of
developing new alternative approaches based on DL that can
effectively replace traditional and expensive techniques.

From another perspective, automated control systems
incorporating sensors and mathematical models are already
used in industrial productions [6]. Therefore, the feasibility
and benefits of integrating these systems with ML could be
investigated. In this way, ML could be explored as a tool for
optimizing storage conditions in cheese ripening chambers,
potentially assisting in adjusting temperature, humidity, and
airflow based on predictive models.

Final Product Assessment

The final product assessment stage, once the manufactur-
ing process has finished and we have the final cheese, is the
one that concentrates the greatest number of research works
that have used ML methods. Four main categories of objec-
tives are identified at this stage: Food safety, Adulteration,
and fraud, Prediction of characteristics, and Classification by
variety or region of origin. So, articles are grouped for each
of them as follows.

Food Safety

Salmonella, Escherichia coli, and Listeria are some of the
most important pathogens in the dairy industry. The contam-
ination of cheese by these bacteria has been detected and
is associated with outbreaks of diseases. In the production
process, these bacteria can contaminate the cheese even after
the pasteurization stage, which is a challenge for the industry
[96].

In this sense, Zhen Jia et al. [124] investigated the identi-
fication of Salmonella and Escherichia coli in grated cheese
with high background microflora in a noninvasive way by
analyzing digital images to identify color patterns gener-

Table 5 Final product assessment: Food safety summary

ated by the Paper Chromogenic Array sensor technique. This
method detects VOCs emitted by bacteria, which cause spe-
cific color changes in the sensor, allowing their identification.
In this case, the color variations extracted from the RGB
images were used to train an MLP neural network architec-
ture that classifies the samples based on their contamination
(Table 5).

On the other hand, the detection of contaminating fungal
pathogens has also been investigated by noninvasive meth-
ods using HSI. Specifically, hyperspectral images with 204
bands are obtained, and PCA was applied as an unsupervised
method for dimensionality reduction. The visualization of
the three principal components allowed the identification of
contaminated samples [53]

Adulteration and Fraud

Among dairy products, cheese has the highest rate of adul-
teration and food fraud. Some of the main practices are
insufficient ripening time, replacing ingredients with cheaper
ones, mislabeling, or not following the manufacturing pro-
cesses established by the Protected Designation of Origin
(PDO) [2]. In addition to not complying with regulations and
harming consumers with lower-quality products, fraudulent
practices also generate unfair competition between producers
as they alter prices in the market [29].

Using HSI from the ultraviolet to NIR range has also been
analyzed by [11] to detect adulteration with corn flour in
fresh cheese. The goal was to predict the starch concen-
tration since corn flour increases its content in the cheese.
From hyperspectral images of 101 bands that were segmented
to define the region of interest, a PLS-R was trained that
obtained a high performance and identified the 5 most impor-
tant wavelengths. When using these 5 wavelengths to train a
new PLS-R model, the result decreased, but the model was
simpler and more efficient.

The Italian cheese Fiore Sardo PDO must be produced
from raw milk without any processing. However, many
industries treat the milk in some way to prolong its shelf life,
which constitutes food fraud. To detect this fraud, Anedda
et al. [7] investigated the use of up to 6 pre-trained CNN
architectures using two different types of input: Magnetic
Resonance Imaging (MRI) Relaxometry and another one
from digital images. In both cases, the architecture that
worked best is SqueezeNet, performing transfer learning in
which the last layer was fine-tuned, but with the advantage

Objective Best model Data Source Input Samples Reference
Pathogen identification MLP Paper Chromogenic Array sen- 27 color shift values 1500 [124]

sor and Digital camera
Pathogen detection N/A HSI HSI images Unknown [53]
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that the MRI analysis is not invasive, whereas, for digital
images, the cheese must be cut.

Similarly, Buffalo Mozzarella Cheese PDO must be pro-
duced from fresh buffalo milk. However, there are periods
of shortage of this milk. Some producers adulterate the pro-
duction process by freezing part of the fresh curd produced
during periods of abundance and using it in fresh and frozen
curd blends when needed. To identify cheese production from
frozen curd, Mengucci et al. [89] proposed to use NMR
Relaxometry with Carr-Purcell-Meiboom-Gill (CPMG) to
analyze the structural properties of cheeses. They then pro-
cessed the data to reduce its dimensionality with PCA and
selected 4 components to train a QDA classifier model that
allowed differentiating between four percentages of added
frozen curd.

In the case of Parmigiano Reggiano cheese, a fraudulent
practice is to add other cheaper cheeses, such as Ricotta, to
increase the quantity of grated products. At the visual level,
even if there is 40% Ricotta, it is difficult to detect fraud. In
addition, proteolysis analysis does not provide a clear distinc-
tion. Fagnani et al. [39] proposed using urea PolyAcrylamide
Gel Electrophoresis (PAGE) to quantify the protein and, with
this data, trained classification models such as Naive Bayes
(NB) that allowed the identification of adulterated samples.

Another form of fraud in grated Parmigiano Reggiano
cheese is the inclusion of rind, which affects the authen-
ticity and quality of the cheese. Starting from metabolomic
profiles (2739 initials that are reduced to 598 compounds)
obtained by Vanquish Ultra-High-Pressure Liquid Chro-
matography (UHPLC), Becchi et al. [13] performed various
exploratory analyses such as Hierarchical Cluster Analy-
sis (HCA), Orthogonal Partial Least Squares Discriminant
Analysis (OPLS-DA), and ANOVA Multiblock Orthogonal
Partial Least Squares (AMOPLS), but these analyses did not
reveal significant metabolomic differences related to rind
inclusion. Finally, with the RF algorithm, the authors were
able to classify the cheese samples based on rind inclusion,
although with lower performance compared to the prediction
of the altimetric zone of production, which achieved better
results (Table 6)

Table 6 Final product assessment: Adulteration and fraud summary

Prediction of Characteristics

The prediction of characteristics, whether physicochemical
or sensory, is important for the development of cheese sen-
sory properties such as aroma, texture, color, or taste. These
types of characteristics determine the quality or consumer
acceptability and shelf life of cheeses, so it is important to
control them [59].

Sanchez-Gonzalez et al. [107] studied the shelf life of the
vacuum-packed Cajamarca soft cheese since it is an impor-
tant aspect of the commercialization of the product. To do
this, they used experimental measurements such as matu-
ration time and temperature storage together with failure
probability during storage, which was calculated from modi-
fied Weibull [70] analysis based on data obtained by a sensory
panel. This information was used to train ANN and pre-
dict shelf lifetime (based on panel rejection) and titratable
acidity (chemical measurement). The results of the ANNs
outperformed traditional mathematical methods such as the
multivariate linear regression model.

On the other hand, Miinch et al. [91] investigated the pre-
diction of CO; solubility, a key factor in the shelf life of
cheese. To achieve this, they used the variables fat, water,
protein, salt, and temperature measures, as well as CO» solu-
bility values, all collected from 21 references in the literature.
From these variables, they trained linear, local, and ensem-
ble methods of ML algorithms to predict the value of CO;
solubility, among which the performance of RF stood out. In
addition, the importance of the variables was then analyzed
from the SHAP values.

Furthermore, to comply with the European labeling regu-
lations under Regulation (EU) No 116972011 [37], producers
must report the level of minerals in cheeses. However, there
are no fast and non-invasive methods to calculate these com-
ponents. For this reason, Menevseoglu et al. [88] focused on
the use of NIR and MidInfrared (MIR) Spectroscopy for fea-
ture extraction and ML algorithms for prediction. In the study,
the researchers used samples of Erzincan Tulum cheese and
obtained labels for prediction models using Inductively Cou-
pled Plasma Mass Spectrometry (ICP-MS) to determine the

Objective Best model Data Source Input Samples Reference

Starch concentration PLS-R HSI HSI images 44 [11]

Detect raw or treated milk Pre-trained SqueezeNet MRI/ Digital camera MRI Relaxometry / RGB 113/25 [7]

images

Detect frozen curd content QDA NMR Relaxometry and T2 relaxometry curves 60 [89]
CPMG

Detect authentic cheese NB Urea PAGE 6 protein values 35 [39]

content

Detect rind inclusion con- RF Vanquish UHPLC 598 metabolomic profiles 164 [13]

tent
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real values of mineral content (Al, Ca, Cr, Cu, Fe, K, Mg,
Mn, Na, and P) and DPPH antioxidant activity, as it is also
a relevant quality parameter. The results showed that feature
selection with EFS together with Gaussian Process Regres-
sion (GPR) superseded methods such as PLS-R or SVM.

In terms of sensory perception analysis, Rocha et al. [100]
investigated the use of emerging techniques such as Ohmic
heating treatment at different voltage levels, and its impact
on the sensory acceptability of Minas Frescal cheese. To do
so, they used a panel of consumers who evaluated 16 sen-
sory attributes. From the evaluations, different ML regression
algorithms were used to predict the overall liking and deter-
mine both the most polite ohmic treatment and the most
influential sensory attributes on acceptability. The authors
highlighted the use of RF to achieve these objectives. Using
another approach, Chaturvedi et al. [25] predicted, in addition
to the overall acceptability, some of the key sensory charac-
teristics such as taste, smell, and mouthfeel of Paneer cheese
using fuzzy logic and an ANN model for prediction. To do
this, they used 10 experimental chemical and microbiologi-
cal measures as input and a panel of 25 experts to obtain the
values of the sensory characteristics.

Focusing solely on aroma as a sensory characteristic,
Caille et al. [24] created prediction models for processed
cream cheese. They analyzed the use of VOCs obtained by in
vitro mastication and HeadSpace Solid-Phase MicroExtrac-
tion (HS-SPME) followed by Gas Chromatography Time-
of-Flight Mass Spectrometry (GCToF-MS) and selected 18
of them. On the other hand, the fresh cream aroma sensory
descriptor was obtained through the Rate-All-That-Apply
(RATA) sensory test. From these characteristics, the RF ML
model was successfully trained, which outperformed simpler
regression tree models.

Table 7 Final product assessment: Prediction of characteristics summary

Finally, Zlatev et al. [126] developed a multimodal
approach to predict the characteristics of white brine cheeses.
In this sense, three different data sources were used: 9 visible
spectra indices obtained from digital images, 12 characteris-
tics from gas sensors, and 12 ultrasonic characteristics. The
information was then combined to select the most infor-
mative features and create vectors, which are reduced in
dimensionality by employing Latent Variables. With this
data, regression models were created to predict the values
of pH, electrical conductivity, total dissolved solids, and
oxidation-reduction potential that were obtained from direct
experimental measurements on the cheese samples. In this
case, a model was trained for each characteristic, and the per-
formance of PLS-R over Principal Component Regression
(PCRe) and a quadratic mathematical model was highlighted
(Table 7).

Classification by Variety or Region of Origin

The human olfactory system can identify complex chemical
patterns such as those occurring in cheese and are charac-
teristic of the product. Schroeder et al. [104] proposed to
mimic this system with a technology that uses an array of
chemical sensors based on a Single Walled Carbon NanoTube
(SWCNT), each one with a different selector, to detect odors
by reacting with the volatile chemical compounds present in
cheese samples. The goal was, therefore, to use this infor-
mation to classify samples based on the cheese variety. The
samples were then heated and exposed for several minutes,
allowing data to be captured in the form of time series. Bet-
ter results were obtained by extracting features from the time
series and training a classification algorithm such as RF rather

Objective Best model Data Source

Shelf lifetime and titratable MLP

acidity and Sensory panel
CO; Solubility RF Literature review
Mineral content and antiox- GPR NIR, MIR and IPC-MS

idant activity

Experimental measurements

Overall liking RF

Sensory panel

Input Samples Reference
Maturation time, storage Unknown [107]
temperature and failure

probability (F(x))

Fat, water, protein, salt and 258 [91]
temperature measures

NIR and MIR spectra 70 [88]

16 sensory attributes 400 [100]

Color, Taste, Smell, Mouth- MLP Experimental measurements 10 experimental measures Unknown [25]

feel and Overall liking and Sensory panel

Aroma RF HS-SPME, GC-ToF-MS and 18 VOC:s characteristics Unknown [24]
Sensory panel

pH, electrical conductiv- PLS-R Digital camera, Gas sen- Feature vector of combined 360 [126]

ity, total dissolved solids,
oxidation-reduction poten-
tial

sors, Ultrasonic sensors, and
Experimental measurements

data

@ Springer



522

Food Engineering Reviews (2025) 17:505-531

than using them directly as input into a K-Nearest Neighbors
(KNN).

VOCs have also been successfully used to differenti-
ate between cheese-type varieties. In particular, High et al.
[57] focused on 17 different blue cheese varieties and uses
the SPME-GC-MS technique to obtain volatile fingerprints
and compared different approaches for classification. All
obtained VOCs were used as input, and feature selection tech-
niques such as VIC and EFS were also compared to select
the most important VOCs. The best result was obtained with
a supervised SOM model using EFS for VOCs selection,
outperforming linear methods such as Partial Least Squares
Discriminant Analysis (PLS-DA).

Different varieties of Swiss cheese have also been stud-
ied by Frohlich-Wyder et al. [47] to classify and differentiate
them based on Free Volatile Carboxylic Acid (FVCA) since
they are an indicator of quality. The chemical profiles of the
FVCAs were extracted, and from eight features (C1, C2, C3,
C4, C6, is0-C4, is0-C5, is0-C6) up to 14 different ML clas-
sification algorithms were trained, among which Extra Trees
and RF stand out above the rest. In addition, SHAP values
were used to evaluate the importance of these eight charac-
teristics in the classification result, and it was determined that
FVCAs Cl1, C3, C6, and iso-C4 are the most relevant.

The study by de Andrade et al. [32] performed a mineral
analysis in the samples to predict both the variety of Brazil-
ian artisanal cheese and its origin. With the analysis of the
composition of seven minerals (major mineral: Ca, K, Mg,
Na; minor mineral: Cu, Mn, Zn) from Inductively Coupled
Plasma Optical Emission Spectrometry (ICP-OES), the type
of cheese variety was identified among eleven different ones,
obtaining the best results with the SVM algorithm that sur-
passed the performance of ANN and other algorithms. On
the other hand, the production region of the cheese could
be detected using the RF classifier that surpassed the perfor-
mance of ANN and other algorithms.

Furthermore, Kamilari et al. [64] also investigated the ori-
gin of cheeses using a genetic biomarker-based approach to
identify their provenance. To do this, deoxyribonucleic acid
(DNA) sequences are extracted from cheese samples from
three countries and grouped into Operational Taxonomic Unit
(OTU) to assign a taxonomic classification. From the OTU
abundance data, the RF classification algorithm was used to
predict the country of origin of the samples with high accu-
racy. Magarelli et al. [81] applied metagenomic sequencing
to obtain the taxonomic profiles of bacterial relative abun-
dance in samples of Mozzarella di Bufala Campana PDO
cheese. The objective was to differentiate the region of ori-
gin and distinguish between Salerno and Caserta. To do so,
they used the data obtained to train classification models,
with RF achieving the best results. In addition, they explored
the use of SHAP analysis to identify the most relevant bacte-
ria that allow for distinguishing the region to which a cheese
sample belongs.

Finally, Zhang et al. [123] classified between cheese
brands from different producers. For this purpose, they relied
on Raman spectroscopy technology to extract features that
are reduced by PCA to 74 components to train an Extreme
Learning Machine (ELM model. This work also showed the
importance of using data processing techniques such as nor-
malization or denoising since they significantly improved the
performance of the model. In Zlatev et al. [126], in addition
to predicting sensory characteristics, the authors also trained
binary classifiers to identify the manufacturer that produced
the cheese, where the performance of the SVM stands out
(Table 8).

Challenges and Future Trends
Most ML applications focus on the final product assess-

ment stage. One possible explanation is due to the easier
access to data and experimental measurements. Character-

Table 8 Final product assessment: Classification by variety or region of origin summary

Objective Best model Data Source Input Samples Reference

Variety of cheese RF SWCNT 794 extracted features from 720 [104]
time series

Variety of cheese EFS + SOM SPME-GC-MS 14 VOCs characteristics 102 [57]

Variety of cheese Extra Trees FVCA 8 FVCAs characteristics 241 [47]

Variety of cheese / Region of SVM /RF IPC-OES 7 mineral values 402 [32]

cheese

Region of cheese RF Metataxonomic sequencing OTU abundance data 49 [64]

Brand of cheese ELM Raman spectroscopy Raman spectra 75 [123]

Region of cheese RF Metagenomic sequencing Taxonomic profiles of bacte- 65 [81]
rial relative abundance

Manufacturer SVM Digital camera, Gas sen- Feature vector of combined 360 [126]

sors, Ultrasonic sensors, and
Experimental measurements

data
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istics prediction of the final cheeses relies on both complex
data acquisition techniques, such as HS-SPME followed by
GC-ToF-MS for VOCs analysis, and simpler image-based
approaches. The applicability of these techniques should be
evaluated, as more accessible alternatives could be more
viable. However, the ML models employed in these studies
are generally not highly complex or optimized, highlighting
an opportunity for further advancements. In this regard, Elan-
govan et al. [36] used more advanced ML methods to assess
the quality and freshness of meat. The authors employed
ConvNet-18 and ConvNet-24 CNN architectures entirely
trained on the MEAT2C and MEAT3C image databases,
achieving satisfactory results. In addition, systematic dimen-
sionality reduction of the data is not necessary, and it would
be interesting to analyze the performance of advanced DL
models since they can handle high-dimensional data [71]
such as novel approaches based on transformer architectures
[110]. In any case, for dimensionality reduction, it is possible
to explore advanced non-linear alternatives to the recurrent
use of PCA, such as the one proposed by Nareklishvili and
Geitle [93].

Regarding minerals, for the prediction of 17 macro, trace,
and environmental minerals in bovine milk, Bisutti et al.
[17] used FT-IR and trained various ML prediction mod-
els. Their significant contribution was the improvement in
performance achieved by combining predictions through a
stacking ensemble model.

On the other hand, multimodal models that combine data
from different sources to perform a common task have also
been successfully developed using DL approaches [4]. For
example, Wu and Jia [116] proposed a multimodal approach
from a literature review of fermented dairy products, com-
bining different omic layers (lipids, peptides, and proteins)
using MLP and self-attention mechanisms.

Digital images were also used by Badaré et al. [10] to pre-
dict cheese meltability, aiming to automate and standardize
the measurement of this property. Their results outperformed
traditional analytical methods, such as the Schreiber test.
However, the study relied on outdated computer vision tech-
niques, suggesting that future research should explore more
advanced methods for improved results. Similarly, Vega-
Chinchay et al. [111] studied the bactericidal activity of
Lactobacillus acidophilus using outdated computer vision
techniques, highlighting the need for more advanced image
analysis methods

Pathogen detection in cheese has been studied for many
years to identify sources of contamination and propose con-
trol measures as it poses arisk to food safety [67]. The articles
analyzed have focused on the identification of pathogens
using non-invasive methods such as VOCs analysis and HSI.
There are other numerous studies on the subject, but the use
of ML is not widespread, and the number of works that

integrate these techniques is limited. For instance, Torres-
Vitela et al. [109] investigated the incidence of Salmonella,
Escherichia coli, and Listeria in 200 samples of Panela and
Adobera cheese. Using microbiological detection methods
and statistical techniques like ANOVA, they determined the
presence of at least one pathogen in 46% of the samples.

It is also common to use Polymerase Chain Reaction
(PCR) to detect pathogens in cheese. Yoon et al. [120]
reviewed several examples where this technique is used to
detect contaminating pathogens in cheeses made from raw
milk. Cremonesi etal. [27] used Droplet Digital PCR together
with statistical methods to detect contaminating pathogens in
fresh cheeses. However, there are no studies in the literature
that explore the use of techniques like PCR with ML algo-
rithms in cheese products. Nevertheless, research such as that
of Yang et al. [119] explored improving the Droplet Digital
PCR technique with DL algorithms so it can be applied.

On the other hand, in fields like medicine, various studies
have shown that PCR detection methods can be improved
with ML models to achieve superior performance [72] or
even to create ML prediction models that can replace the
need for PCR testing [12]. Therefore, these approaches and
others that appear in the literature can be applied to cheese
production.

Fraud in cheese production can occur in different ways,
leading to a wide range of research using ML techniques and
diverse approaches. Among these, imaging techniques stand
out as non-invasive, cost-effective, and have demonstrated
good performance. However, studies could use more sophis-
ticated and powerful methods to improve results. In this
regard, Barreto et al. [11] used HSI to train a PLS-R model
instead of more advanced models. For example, Anedda et al.
[7] employed transfer learning from pre-trained CNN archi-
tectures using MRI and RGB images, similar to Loddo et
al. [78] and Loddo et al. [77] in the coagulation phase and
Loddo etal. [76] and Zedda et al. [121] in the ripening phase.
Transfer learning from pre-trained CNN architectures is also
applicable to HSI [56]. For instance, it has also been success-
fully used by Yang et al. [118] to detect starch adulteration
in minced chicken meat. The authors used HSI together with
the GoogleNet architecture pre-trained on ImageNet, which
outperformed other CNNs and SVM models.

Fan et al. [40] proposed a novel approach using NIR cam-
eras for real-time inspection of apples to identify anomalies.
The authors trained and optimize a YOLOv4 architecture
[19], achieving promising results. Notably, as of the date of
this publication, the latest version of the YOLO architecture
family is YOLOv11 [65], released in September 2024, sug-
gesting potential for further improvements.

Furthermore, advanced algorithms can also be used to
process NMR relaxometry data. In the literature, we found
research lacking any ML approach, such as Matkowska-
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Kowalczyk et al. [83] where they applied NMR relaxometry
technique to evaluate the authenticity of different cheese
varieties, relying on statistical methods like ANOVA. As an
alternative, Date et al. [30] proposed a novel approach based
on SVM with bootstrap using fish samples that allowed an
optimized analysis of T2 relaxation curves. From the signal
processing point of view, DL models such as CNN or LSTM
have been used to process NMR data, predict parameters, or
verify structures [26]. Finally, Deng et al. [33] provided a
literature review on the use of ML and DL methods to verify
authenticity and detect adulterations in food more broadly.
Therefore, many of these approaches applied to the food
industry could also be utilized in cheese production. How-
ever, in any case, it is crucial to analyze and discuss the
necessity and feasibility of complex data acquisition meth-
ods such as NMR or MRI, considering the availability of
efficient and simple alternatives or, conversely, the signifi-
cant benefits and improvement offered by the use of these
methods.

ML algorithms are not inherently tied to a specific cat-
egory of the final product phase. What truly matters is the
availability and quality of data, as well as the nature of the
modeling task, which can be similar across different domains.
Therefore, advanced techniques can potentially be applied to
solve these problems using various data sources, including
those from previous research, provided that the structure of
the problem and the relevant variables are sufficiently com-
parable.

Others

There have also been studies that do not focus on a single
stage of the process but rather analyze multiple stages. For
example, in the study by Jox et al. [63], parameters were col-
lected from the fermentation, coagulation, and whey removal
stages during the production of fresh cheese. If the data were
in the form of a time series, simple statistical summaries were
extracted and combined with the rest of the specific measure-
ments. The main objective was to train a classification model
to predict whether a production batch would have issues with
whey turbidity and require additional cleaning. The eXtreme
Gradient Boosting (XGBoost) and MLP models achieved
the best results. In a different approach, Perrignon et al.
[98] collected information using sensors and experimental
measurements during the production of Emmental cheese.
Data were obtained from the milk collection phase to brine,
including standardization, coagulation, and whey removal.
The objective was to predict the dry matter content at the
brine stage based on these parameters. It is an approximation
to combining variables from different stages of production.
The best result was achieved with a RF model and, in addi-
tion, the importance of the variables and the SHAP values
were analyzed.

@ Springer

Other types of research have not focused on a specific
production stage but rather carry out a more theoretical devel-
opment. For example, Munch et al. [92] proposed a method
for learning a Probabilistic Relational Model. This approach
represented the structural relationship in the data information
(classes and attributes) to create a probabilistic model. Their
objective was to extend a basic model by incorporating tem-
poral information, thereby identifying causal relationships
between key control variables of the process. The authors
used data from the project funded by the European Union
TrueFood and define temperature, type of milk, and starters
as control parameters. They also used the measured attributes
of hardening time, clotting time, and concentrations of var-
ious acids and sensory evaluations of texture and flavor. On
the other hand, Yakoubi [117] explored the creation of plant-
based cheese, a field of study that was generating increasing
interest. In this regard, optimizing protein-ligand interactions
was key to obtaining good sensory attributes. Based on fea-
tures of free binding energies of protein-ligand complexes,
classifiers were trained to predict docked free energy bind-
ing of protein-ligand complexes, and SVM stood out for its
results.

Discussion

The review has analyzed different ML approaches and their
applicability in cheese-making. By distributing the research
into specific stages of the production process, it has been
observed that the final product assessment, when the cheese
is finished, is the stage that concentrates a greater number
of works. Specifically, this is due to the interest in detect-
ing fraud and adulteration in cheeses since this is a problem
that is increasing [2]. Moreover, at this stage, a large number
of studies are also focused on evaluating the properties and
quality of the cheese. Quality control should be carried out
throughout the entire production process, but as has already
been observed, the complexity of the process implies that
research related to product quality is conducted once the
cheese is made.

Other stages, such as coagulation or fermentation, present
their own complexities and difficulties in creating datasets,
which makes scientific progress in these stages more difficult
and the development of solutions with ML. In general, cheese
production and also the dairy industry has a problem with
the scarcity of data, which is a major barrier to scientific and
technological development in the sector [77].

Beyond the challenge of data scarcity, the real-world
applicability of the developed models represents an addi-
tional barrier. A method may be successfully validated in
research settings, but if its implementation requires com-
plex procedures, its industrial applicability may be severely
limited. Many studies focus on laboratory-scale experimen-
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tal designs and do not integrate strategies compatible with
Process Analytical Technology (PAT), which emphasizes
real-time process monitoring and control. Developing ML
models that align with PAT principles could lead to signifi-
cant scientific impact.

In this regard, ML models have proven effective, and the
results have been promising, emphasizing the need to con-
tinue exploring these methods. The incorporation of ML
techniques and methods represents an opportunity for the
development of future work, but it also implies complying
with the requirements and methodologies exhaustively, as has
been discussed in depth in Section “Fundamental Machine
Learning Concepts”. Although this review has focused pri-
marily on presenting the studies rather than assessing their
validity, we have observed that methodological rigor varies
across works. In addition, differences in research approaches
and data acquisition methods make direct comparisons diffi-
cult. It is essential to adopt a robust methodological approach
to data management to ensure valid and generalizable results
in future research.

To overcome these limitations, collaboration between
research groups is essential. On the one hand, data and exper-
iments must be shared whenever possible, allowing the rest
of the scientific community to validate the results and pro-
pose improvements. On the other hand, food science is a
multidisciplinary field that encompasses, among others, biol-
ogy, chemistry, physics, engineering, nutrition, and now also
areas such as artificial intelligence. This diversity means that
researchers cannot have the necessary knowledge in all areas,
which leads to a decline in methodological quality. There-
fore, it is necessary to create research teams with experts in
different areas.

Industries seek more efficient and data-driven approaches,
generating growing interest in the integration of computa-
tional tools in food production. The term Computer-Aided
Food Engineering (CAFE) has recently been introduced,
which is defined as “the use of computer software for anal-
ysis in the design and control of food products, processes,
packaging or equipment, from the molecular scale to that of
an entire food plant” [31]. The authors highlight the need to
implement data-driven models and advanced ML techniques
to optimize production processes in the food industry. In this
context, cheese production should also join the sector’s trend
towards digitalization and benefit from innovations by imple-
menting these approaches.

In summary, Fig. 8 shows a general overview of the ML
techniques used that have obtained the best result for each of
the investigations. To improve visualization, algorithms that
appear in only one or two studies are grouped together. For
example, in the Others-DL category, DL algorithms such as
LSTM, NARNN, and FCDDN are grouped together. In the

M RF
CNN

Hsvm
Others-DL

Others-ML MLP

B Others-Classical

8
Fig.8 Algorithms distribution

Others-ML category, various ML algorithms, such as NB,
decision tree variants, and boosting algorithms are grouped
together. Meanwhile, in the Others-Classical category, we
have the traditional approaches LDA, QDA, PLS-R, and LR
grouped together. Overall, we observe a trend toward intro-
ducing more advanced techniques that outperform classical
statistical methods.

However, the presence of classical ML algorithms remains
highly significant. Additionally, MLP models from the
majority of studies should be included in this group, as they
are very small and simple architectures with a single hidden
layer. In this case, we see that the RF algorithm stands out,
which is a method that has traditionally given good results
but has been surpassed more recently by the advance of DL.
Regarding this, throughout the review, it has been observed
that pre-trained CNN architectures have been more effec-
tive than other techniques for extracting features from data,
specifically in images. However, the limitation to obtaining
large sets of quality data prevents them from being developed
properly and from being able to exploit their full potential.
Therefore, this can also be seen as an opportunity for the sector.

Future lines of research exploring the potential uses of
advanced ML and DL algorithms must be considered as
a challenge within this field at an early stage, taking into
account the general workflow and the importance of data. In
this way, research can focus efforts on obtaining quality data
and creating datasets that will lead to robust research with
generalizable results that can be applied to the development
processes of real industry.
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Conclusions AMOPLS ANOVA Multiblock Orthogonal Partial Least
Squares
The context of Industry 4.0 presents an opportunity for sec-  ANN Artificial Neural Network
tors that have not yet widely implemented digitalizationinto ~ CNN Convolutional Neural Network
their processes. In this context, the food industry isina phase =~ CPMG Carr-Purcell-Meiboom-Gill
of integrating advanced methods. This review examines the ~ CRISP-DM Cross-Industry Standard Process for Data
use of ML techniques in cheese production, as it is a sector Mining
that particularly relies on traditional methods. Furthermore, = DL Deep Learning
the number of studies exploring the use of ML for cheese = DNA deoxyribonucleic acid
production has been limited. EFS Entropy-Based Feature Selection
For this reason, the article provides an introduction to the ELM Extreme Learning Machine
general concepts of ML so that researchers without knowl- ~ FCDDN Fully Convolutional Data Description Net-
edge in the field can assimilate basic concepts and have access work
to key references to expand their knowledge. The application ~ F7-IR Fourier Transform Infrared
of ML in cheese production has the potential to improve tra-  FVCA Free Volatile Carboxylic Acid
ditional analysis techniques. However, a transformation is ~ GANs Generative Adversarial Networks
required in the industry, which involves raising awareness of ~ GC-ToF-MS  Gas Chromatography Time-of-Flight Mass
the importance of data as a key factor in developing qual- Spectrometry
ity models. In this regard, it is essential that data collection = GPR Gaussian Process Regression
processes be thorough and conducted with the utmost rigor. HCA Hierarchical Cluster Analysis
When applied appropriately, ML methods offer the poten- ~ HS-SPME HeadSpace Solid-Phase MicroExtraction
tial to make a qualitative leap in industry and production  HSI Hyperspectral Imaging
processes, enhancing decision-making and optimizing oper-  ICP-MS Inductively Coupled Plasma Mass Spec-
ations. In addition, research also highlights the potential trometry
of using these models to gain a deeper understanding of  ICP-OES Inductively Coupled Plasma Optical Emis-
processes by applying explainability techniques, allowing sion Spectrometry
researchers to identify the most relevant specific factors for ~ IF Isolation Forest
their studies. Consequently, ML can be used in many ways ~ KNN K-Nearest Neighbors
to analyze compositional, processing, and quality data to  LDA Linear Discriminant Analysis
enhance cheese manufacturing and final product control. LR Logistic Regression
In terms of research focus, most studies have focused on ~ LSTM Long Short-Term Memory
the final product assessment stage when the cheese is already ~ MCR-ALS Multivariate Curve Resolution with Alter-
made. This phase is relevant from the perspective of adulter- nating Least-Squares
ation and fraud, as it allows for the detection of fraudulent MIR Mid-Infrared
practices in the industry. These practices, besides deceiv- ~ ML Machine Learning
ing consumers, represent an unfair advantage over producers ~ MLP Multi Layer Perceptron
who follow proper processes. Therefore, it is precisely these ~ MRI Magnetic Resonance Imaging
producers who should be most interested in promoting ML ~ MSE Mean Squared Error
models to help mitigate such unfair actions. NARNN Nonlinear Autoregressive Neural Network
Finally, the remaining stages of production present acon-  NB Naive Bayes
siderable challenge for researchers due to the complexity of ~ NIR Near-Infrared
the process and the difficulty of obtaining data. In thisregard, = NMR Nuclear Magnetic Resonance
the measurement of relevant variables and continuous mon-  OPLS-DA Orthogonal Partial Least Squares Discrimi-
itoring is complicated. To address these difficulties, studies nant Analysis
show that the use of advanced computer vision techniques oTU Operational Taxonomic Unit
using digital images is a promising option and achieves sat-  PAGE PolyAcrylamide Gel Electrophoresis
isfactory results. Research has also been conducted using  PAT Process Analytical Technology
techniques such as HSI, MRI, NMR, or spectroscopy as a  PCA Principal Component Analysis
data source, but their implementation in industry presents  PCR Polymerase Chain Reaction
greater difficulties. PCRe Principal Component Regression
PDO Protected Designation of Origin
Glossary of Acronyms PLS-DA Partial Least Squares Discriminant Analysis
Al Artificial Intelligence PLS-R Partial Least Squares Regression
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ODA Quadratic Discriminant Analysis
[N Queso de la Serena

RATA Rate-All-That-Apply

RF Random Forest

RMSE Root Mean Squared Error

ROC Receiver Operating Characteristic
SHAP SHapley Additive exPlanations
SOM Self-Organizing Maps

SPA Successive Projection Algorithm

SPME-GC-MS Solid Phase MicroExtraction, Gas Chro-
matography and Mass Spectrometry

SSIM Structural Similarity Index Measure

SVM Support Vector Machines

SWCNT Single Walled Carbon NanoTube

TC Torta del Casar

UHPLC Ultra-High-Pressure Liquid Chromatogra-
phy

vIC Variable Identification Coefficients

vocC Volatile Compound

XGBoost eXtreme Gradient Boosting
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